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Memory and storage systems are a fundamental system
performance, energy, and reliability bottleneck in modern
systems [1, 2, 3, 34, 35, 36]. This bottleneck is becoming increasingly severe due to (1) the very limited latency reductions
in memory and storage devices over the last several years;
(2) aggressive manufacturing process technology scaling and
other techniques to improve memory density, such as multilevel cell technology, which increase the storage capacity of
these devices, but introduce more raw bit errors and increase
manufacturing process variation; (3) limited pin counts in
chip packages, which prevent system designers from adding
more and/or wider buses to increase bandwidth; (4) overwhelmingly data-intensive applications, which require highbandwidth access to very large amounts of data; and (5) the
increasing fraction of overall system energy consumed by memory systems and data movement. To make matters worse,
it is becoming increasingly difficult to continue scaling these
devices to smaller process technology nodes, and even though
alternative emerging memory and storage technologies can
potentially alleviate some of the shortcomings of existing
memory and storage technologies, they also introduce new
shortcomings that were previously absent. Therefore, there is
a pressing need to comprehensively understand and mitigate
these bottlenecks in both existing and emerging memory and
storage systems and technologies.
This issue features extended summaries and retrospectives of some of the recent research done by our group, SAFARI [41, 43], on (1) understanding, characterizing, and modeling various critical properties of modern DRAM and
NAND flash memory, the dominant memory and storage
technologies, respectively; and (2) several new mechanisms
we have proposed based on our observations from these analyses, characterization, and modeling, to tackle various key
challenges in memory and storage scaling. In order to understand the sources of various bottlenecks of the dominant
memory and storage technologies, these works perform rigorous studies of device-level and application-level behavior,
using a combination of detailed simulation and experimental
characterization of real memory and storage devices.
The works that perform real device characterization make
use of custom FPGA-based platforms that we build to provide us with fine-grained control over the devices. We devise specific tests that perform a controlled measurement of
each phenomenon that we aim to explore. Our experimental
characterizations have often discovered many unexpected
types of behavior in real state-of-the-art devices, and have
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inspired the research community to pursue further investigations (e.g., on the RowHammer phenomenon [21, 34], DRAM
retention behavior [20, 30, 39], NAND flash memory error
patterns [1, 2, 3, 5, 6, 7, 8, 9, 11]). In order to aid future research,
we have released much of our experimental characterization
data online [43, 45], and have open-sourced our DRAM characterization platform, SoftMC [19, 44].
The works that perform application and architectural analyses rely on real system characterizations and simulation
to develop a rigorous understanding of the bottlenecks and
to provide solutions. Our analyses have shown key scaling
bottlenecks, proposed new solutions, and have inspired the research community to develop further investigations (e.g., on
DRAM refresh [12, 30, 31], DRAM latency reduction [28, 29],
the RowHammer phenomenon [21, 34], and in-memory data
movement and computation [16, 47, 49, 50]). In order to aid
future research, we have released our flexible and extensible memory system simulator, Ramulator, as open-source
software [22, 42].
In each work that is featured in this issue, based on our
observations and analyses from our experimental studies of
real systems and applications as well as future trends and
problems, we propose novel solutions that overcome many
of the scaling bottlenecks that memory and storage systems
face. For each of the works presented in this special issue,
its corresponding article examines the work’s significance
in the context of modern computer systems, and discusses
several new research questions and directions that each work
motivates.
We start with five of our works that explore new opportunities in DRAM systems to reduce latency and/or energy consumption. As we mentioned earlier, the latency and energy
consumption of DRAM have not reduced significantly in the
last several years. We find that by introducing heterogeneity
into DRAM architectures, or by taking advantage of the existing variation within and across DRAM modules, we can
develop new mechanisms that improve DRAM access latency
and/or energy efficiency.
The first paper in the issue describes Tiered-Latency DRAM
(TL-DRAM), which originally appeared in HPCA 2013 [29].
This work (1) proposes a new DRAM architecture that can
provide us with the performance benefits of costly reducedlatency DRAM products in a cost-effective manner, by isolating a small portion of a DRAM array so that it can behave as
a low-latency DRAM buffer; and (2) exploits the low-latency
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in-DRAM buffer using various hardware or software mechanisms to improve overall system performance.
The second paper in the issue describes Adaptive-Latency
DRAM (AL-DRAM), which originally appeared in HPCA
2015 [28]. This work experimentally characterizes (1) the
large latency variation across DRAM modules and (2) the
large timing margins designed to account for worst-case variation and operating conditions. Based on the findings from
the characterization, the work proposes a new mechanism
that can identify and safely reduce the timing margin to speed
up DRAM accesses, and thus improve overall system performance and energy consumption.
The third paper in the issue describes Flexible-Latency
DRAM (FLY-DRAM), which originally appeared in SIGMETRICS 2016 [15]. This work experimentally characterizes
the latency variation that exists within each DRAM module,
showing that there are regions of fast cells and regions of
slow cells that exist in real DRAM modules. Based on these
findings, the work proposes a new mechanism that identifies regions of fast cells and reduces the latency of DRAM
operations to these regions.
The fourth paper in the issue describes Voltron, which
originally appeared in SIGMETRICS 2017 [13]. This work
experimentally characterizes the relationship between DRAM
latency, reliability, and supply voltage, showing that these
three can be traded off intelligently for various purposes. The
work proposes a new mechanism that uses this relationship
to dynamically reduce DRAM energy consumption within a
bounded performance loss target.
The fifth paper in the issue describes SoftMC, which originally appeared in HPCA 2017 [19]. This work describes
our open-source DRAM characterization infrastructure, and
demonstrates its versatility for use in a wide range of DRAM
research topics. SoftMC is a result of 6+ years of effort, which
led to at least 11 works at top conferences, and we hope it
will enable other researchers to explore the detailed behavior
of existing and emerging memory architectures and develop
new mechanisms and memory architectures.
Next, we look at a couple of our works that reduce data
movement between the CPU and DRAM, as this movement
consumes (1) a large fraction of DRAM energy and (2) much
of the limited available DRAM bandwidth. We find that a
large portion of DRAM bandwidth is consumed by the movement of data between DRAM and the CPU to perform
simple operations such as data copy and initialization. We
can instead take advantage of the underlying DRAM architecture to efficiently perform these simple operations directly
within DRAM, eliminating the need to move the data to/from
the CPU.
The sixth paper in the issue describes RowClone, which
originally appeared in MICRO 2013 [50]. Many applications
perform data copy and initialization operations, requiring
only simple computation, but these operations require expensive data movement between the CPU and DRAM. This work

proposes a new DRAM architecture that can internally perform bulk data copy and initialization operations at very low
hardware cost, avoiding the costly data movement, and shows
that doing so provides 1–2 orders of magnitude speedup and
energy reduction for such operations.
The seventh paper in the issue describes low-cost interlinked subarrays (LISA), which originally appeared in HPCA
2016 [16]. This work (1) builds a general substrate that facilitates the bulk movement of data between two different rows
in memory by improving the interconnectivity of DRAM
arrays, and (2) demonstrates that LISA can be used to efficiently implement a number of mechanisms, such as bulk
data copy/initialization, latency reduction, and fast in-DRAM
caching. Each of these mechanisms provides significant performance and energy improvements.
Finally, we investigate the reliability of NAND flash memory. As NAND flash memory based solid-state drives (SSDs)
are now widely-used in a large variety of modern systems
(e.g., data centers [33,38,46], smartphones), there is continued
demand to increase the density of SSDs while lowering the
cost per bit. While manufacturers have employed several
methods (e.g., aggressive manufacturing process technology
scaling and multi-level cell technology), these methods have
exacerbated a number of sources of raw bit errors. Due to
limitations to the number of errors that can be corrected by
error-correcting codes (ECC), SSDs have a limited lifetime,
after which manufacturers cannot reliably retain data for a
minimum guaranteed time without data loss [1, 2, 3]. Over
the last decade, as a result of aggressive density scaling, the
typical lifetime of an SSD has dropped by 1–2 orders of magnitude, and the various sources of raw bit errors now pose a
key scaling challenge for storage [1,2,3]. As a sampling of our
7+ years of research into NAND flash memory reliability, we
feature three papers that design mechanisms to significantly
mitigate reliability issues and extend the limited lifetime of
NAND flash memory based devices.
The eighth paper in the issue describes a new data retention
study in NAND flash memory, which originally appeared in
HPCA 2015 [7]. This work experimentally characterizes the
susceptibility of state-of-the-art NAND flash memory to data
retention errors using our FPGA-based flash memory testing
infrastructure [1, 2, 3, 5], and proposes (1) a new mechanism
that mitigates the impact of retention errors at runtime, which
increases the lifetime of the SSD; and (2) a new mechanism
that exploits retention behavior to recover data in the event
of data loss, thereby improving SSD robustness.
The ninth paper in the issue describes a new read disturb
study in NAND flash memory, which originally appeared in
DSN 2015 [6]. This work experimentally characterizes read
disturb errors in NAND flash memory, where a read operation
introduces errors in unread parts of the memory. Based on
the characterization, the work proposes (1) a new mechanism
that mitigates read disturb errors, thereby improving the SSD
lifetime; and (2) a new mechanism that exploits read disturb
2
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behavior to recover data in the event of data loss, thereby
improving SSD robustness.
The last paper in the issue describes a new study on twostep programming in NAND flash memory, which originally
appeared in HPCA 2017 [4]. This work demonstrates that the
programming algorithm used in many state-of-the-art NAND
flash memory devices can introduce previously-unknown
data vulnerabilities, which can be exploited by malicious applications to perform security attacks. The work proposes
three mechanisms to eliminate or mitigate these vulnerabilities, thereby improving both reliability and security.
Throughout all of these works, we find that by understanding and taking advantage of the behavior and architecture
of memory and storage devices and appropriately modifying
them at low cost and low overhead, we can successfully mitigate many of the scalability challenges in memory and storage
devices. Even though the works presented are described in
the context of DRAM and NAND flash memory, the two dominant memory and storage technologies of today, we believe
many of the basic ideas and concepts can be applied or adapted to emerging memory technologies [32], e.g., phase-change
memory [24, 25, 26, 40, 53, 54, 55], STT-MRAM [18, 23, 37], and
memristors/RRAM [17, 51, 52]. We hope that the works featured in this special issue inspire readers to explore the presented challenges, and to develop new solutions that can enable
high-performance, low-energy, low-latency, high-reliability
memory and storage systems, and thus the computing systems, of the future.

• Vivek Seshadri’s thesis entitled “Simple DRAM and Virtual Memory Abstractions to Enable Highly Efficient Memory Subsystems” [48], and
• Kevin Chang’s thesis entitled “Understanding and Improving the Latency of DRAM-Based Memory Systems” [14].
We also acknowledge various funding agencies (the National Science Foundation, the Semiconductor Research Corporation, the Intel Science and Technology Center on Cloud
Computing, CyLab, the CMU Data Storage Systems Center,
and the NIH) and industrial partners (AMD, Facebook, Google, HP Labs, Huawei, IBM, Intel, Microsoft, NVIDIA, Oracle,
Qualcomm, Rambus, Samsung, Seagate, VMware), and ETH
Zürich, who have supported the featured works in this issue
and other related work in our research group generously over
the years.
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tRC timing constraints)1 decreased by only 30.5% and 26.3% [6,
47], respectively, as shown in Figure 1. From the perspective
of the processor, an access to DRAM takes hundreds of cycles
– time during which the processor may be stalled, waiting for
DRAM [3, 34, 48, 92, 93, 96]. This wasted time due to stalling
on DRAM leads to large performance degradation.
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This paper summarizes the idea of Tiered-Latency DRAM
(TL-DRAM), which was published in HPCA 2013 [73], and examines the work’s significance and future potential. The capacity
and cost-per-bit of DRAM have historically scaled to satisfy
the needs of increasingly large and complex computer systems.
However, DRAM latency has remained almost constant, making memory latency the performance bottleneck in today’s
systems. We observe that the high access latency is not intrinsic
to DRAM, but a trade-off is made to decrease the cost per bit. To
mitigate the high area overhead of DRAM sensing structures,
commodity DRAMs connect many DRAM cells to each sense
amplifier through a wire called a bitline. These bitlines have
a high parasitic capacitance due to their long length, and this
bitline capacitance is the dominant source of DRAM latency.
Specialized low-latency DRAMs use shorter bitlines with fewer cells, but have a higher cost-per-bit due to greater sense
amplifier area overhead.
To achieve both low latency and low cost per bit, we introduce Tiered-Latency DRAM (TL-DRAM). In TL-DRAM, each
long bitline is split into two shorter segments by an isolation
transistor, allowing one of the two segments to be accessed with
the latency of a short-bitline DRAM without incurring a high
cost per bit. We propose mechanisms that use the low-latency
segment as a hardware-managed or software-managed cache.
Our evaluations show that our proposed mechanisms improve
both performance and energy efficiency for both single-core and
multiprogrammed workloads.
Tiered-Latency DRAM has inspired several other works on
reducing DRAM latency with little to no architectural modification [20, 21, 22, 24, 37, 38, 68, 72, 116, 117, 118].

0

2011
2011

Figure 1: Change in DRAM capacity and latency over time [6,
47, 100, 111]. Reproduced from [73].

2. Key Observations and Our Goal
Bitline: Dominant Source of Latency. In DRAM, each
bit is represented as electrical charge in a capacitor-based
cell. The small size of this capacitor necessitates the use of an
auxiliary structure, called a sense amplifier, to (1) detect the
small amount of charge held by the cell and (2) amplify it to
a full digital logic value. A sense amplifier is approximately
one hundred times larger than a cell [107]. To amortize their
large size, each sense amplifier is connected to many DRAM
cells through a wire called a bitline.2
Every bitline has an associated parasitic capacitance, whose
value is proportional to the length of the bitline. Unfortunately, the parasitic capacitance slows down DRAM operation
for two reasons. First, it increases the latency of the sense amplifiers. When the parasitic capacitance is large, a cell cannot
quickly create a voltage perturbation on the bitline that can be
easily detected by the sense amplifier. Second, the capacitance
increases the latency of charging and precharging the bitlines.
Although the cell and the bitline must be restored to their

1. Problem: High DRAM Latency
Primarily due to its low cost per bit, DRAM has long been
the substrate of choice for architecting main memory subsystems. In fact, DRAM’s cost per bit has been decreasing at a
rapid rate as DRAM process technology scales to integrate
ever more DRAM cells into the same die area. As a result,
each successive generation of DRAM has enabled increasingly
larger-capacity main memory subsystems at low cost.
In stark contrast to the continued scaling of cost per bit, the
latency of DRAM has remained almost constant. During the
same 11-year interval in which DRAM’s cost per bit decreased
by a factor of 16, DRAM latency (as measured by the tRCD and

1 The overall DRAM latency can be decomposed into individual DRAM
timing constraints. Two of the most important timing constraints are tRCD
(row-to-column delay) and tRC (row-cycle time).
2 We refer the reader to our prior works for a detailed background on
DRAM architecture and operation [21, 22, 23, 24, 37, 38, 54, 56, 57, 58, 59, 60, 68,
69, 71, 72, 73, 75, 76, 99, 103, 116, 117].
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quiescent voltages during and after an access to a cell, such a
procedure takes much longer when the parasitic capacitance
of the bitline is large. Due to these two reasons, and based on
a detailed latency breakdown discussed in Section 3.1 of our
HPCA 2013 paper [73], we conclude that long bitlines are the
dominant source of DRAM latency [44, 72, 73, 90, 91, 122].

The goal of our HPCA 2013 paper [73] is to design a new
DRAM architecture to approximate the best of both worlds
(i.e., low latency and low cost), based on our key observation
that long bitlines are the dominant source of DRAM latency.

3. Tiered-Latency DRAM

bitline
(long)

(a) Organization

sense-amps

sense-amps

bitline

cells

cells

Figure 2: DRAM latency and cost optimization, and our proposal (TL-DRAM). Reproduced from [73].

Cheaper Normalized Die-Size

Figure 3 shows the trade-off between DRAM latency and
die size by plotting the latency (tRCD and tRC ) and the die size
for different values of cells per bitline. Existing DRAM architectures are either (1) optimized for die size (e.g., commodity
DDR3 [86, 111]) and are thus low cost but high latency; or
(2) optimized for latency (e.g., RLDRAM [85], FCRAM [112])
and are thus low latency but (very) high cost.
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The primary role of the isolation transistor is to electrically decouple the two segments from each other. This changes the effective bitline length (and also the effective bitline
capacitance) as seen by the cell and sense amplifier. Correspondingly, the latency to access a cell also changes, albeit
differently depending on whether the cell is in the near or
the far segment.
When accessing a cell in the near segment, the isolation
transistor is turned off, disconnecting the far segment (Figure 4b). Since the cell and the sense amplifier see only the
reduced bitline capacitance of the shortened near segment,
they can drive the bitline voltage more easily. As a result, the
bitline voltage is restored more quickly, and, thus, the latency
(tRC ) for the near segment is significantly reduced. On the
other hand, when accessing a cell in the far segment, the
isolation transistor is turned on to connect the entire length
of the bitline to the sense amplifier. In this case, the isolation
transistor acts like a resistor inserted between the two segments (Figure 4c) and limits how quickly charge flows to the
far segment. Because the far segment capacitance is charged
more slowly, it takes longer for the far segment voltage to be
restored, and, thus, the latency (tRC ) is increased for cells in
the far segment.
Sensitivity to Segment Length. The lengths of the two
segments are determined by where the isolation transistor
is placed on the bitline. Assuming that the number of cells
per bitline is fixed at 512 cells, the near segment length can
range from as short as a single cell to as long as 511 cells.
We perform circuit-level simulations to determine how the
latency of each segment based on the number of cell in the

sense-amps

(a) Latency-optimized (b) Cost-optimized archi- (c) Our proposed archiarchitecture
tecture
tecture
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(b) Near segment

Isolation
TR. (on)

Figure 4: TL-DRAM: accessing the near segment and the far
segment. Adapted from [73].
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Latency vs. Cost Trade-Off. The bitline length is a key
design parameter that exposes the important trade-off between latency and die size (cost). Short bitlines (i.e., a bitline
connected to only a few cells) constitute a small electrical load
(parasitic capacitance), which leads to low latency. However,
they require more sense amplifiers for a given DRAM capacity (Figure 2a), which leads to a large die size. In contrast,
long bitlines have high latency and a small die size (Figure 2b).
As a result, neither of these two approaches can optimize for
both latency and cost per bit.

CCELL

To achieve the latency advantage of short bitlines and the
cost advantage of long bitlines, we propose the Tiered-Latency
DRAM (TL-DRAM) architecture, which is shown in Figures 2c
and 4a. The key idea of TL-DRAM is to divide the long bitline
into two shorter segments using an isolation transistor: the
near segment (connected directly to the sense amplifier) and
the far segment (connected through the isolation transistor).

50
60
Latency (ns)

Figure 3: Bitline length: latency vs. die size. Reproduced
from [73].
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Figure 6: Activation: bitline voltage. Reproduced
from [73].

Figure 7: Precharging. Reproduced from [73].

segment. Figures 5a and 5b plot the latencies of the near and
far segments as a function of their length, respectively. For
reference, the rightmost bars in each figure are the latencies of
an unsegmented long bitline whose length is 512 cells. From
these figures, we draw three conclusions. First, the shorter
the near segment, the lower its latencies (tRCD and tRC ). This
is expected since a shorter near segment has a lower effective
bitline capacitance, allowing it to be driven to target voltages
more quickly. Second, the longer the far segment, the lower
the far segment’s tRCD . Recall from our previous discussion
that the far segment’s tRCD depends on how quickly the near
segment (not the far segment) can be driven. A longer far
segment implies a shorter near segment (lower capacitance),
which is why tRCD decreases for the far segment. Third, the
shorter the far segment, the smaller its tRC . The far segment’s
tRC is determined by how quickly it reaches the full voltage
(VDD or 0). Regardless of the length of the far segment or the
near segment, the current that trickles into it through the
isolation transistor does not change significantly. Therefore,
a shorter far segment (lower capacitance) reaches the full
voltage more quickly.

First, during an access to a cell in the near segment (Figure 6a), the far segment is disconnected and is floating
(hence its voltage is not shown). The bitline starts at 1/2
VDD . Due to the reduced bitline capacitance of the near segment, its voltage increases almost as quickly as the voltage
of a short bitline (the two curves are overlapped) during sensing & amplification. Since the near segment voltage reaches
0.75VDD and VDD (the threshold and restored states, respectively) quickly, its tRCD and tRAS , respectively, are significantly
reduced compared to a long bitline. Second, during an access
to a cell in the far segment (Figure 6b), we can indeed verify
that the voltages of the near and the far segments increase at
different rates due to the resistance of the isolation transistor,
as previously explained. Compared to a long bitline, while
the near segment voltage reaches 0.75VDD more quickly, the
far segment voltage reaches VDD more slowly. As a result,
tRCD for the far segment is reduced while its tRAS is increased.
While precharging the bitline after accessing a cell in the
near segment (Figure 7a), the near segment reaches 0.5VDD
quickly due to the smaller capacitance, almost as quickly as
the short bitline (the two curves are overlapped). On the other
hand, precharging the bitline after accessing a cell in the far
segment (Figure 7b) takes longer compared to the long-bitline
baseline. As a result, tRP is reduced for the near segment and
increased for the far segment.
Summary (Latency, Power, and Die-Area). Table 1
summarizes the latency, power, and die area characteristics of
TL-DRAM compared to short-bitline and long-bitline DRAMs,
estimated using circuit-level SPICE simulation [98] and power/area models from Rambus [107]. Compared to commodity DRAM (long bitlines), which incurs high latency (tRC ) for
all cells, TL-DRAM offers significantly reduced latency (tRC )
for cells in the near segment, while increasing the latency
for cells in the far segment due to the additional resistance
of the isolation transistor. In DRAM, a large fraction of the
power is consumed by the bitlines. Since the near segment

Latency Analysis (Circuit Evaluation). We model TLDRAM in detail using SPICE simulations. Simulation parameters are mostly derived from a publicly available 55nm DDR3
2Gb process technology file [107] which includes information
such as cell and bitline capacitances and resistances, physical
floorplanning, and transistor dimensions. Transistor device
characteristics were derived from [98] and scaled to agree
with [107]. Figures 6 and 7 show the bitline voltages during
activation and precharging, respectively. The x-axis origin
(time 0) in the two figures corresponds to when the subarray
receives the ACTIVATE or PRECHARGE command, respectively. In addition to the voltages of the segmented bitline (near
and far segments), the figures also show the voltages of two
unsegmented bitlines (short and long) for reference.
3
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in TL-DRAM has a lower capacitance, it also consumes less
power. On the other hand, accessing the far segment requires
toggling the isolation transistors, leading to increased power
consumption. Mainly due to additional isolation transistors,
TL-DRAM increases die area by 3% compared to commodity
DRAM. Section 4 of our HPCA 2013 paper [73] includes detailed circuit-level analyses of TL-DRAM, along with detailed
area, latency, and power estimations.
Long Bitline Segmented Bitline
(Figure 2b)
(Figure 2c)
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5. Performance and Power Evaluation
Section 8 of our HPCA 2013 paper [73] provides a detailed evaluation of all of the above approaches to leverage
TL-DRAM. Here, we present the evaluation results for only
the first approach, in which the near segment is used as a
hardware-managed cache managed under our best policy
(Benefit-Based Caching), to demonstrate the advantages of
our TL-DRAM substrate.
Methodology. To evaluate our mechanism, we use Ramulator [56, 110], an open-source DRAM simulator, which is
integrated into an in-house processor simulator. The released
version of Ramulator [110] provides a model for TL-DRAM,
which we hope future works use and build upon. A detailed
methodology can be found in Section 7 of our HPCA 2013
paper [73].
Performance & Power Analysis. Figure 8 shows the
average performance improvement and power efficiency of
our proposed mechanism over the baseline with conventional
DRAM, on 1-, 2- and 4-core systems. As described in Section 3,
the access latency and power consumption are significantly
lower for near segment accesses, but higher for far segment
accesses, compared to accesses in a conventional DRAM. We
observe that a large fraction (over 90% on average) of requests
hit in the rows cached in the near segment, thereby accessing
the near segment with low latency and low power consumption. As a result, TL-DRAM achieves significant performance
improvements of 12.8%/12.3%/11.0%, and power savings of
23.6%/26.4%/28.6% in 1-/2-/4-core systems, respectively.

Low
Higher
(23.1ns) (65.8ns)
Low
(0.51)

Higher
(1.49)

Low
(1.03)

Table 1: Latency, power, and die area comparison. Adapted
from [73].

4. Leveraging TL-DRAM

Perf. Improvement

TL-DRAM enables the design of many new memory management policies that exploit the asymmetric latency characteristics of the near and the far segments. Section 5 of our
HPCA 2013 paper [73] describes four mechanisms that take
advantage of TL-DRAM. Here, we describe two approaches
in particular.
In the first approach, the memory controller uses the near
segment as a hardware-managed cache for the far segment.
In our HPCA 2013 paper [73], we discuss three policies for
managing the near segment cache. The three policies differ
in deciding when a row in the far segment is cached into the
near segment and when the row is evicted. In addition, we
propose a new data transfer mechanism (Inter-Segment Data
Transfer) that efficiently migrates data between the segments
by taking advantage of the fact that the bitline is a bus connected to the cells in both segments. By using this technique,
the data from the source row can be transferred to the destination row over the bitlines at very low latency (additional 4ns
over tRC ).3 Furthermore, this Inter-Segment Data Transfer
happens exclusively within a DRAM bank without utilizing
the DRAM channel, allowing concurrent accesses to other
banks.
In the second approach, the near segment capacity is exposed to the OS, enabling the OS to use the full DRAM capacity.
We propose two concrete mechanisms, one where the memory controller uses an additional layer of indirection to map
frequently-accessed pages to the near segment, and another
where the OS uses static/dynamic profiling to directly map

15%
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5%
0%

1 (1-ch)

2 (2-ch)

4 (4-ch)

Core-count (# of channels)

(a) IPC improvement

Power Reduction

Short Bitline
(Figure 2a)

frequently-accessed pages to the near segment. In both approaches, the accesses to pages that are mapped to the near
segment are served faster and with lower power than in conventional DRAM, resulting in improved system performance
and energy efficiency.
We refer the reader to Section 5 of our HPCA 2013 paper [73] for a full description of use cases for TL-DRAM. Note
that a very wide variety of techniques developed for cache
management [105,115,119,120,132] can be adopted to manage
the near segment in TL-DRAM.

30%
25%
20%
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10%
5%
0%

1 (1-ch)
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Core-count (# of channels)

(b) Power consumption

Figure 8: IPC improvement and power consumption of TLDRAM. Adapted from [73].

Sensitivity to Near Segment Capacity. The number of
rows in the near segment presents a trade-off, since increasing the near segment’s size increases its capacity but also
increases its access latency. Figure 9 shows the performance
improvement of our proposed mechanisms over the base-

3A

later work, RowClone [116], takes advantage of this property to
enable bulk copy and initialization completely within DRAM.
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line as we vary the near segment size. Initially, performance
improves as the number of rows in the near segment increases, since more data can be cached. However, increasing
the number of rows in the near segment beyond 32 reduces
the performance benefit due to the increased capacitance and
hence the higher near segment access latencies.

enable better communication between CPU and other devices
through DRAM [69], leverage process variation and temperature dependency in DRAM [20, 21, 24, 70, 72], leverage designinduced variation in DRAM [68], leverage DRAM access patterns [37, 38, 123], reduce write-related latencies by better
designing DRAM and DRAM control policies [26, 66, 113],
and reduce overall queuing latencies in DRAM by better scheduling memory requests [29, 30, 31, 34, 42, 43, 49, 58, 59, 65, 87,
88, 89, 94, 95, 121, 126, 127, 133]. Our proposal is orthogonal
to all of these approaches and can be applied in conjunction
with them to achieve higher latency and energy benefits.
Inter-Segment Data Transfer. By implementing latency
heterogeneity within a DRAM subarray, TL-DRAM enables
efficient data transfer between the fast and slow segments
by utilizing the bitlines as a wide bus. This mechanism takes
advantage of the fact that both the source and destination
cells share the same bitlines. Furthermore, this inter-segment
migration happens only within a DRAM bank and does not
utilize the DRAM channel, thereby allowing concurrent accesses to other banks over the channel. This inter-segment data
transfer enables fast and efficient movement of data within
DRAM, which in turn enables efficient ways of taking advantage of latency heterogeneity.
Other works that leverage latency heterogeneity in DRAM
do not usually provide any efficient mechanism of intersegment data migration between different latency segments.
For example, Son et al. [124] propose a low-latency DRAM
architecture that has different, fast (long bitline) and slow
(short bitline) subarrays in DRAM. This approach provides
the significant benefit only if latency-critical data is already
allocated to the low-latency regions (the low latency subarrays). Therefore, the overall memory system performance
is very sensitive to the page placement policy, and the system cannot easily adopt to changes in the access latency
of pages. In contrast, our new inter-segment data transfer
mechanism enables efficient relocation of pages, leading to
efficient dynamic page placement and relocation based on
the dynamically determined latency criticality of each page.
Several more recent works [23, 114, 116, 117] take advantage
of our concept of inter-segment data transfer mechanism to
perform page copy/initialization and bulk bitwise operations
completely within a DRAM chip.

Figure 9: Effect of varying near segment capacity. Reproduced from [73].

Other Results. In our HPCA 2013 paper [73], we provide a detailed analysis of how timing parameters and power
consumption vary when varying the near segment length
(Sections 4 and 6.3 of [73], respectively). We also provide a
comprehensive evaluation of the mechanisms we build on
top of the TL-DRAM substrate for both single- and multi-core
systems (Section 8 of [73]).

6. Related Work
To our knowledge, our HPCA 2013 paper [73] is the first
to i) enable latency heterogeneity in DRAM without significantly increasing the DRAM cost per bit, and ii) propose
hardware/software mechanisms that leverage this latency
heterogeneity to improve system performance. We make the
following major contributions.
A Cost-Efficient Low-Latency DRAM. Based on the key
observation that long internal wires (bitlines) are the dominant source of DRAM latency, our HPCA 2013 paper [73]
proposes a new DRAM architecture called Tiered-Latency
DRAM (TL-DRAM). To our knowledge this is the first work
to enable low-latency DRAM without significantly increasing
the DRAM cost per bit. By adding a single isolation transistor
to each bitline, we carve out a region within a DRAM chip,
called the near segment, which is fast and energy-efficient.
This comes at a modest overhead of 3% increase in DRAM diearea. While there are two prior approaches to reduce DRAM
latency (using short bitlines [85, 112], adding an SRAM cache
in DRAM [32, 36, 39, 142]), both of these approaches significantly increase die-area due to additional sense amplifiers or
additional area for an SRAM cache, as we evaluate in our full
paper [73]. Compared to these prior approaches, TL-DRAM
is a much more cost-effective architecture for achieving low
latency.
There are many recent works that reduce overall memory
access latency by modifying DRAM, the DRAM-controller
interface, and DRAM controllers. These works enable more
parallelism and bandwidth [22, 60, 71, 116], reduce refresh
counts [50, 51, 52, 53, 75, 76, 103, 134], accelerate bulk operations [23, 114, 116, 117, 118], accelerate computation in the logic
layer of 3D-stacked DRAM [1,2,7,8,33,35,40,41,55,77,101,141],

7. Potential Long-Term Impact
Tolerating High DRAM Latency by Enabling New
Layers in the Memory Hierarchy. Today, there is a large
latency cliff between the on-chip last level cache and off-chip
DRAM, leading to a large performance fall-off when applications start missing in the last level cache. By introducing
an additional fast layer (the near segment) within the DRAM
itself, TL-DRAM smoothens this latency cliff.
Note that many recent works add a DRAM cache or
create heterogeneous main memories [25, 28, 62, 63, 74, 81,
82, 83, 102, 106, 108, 109, 138, 140] to smooth the latency
5
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cliff between the last level cache and a longer-latency nonvolatile main memory, e.g., phase-change memory [62, 63,
64, 83, 84, 104, 106, 137, 139], STT-MRAM [61, 83, 97, 135], or
RRAM/memristors [27, 125, 136], or to take advantage of the
advantages of multiple different types of memories to optimize for multiple metrics. Our approach is similar at the
high-level (i.e., to reduce the latency cliff at low cost by taking advantage of heterogeneity), yet we introduce the new
low-latency layer within DRAM itself instead of adding a completely separate device. Tiered-Latency DRAM can also be
used as a fast DRAM cache.

• Inspiring new ways of architecting latency heterogeneity
within DRAM: To our knowledge, TL-DRAM is the first
to enable latency heterogeneity within DRAM, which is
significantly modifying the existing DRAM architecture.
We believe that this could inspire research on other possible ways of architecting latency heterogeneity within
DRAM [20, 21, 24, 37, 38, 68, 70, 72] or other memory devices.
Note that recent works that are after our HPCA 2013 paper
clearly exploit this promising direction proposed by our
paper [20, 21, 24, 37, 38, 68, 70, 72, 116].
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This paper summarizes the idea of Adaptive-Latency DRAM
(AL-DRAM), which was published in HPCA 2015 [90], and
examines the work’s significance and future potential. ALDRAM is a mechanism that optimizes DRAM latency based on
the DRAM module and the operating temperature, by exploiting
the extra margin that is built into the DRAM timing parameters.
DRAM manufacturers provide a large margin for the timing
parameters as a provision against two worst-case scenarios.
First, due to process variation, some outlier DRAM chips are
much slower than others. Second, chips become slower at higher
temperatures. The timing parameter margin ensures that the
slow outlier chips operate reliably at the worst-case temperature,
and hence leads to a high access latency.
Using an FPGA-based DRAM testing platform, our work
first characterizes the extra margin for 115 DRAM modules
from three major manufacturers. The experimental results demonstrate that it is possible to reduce four of the most critical
timing parameters by a minimum/maximum of 17.3%/54.8% at
55℃ while maintaining reliable operation. AL-DRAM uses these
observations to adaptively select reliable DRAM timing parameters for each DRAM module based on the module’s current
operating conditions. AL-DRAM does not require any changes
to the DRAM chip or its interface; it only requires multiple
different timing parameters to be specified and supported by
the memory controller. Our real system evaluations show that
AL-DRAM improves the performance of memory-intensive workloads by an average of 14% without introducing any errors.
Our characterization and proposed techniques have inspired
several other works on analyzing and/or exploiting different
sources of latency and performance variation within DRAM
chips [30, 34, 51, 71, 89, 127].
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enough time for a DRAM chip to operate correctly. In practice,
however, there is a very large margin in the timing parameters to ensure correct operation under worst-case conditions
with respect to two aspects. First, due to process variation,
some outlier cells suffer from a larger RC-delay than other
cells [64, 94], and require more time to be accessed. Second,
due to temperature dependence, DRAM cells lose more charge
at high temperature [97,171], and therefore require more time
to be accessed. Due to the worst-case provisioning of the fixed
timing parameters, which ensure reliable operation up to a
temperature of 85℃, it takes a longer time to access most
of DRAM under most operating conditions than is actually
necessary for correct operation.

2. Key Observations and Our Goal
First, we observe that most DRAM chips do not contain the worst-case cells that require the largest access
latency. Using an FPGA-based testing platform [52], we profile 115 real DRAM modules and observe that the slowest
cell (i.e., the cell that stores the smallest amount of charge)
for a typical chip is still significantly faster than the slowest
cell of the worst-case chip. Our profiling exposes the large
margin built into DRAM timing parameters. In particular,
we identify four timing parameters that are the most critical
during a DRAM access: tRCD, tRAS, tWR, and tRP.1 At 55℃,
we demonstrate that the parameters can be reduced by an
average of 17.3%, 37.7%, 54.8%, and 35.2%, respectively, while
still maintaining correctness.
Second, we observe that most DRAM chips are not exposed to the worst-case temperature of 85℃. We measure
the DRAM ambient temperature in a server cluster running a
very memory-intensive benchmark, and find that the temperature never exceeds 34℃, and never changes by more than
0.1℃ per second. Other works [48,99] also observe that worstcase DRAM temperatures are not common, and that servers
typically operate at much lower temperatures [48, 99].
Based on these two observations, we show that typical
DRAM chips operating at typical temperatures (e.g., 55℃) are
capable of operating correctly when accessed with a much
smaller access latency, but are nevertheless forced to operate

1. Problem: High DRAM Latency
A DRAM chip is made of capacitor-based cells that represent data in the form of electrical charge. To store data in
a cell, charge is injected, whereas to retrieve data from a
cell, charge is extracted. Such movement of charge happens
through a wire called bitline. Due to the large resistance and
the large capacitance of the bitline, it takes a long time to
access DRAM cells. To guarantee correct operation for every
module sold, DRAM manufacturers impose a set of minimum
latency restrictions on DRAM accesses, called timing parameters [60]. Ideally, timing parameters should provide just

1 For

a detailed background on the operation of DRAM, and an explanation
of each timing parameter, we refer the reader to our prior works [30, 31, 32,
34, 51, 52, 67, 68, 69, 70, 71, 73, 75, 76, 77, 78, 88, 89, 90, 92, 93, 97, 98, 127, 146, 147].

13

less charge than the typical cell for two reasons. First, due to
its large resistance, the worst-case cell cannot allow charge to
flow inside quickly. Second, due to its small capacitance, the
worst-case cell cannot store much charge even when it is fully
charged. To accommodate such a worst-case cell, existing
timing parameters are conservatively set to large values.
Worst
Temperature

at the largest latency of the worst-case module and operating
conditions. Modules in existing systems use these worst-case
latencies because existing memory controllers are equipped
with only a single set of timing parameters that are dictated
by the worst case.
Our goal in our HPCA 2015 paper [90] is to exploit the
extra margin that is built into the DRAM timing parameters
to reduce DRAM latency, and thus improve performance as
well as energy consumption. To this end, we first provide a
detailed analysis of why we can reduce DRAM timing parameters without sacrificing reliability.

Typical
Temperature

3. Charge & Latency Interdependence
The operation of a DRAM cell is governed by two important parameters: i) the quantity of charge and ii) the latency
it takes to move charge. These two parameters are closely
related to each other. Based on SPICE simulations with a detailed DRAM model, we identify the quantitative relationship
between charge and latency [90]. We briefly summarize our
three key observations from these analyses here. Section 7
of our HPCA 2015 paper [90] provides a detailed analysis of
our observations.
First, having more charge in a DRAM cell accelerates the
sensing operation in the cell, especially at the beginning of
sensing, enabling the opportunity to shorten the timing parameters that correspond to sensing (tRCD and tRAS). Second,
when restoring the charge in a DRAM cell, a large amount of
the time is spent on injecting the final small amount of charge
into the cell. If there is already enough charge in the cell for
the next access, the cell does not need to be fully restored. In
this case, it is possible to shorten the latter part of the restoration time, creating the opportunity to shorten the timing
parameters that correspond to restoration (tRAS and tWR).
Third, at the end of precharging, i.e., setting the bitline into
the initial voltage level (before accessing a cell) for the next
access, a large amount of the time is spent on precharging
the final small amount of bitline voltage difference from the
initial level. When there is already enough charge in the cell
to overcome the voltage difference in the bitline, the bitline
does not need to be fully precharged. Thus, it is possible to
shorten the final part of the precharge time, creating the opportunity to shorten the timing parameter that corresponds
to precharge (tRP). Based on these three observations, we
conclude that timing parameters can be shortened if DRAM
cells have enough charge.
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Figure 1: Effect of reduced latency: typical vs. worst-case. Reproduced from [90].

In Figure 1, we also illustrate the impact of temperature
dependence using two cells at two different operating temperatures: i) a typical temperature (55℃, bottom row), and ii) the
worst-case temperature (85℃, top row) supported by DRAM
standards. Both typical and worst-case cells leak charge at
a faster rate at the worst-case temperature. Therefore, not
only does the worst-case cell have less charge to begin with,
but it is left with even less charge at the worst temperature
because it leaks charge at a faster rate (top-right in Figure 1).
To accommodate the combined effect of process variation and
temperature dependence, existing timing parameters are set
to very large values. That is why the worst-case condition
for correctness is specified by the top-right of Figure 1, which
shows the least amount of charge stored in the worst-case cell
at the worst-case temperature in its initial state. On top of
this, DRAM manufacturers add an extra latency margin to
the access time under worst-case conditions. In other words,
the amount of charge in a cell under worst-case conditions
is still greater than the minimum amount of charge required
for correctness.
If we were to reduce the timing parameters, we would
also reduce the amount of charge stored in the cells. It is
important to note, however, that we are proposing to exploit
only the additional slack (in terms of charge) compared to the
worst case. This allows us to provide as strong of a reliability
guarantee as manufacturers currently do for worst-case cells
and operating conditions. In Figure 1, we illustrate the impact
of reducing the timing parameters. The lightened portions
inside the cells represent the amount of charge that we are
giving up by using reduced timing parameters. Note that
we are not giving up any charge for the worst-case cell at
the worst-case temperature. Although the other three cells
are not fully charged in their initial state, w propose to give
up just enough charge from them such that they are left

4. Adaptive-Latency DRAM
As explained in Section 3, the amount of charge in the
cell right before an access to it plays a critical role in how
long it takes to retrieve the correct data from the cell. In
Figure 1, we illustrate the impact of process variation using
two different cells: one is a typical cell (left column) and the
other is the worst-case cell that deviates the most from the
typical (right column). The worst-case cell initially contains
2
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with a similar amount of charge as the worst case (top-right).
This is because these cells are capable of either holding more
charge to begin with (typical cell, left column) or holding
their charge for longer (typical temperature, bottom row).
Therefore, optimizing the timing parameters (based on the
amount of existing charge slack) provides the opportunity to
reduce overall DRAM latency while still maintaining the same
reliability guarantees provided by DRAM manufacturers.
Based on these observations, we propose Adaptive-Latency
DRAM (AL-DRAM), a mechanism that dynamically optimizes the timing parameters for different modules at different
temperatures. AL-DRAM exploits the additional charge slack
present in the common-case compared to the worst-case, thereby preserving the level of reliability (at least as high as the
worst-case) provided by DRAM manufacturers.

(a) Maximum error-free refresh interval at 85℃ (bank/chip/module)

(b) Read latency (refresh Iinterval: 200 ms)

5. DRAM Latency Profiling:
Experimental Analysis of 115 Modules
We present and analyze the results of our DRAM profiling
experiments, performed on our FPGA-based DRAM testing
infrastructure, SoftMC [52], which is also used in our various
past works analyzing various DRAM characteristics [30,34,68,
69, 75, 89, 90, 97, 136]. In total, we analyze 115 DRAM modules
from three major manufacturers, comprising 920 total DRAM
chips. Our full methodology is explained in Section 6 of our
HPCA 2015 paper [90].

(c) Write latency (refresh interval: 152 ms)

Figure 2: Latency reductions while maintaining the safety
margin of DRAM. Reproduced from [90].

is the increment at which we sweep the refresh interval. The
safe refresh interval for the read and write operations are 200
ms and 152 ms, respectively. We then use the safe refresh
intervals to run the tests with all possible combinations of
timing parameters. For each combination, we run our tests
at two temperatures: 85℃ and 55℃.
Figure 2b plots the error-free timing parameter combinations (tRCD, tRAS, and tRP) in the read operation test. For each
combination, there are two stacked bars — the left bar for the
test at 55℃ and the right bar for the test at 85℃. Missing bars
indicate that the test (with that timing parameter combination at that temperature) causes errors. Figure 2c plots same
data for the write operation test (tRCD, tWR, and tRP).
We make two observations. First, even at the highest temperature of 85℃, the DRAM module reliably operates with
reduced timing parameters (24% reduction for read, and 35%
reduction for write operations). Second, at the lower temperature of 55℃, the potential latency reduction is even higher
(36% for read, and 47% for write operations). These latency
reductions are possible while maintaining the safety margin
of the DRAM module. From these two observations, we conclude that there is significant opportunity to reduce DRAM
timing parameters without compromising reliability.

5.1. Analysis of a Representative DRAM Module
We study the possible timing parameter reductions of a
DRAM module while still maintaining correctness. To guarantee reliable DRAM operation, DRAM manufacturers provide
a built-in safety margin in retention time, also referred to
as a guardband [2, 68, 97, 127, 166]. This way, DRAM manufacturers are able to guarantee that even the weakest cell
is insured against various other modes of failure. We first
measure the safety margin of a DRAM module by sweeping
the refresh interval at the worst-case operating temperature
(85℃), using the standard timing parameters. Figure 2a plots
the maximum refresh intervals of each bank and each chip in
a DRAM module for both read and write operations. We make
several observations. First, the maximum error-free refresh
intervals of both read and write operations are much larger
than the DRAM standard (208 ms for the read and 160 ms for
the write operations vs. the 64 ms standard). Second, for the
smaller architectural units (banks and chips in the DRAM module), some of them operate without incurring errors even at
much higher refresh intervals than others (as high as 352 ms
for the read operations and 256 ms for the write operations).
This is because the error-free retention time is determined
by the worst single cell in each architectural component (i.e.,
bank/chip/module).
Based on this experiment, we define the safe refresh interval
for a DRAM module as the maximum refresh interval that
leads to no errors, minus an additional margin of 8 ms, which

5.2. Analysis of 115 DRAM Modules
We have studied the effect of temperature and the potential
to reduce various timing parameters at different temperatures
for a single DRAM module. The same trends and observations also hold true for all of the other modules we studied. In
3
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this section, we analyze the effect of process variation by studying the results of our profiling experiments on 115 DIMMs.
We also present results for intra-chip process variation by
studying the process variation across different banks within
each DIMM.
Figure 3a (solid line) plots the highest refresh interval that
leads to correct operation across all cells at 85℃ within each
DIMM for the read operation test. The red dots on top show
the highest refresh interval that leads to correct operation
across all cells within each bank for all 8 banks. Figure 3b
plots the same data for the write operation test.

(a) Read retention time

(b) Write retention time

(c) Read latency

(d) Write latency

parameters (tRCD/tRAS/tWR/tRP) for all the DIMMs at both
the highest acceptable operating temperature (85℃) and a
more typical operating temperature (55℃). We then determine
the acceptable DRAM timing parameters for each DIMM for
both temperatures while maintaining its safety margin.
Figures 3c and 3d show the results of this experiment for
the DRAM read and DRAM write, respectively. The y-axis
plots the sum of the relevant timing parameters (tRCD, tRAS,
and tRP for the DRAM read and tRCD, tWR, and tRP for the
DRAM write). The solid black line shows the latency sum of
the standard timing parameters (DDR3 DRAM specification).
The dotted red line and the dotted blue line show the most
acceptable latency parameters for each DIMM at 85℃ and
55℃, respectively. The solid red line and blue line show the
average acceptable latency across all DIMMs.
We make two observations. First, even at the highest temperature of 85℃, DIMMs can reliably operate at reduced
access latencies: 21.1% on average for read, and 34.4% on
average for write operations. This is a direct result of the possible reductions in timing parameters tRCD/tRAS/tWR/ tRP —
15.6%/20.4%/20.6%/28.5% on average across all the DIMMs.3
As a result, we conclude that process variation and lower
temperatures enable a significant potential to reduce DRAM
access latencies. Second, we observe that at lower temperatures (e.g., 55℃) the potential for latency reduction is even
greater (32.7% on average for read, and 55.1% on average
for write operations), where the corresponding reduction
in timing parameters tRCD/tRAS/tWR/ tRP are 17.3%/37.7%/
54.8%/35.2% on average across all the DIMMs.
We conclude that existing DRAM modules can be accessed reliably with lower access latencies, especially at lower
temperatures than the worst-case temperature specified by
DRAM manufacturers.

Figure 3: Analysis of 115 modules. Reproduced from [90].

6. Real-System Evaluation

We draw two conclusions. First, although there exist a
few modules which just meet the timing parameters (with
a low safety margin), a vast majority of the modules very
comfortably meet the standard timing parameters (with a
high safety margin). This indicates that a majority of the
DIMMs have significantly higher safety margins than the
worst-case module even at the highest-acceptable operating
temperature of 85℃. Second, the effect of process variation is
even higher for banks within the same DIMM, explained by
the large spread in the red dots for each DIMM. Since banks
within a DIMM can be accessed independently with different
timing parameters, one can potentially imagine a mechanism
that more aggressively reduces timing parameters at a bank
granularity and not just the DIMM granularity. We leave this
for future work.2
To study the potential of reducing timing parameters for
each DIMM, we sweep all possible combinations of timing

We evaluate AL-DRAM on a real system that offers dynamic software-based control over DRAM timing parameters at
runtime [10,11]. We use the minimum values of the timing parameters that do not introduce any errors at 55℃ for any module to determine the latency reduction at 55℃. Thus, the latency is reduced by 27%/32%/33%/18% for tRCD/tRAS/tWR/tRP,
respectively. Our full methodology is described in Section 8
of our HPCA 2015 paper [90].
Figure 4 shows the performance improvement of reducing
the timing parameters in the evaluated memory system with
one rank and one memory channel at a 55℃ operating temperature. We run a variety of different applications in two
different configurations. The first one (single-core) runs only
one thread, and the second one (multi-core) runs multiple
applications/threads. We run each configuration 30 times
(only SPEC benchmarks are executed 3 times due to their
3 Due

to space constraints, we present only the average potential reduction
for each timing parameter. However, detailed characterization of each DIMM
can be found online at the SAFARI Research Group website [91].

2 Note

that our future works [30, 33, 34, 87, 89] explain this observation of
latency heterogeneity within a DRAM chip.
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large execution times), and present the average performance
improvement across all the runs and their standard deviation as an error bar. Based on the last-level cache misses
per kilo instructions (MPKI), we categorize our applications
into memory-intensive or non-intensive groups, and report
the geometric mean performance improvement across all
applications from each group.

• Analysis of the Repeatability of Cell Failures. We
perform tests for five different scenarios to determine
that a cell failure due to reduced latency is repeatable: i)
same test, ii) test with different data patterns, iii) test with
timing-parameter combinations, iv) test with different
temperatures, and v) DRAM read/write. Most of these
scenarios show that a very high fraction (more than 95%)
of the erroneous cells consistently experience an error
over multiple iterations of the same test (Section 7.6 of
our HPCA 2015 paper [90]).

20

single-core

multi-core

MEAN
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• Performance Sensitivity Analyses. We analyze the
impact of increasing the number of ranks and channels,
executing heterogeneous workloads, using different row
buffer policies. We show that AL-DRAM effectively improves performance in all cases (Section 8.4 of our HPCA
2015 paper [90]).
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• Power Consumption Analysis. We show that ALDRAM reduces DRAM power consumption by 5.8%. This
reduced power consumption is due to the reduced DRAM
latencies (Section 8.4 of our HPCA 2015 paper [90]).

Figure 4: Real system performance improvement with ALDRAM. Reproduced from [90].

We draw three key conclusions from Figure 4. First, ALDRAM provides significant performance improvement over
the baseline (as high as 20.5% for the very memory-bandwidthintensive STREAM applications [109]). Second, when the memory system is under higher pressure with multi-core/multithreaded applications, we observe significantly higher performance (than in the single-core case) across all applications from our workload pool. Third, as expected, memoryintensive applications benefit more in performance than nonmemory-intensive workloads (14.0% vs. 2.9% on average).
We conclude that by reducing the DRAM timing parameters
using AL-DRAM, we can speed up a real system by 10.5%
(on average across all 35 workloads on the multi-core/multithread configuration).
We also conducted reliability stress tests for our mechanism. We ran our workloads for 33 days without interruption
of the lower latencies. We observed no errors and correct
results.

8. Related Work
To our knowledge, our HPCA 2015 paper is the first work
to i) provide a detailed qualitative and empirical analysis of
the relationship between process variation and temperature
dependence of modern DRAM devices on the one side, and
DRAM access latency on the other side (we directly attribute
the relationship between the two to the amount of charge in
cells), ii) experimentally characterize a large number of existing DIMMs to understand the potential of reducing DRAM
timing constraints, iii) provide a practical mechanism that can
take advantage of this potential, and iv) evaluate the performance benefits of this mechanism by dynamically optimizing
DRAM timing parameters on a real system using a variety of
real workloads.
Several works investigated the possibility of reducing
DRAM latency by either exploiting DRAM latency variation
or changing the DRAM architecture. We discuss these below.
DRAM Latency Variation. Chandrasekar et al. [29] evaluate the potential of relaxing some DRAM timing parameters to reduce DRAM latency. This work observes latency
variations across DIMMs as well as for a DIMM at different
operating temperatures. However, there is no explanation
as to why this phenomenon exists. In contrast, our HPCA
2015 paper [90] (i) identifies and analyzes the root cause of
latency variation in detail, (ii) provides a practical mechanism that can relax timing parameters, and (iii) provides a
real system evaluation of this new mechanism, using real
workloads, showing improved performance and preserved
reliability.
NUAT [153] and ChargeCache [51] show that recentlyrefreshed rows contain more charge, and propose mechanisms to access recently-refreshed rows with reduced latency.
Even though some of the observations in these works are

7. Other Results and Analyses in Our Paper
Our HPCA 2015 paper [90] includes significant amount of
DRAM latency analyses and system performance evaluations. We refer the reader to [90] for detailed evaluations and
analyses.
• Effect of Changing the Refresh Interval on DRAM
Latency. We evaluate DRAM latency at different refresh intervals. We observe that refreshing DRAM cells
more frequently enables more DRAM latency reduction
(Section 7.1 of our HPCA 2015 paper [90]).
• Effect of Reducing Multiple Timing Parameters. We
study the potential for reducing multiple timing parameters simultaneously. Our key observation is that reducing
one timing parameter leads to decreasing the opportunity to reduce another timing parameter simultaneously
(Section 7.2 of our HPCA 2015 paper [90]).
5
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similar to ours, the approaches to leverage them are different.
AL-DRAM exploits temperature dependence in a DIMM and
process variations across DIMMs, while NUAT and ChargeCache use the time difference between a row refresh and an
access to the row (hence its benefits are dependent on when
the row is accessed after it is refreshed). Therefore, NUAT
and ChargeCache are complementary to AL-DRAM, and can
potentially be combined for better performance.

Binning or Overclocking DRAM. AL-DRAM has multiple sets of DRAM timing parameters for different temperatures and dynamically optimizes the timing parameters
at runtime. Therefore, AL-DRAM is different from simple
binning (performed by manufacturers) or over-clocking (performed by end-users; e.g., [58,126]) that are used to figure out
the highest static frequency or lowest static timing parameters
for DIMMs.
Other Methods for Lowering Memory Latency. There
are many works that reduce overall memory access latency
by modifying DRAM, the DRAM-controller interface, and
DRAM controllers. These works enable more parallelism and
bandwidth [3, 4, 31, 32, 78, 88, 93, 145, 146, 147, 167, 174, 178],
reduce refresh counts [66, 68, 70, 97, 98, 136, 164], accelerate
bulk operations [32,145,146,147,148], accelerate computation
in the logic layer of 3D-stacked DRAM [5, 6, 14, 15, 50, 54, 55,
72, 100, 129, 173], enable better communication between the
CPU and other devices through DRAM [93], leverage DRAM
access patterns [51, 153], reduce write-related latencies by
better designing DRAM and DRAM control policies [35, 83,
144], reduce overall queuing latencies in DRAM by better
scheduling memory requests [12, 13, 38, 46, 49, 56, 59, 61, 65, 76,
77, 84, 85, 86, 96, 109, 110, 111, 112, 120, 121, 125, 129, 141, 152,
159, 160, 161, 162, 163, 177], employ prefetching [9, 28, 36, 37,
42, 44, 45, 47, 84, 113, 114, 115, 119, 122, 124, 128, 158], perform
memory/cache compression [1, 7, 8, 39, 41, 43, 130, 131, 132,
133, 134, 151, 165, 168, 175], or perform better caching [67,
137, 138, 149, 150]. Our proposal is orthogonal to all of these
approaches and can be applied in conjunction with them to
achieve higher latency and energy benefits.
Experimental Studies of DRAM Chips. There are
several studies that characterize various errors in DRAM.
Many of these works observe how specific factors affect
DRAM errors, analyzing the impact of temperature [48] and
hard errors [57]. Other works have conducted studies of
DRAM error rates in the field, studying failures across a
large sample size [95, 106, 143, 155, 156, 157]. There are also
works that have studied errors through controlled experiments, usually using FPGA-based DRAM testing infrastructures like SoftMC [52], to investigate errors due to retention time [52, 66, 68, 69, 70, 97, 98, 127, 136], disturbance from
neighboring DRAM cells [62, 74, 75, 118], latency variation
across/within DRAM chips [29, 30, 33, 87, 89], and supply
voltage [33, 34]. None of these works extensively study latency variation across DRAM modules, which we characterize
in our work.

Voltron [34] uses an experimental characterization of real
DRAM modules to identify the relationship between the
DRAM supply voltage and access latency variation. Voltron
uses this relationship to identify the combination of voltage
and access latency that minimizes system-level energy consumption without exceeding a user-specified threshold for
the maximum acceptable performance loss.
Flexible-Latency DRAM (FLY-DRAM) [30] uses an experimental characterization of real DRAM modules to capture
access latency variation across DRAM cells within a single
DRAM chip due to manufacturing process variation. FLYDRAM identifies that there is spatial locality in the slower
cells, resulting in fast regions (i.e., regions where all DRAM
cells can operate at significantly-reduced access latency without experiencing errors) and slow regions (i.e., regions where
some of the DRAM cells cannot operate at significantlyreduced access latency without experiencing errors) within
each chip. To take advantage of this heterogeneity in the reliable access latency of DRAM cells within a chip, FLY-DRAM
(1) categorizes the cells into fast and slow regions; and (2) lowers the overall DRAM latency by accessing fast regions with
a lower latency.
Design-Induced Variation-Aware DRAM (DIVADRAM) [89] uses an experimental characterization of
real DRAM modules to identify the latency variation within
a single DRAM chip that occurs due to the architectural
design of the chip. For example, a cell that is further away
from the row decoder requires a longer access time than a
cell that is close to the row decoder. Similarly, a cell that
is farther away from the wordline driver requires a larger
access time than a cell that is close to the wordline driver.
DIVA-DRAM uses design-induced variation to reduce the
access latency to different parts of the chip.
Low-Latency DRAM Architectures. Various works [31,
32, 33, 53, 78, 92, 108, 116, 142, 146, 154, 176] propose new
DRAM architectures that provide lower latency. Many of
these works improve DRAM latency at the cost of either
significant additional DRAM chip area (i.e., extra sense amplifiers [108, 142, 154], an additional SRAM cache [53, 176]),
specialized protocols [31,78,92,146] or a combination of these.
Our proposed mechanism requires no changes to the DRAM
chip and the DRAM interface, and hence has almost negligible overhead. Furthermore, AL-DRAM is largely orthogonal
to these proposed designs, and can be applied in conjunction
with them, providing greater cumulative reduction in latency.

9. Significance
Our work on AL-DRAM is the first to extensively characterize and exploit the large access latency variation that exists
in modern DRAM devices. In this section, we discuss the
novelty of AL-DRAM and its expected future impact on the
community.
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9.1. Novelty

9.2. Potential Long-Term Impact

We make the following major contributions in our HPCA
2015 paper [90]:
Addressing a Critical Real Problem, High DRAM Latency, with Low Cost. High DRAM latency is a critical bottleneck for overall system performance in a variety of modern
computing systems [117, 123], especially in real large-scale
server systems [63, 101]. Considering the significant difficulties in DRAM scaling [64, 117, 118, 123], the DRAM latency
problem is getting worse in future systems due to process
variation. Our HPCA 2015 work [90] leverages the heterogeneity created by DRAM process variation across DRAM chips
and system operating conditions to mitigate the DRAM latency problem. We propose a practical mechanism, AdaptiveLatency DRAM, which mitigates DRAM latency with very
modest hardware cost, and with no changes to the DRAM
chip itself.
Large-Scale Latency Profiling of Modern DRAM
Chips. Using our FPGA-based DRAM testing infrastructure [30, 33, 34, 52, 68, 69, 75, 87, 89, 90, 97, 127, 136], we profile
115 DRAM modules (920 DRAM chips in total) and show
that there is significant timing variation between different
DIMMs at different temperatures. We believe that our results
are statistically significant to validate our hypothesis that the
DRAM timing parameters strongly depend on the amount of
cell charge. We provide a detailed characterization of each
DIMM online at the SAFARI Research Group website [91].
Furthermore, we introduce our FPGA-based DRAM infrastructure and experimental methodology for DRAM profiling,
which are carefully constructed to represent the worst-case
conditions in power noise, bitline/wordline coupling, data
patterns, and access patterns. Such information will hopefully
be useful for future DRAM research.
Extensive Real System Evaluation of DRAM Latency.
We evaluate our mechanism on a real system [10,11] and show
that our mechanism provides significant performance improvements. Reducing the timing parameters strips the excessive
margin in the electrical charge stored within a DRAM cell.
We show that the remaining margin is enough for DRAM to
operate reliably. To verify the correctness of our experiments,
we ran our workloads for 33 days nonstop, and examined
their and the system’s correctness with reduced timing parameters. Using the reduced timing parameters over the course
of 33 days, our real system was able to execute 35 different
workloads in both single-core and multi-core configurations
while preserving correctness and being error-free. Note that
these results do not absolutely guarantee that no errors can
be introduced by reducing the timing parameters. However,
we believe that we have demonstrated a proof-of-concept
which shows that DRAM latency can be reduced at no impact
on DRAM reliability. Ultimately, DRAM manufacturers can
provide the reliable timing parameters for different operating
conditions and modules.

Tolerating High DRAM Latency by Exploiting
DRAM Intrinsic Characteristics. Today, there is a large
latency cliff between the on-chip last level cache and off-chip
DRAM, leading to a large performance fall-off when applications start missing in the last level cache. By enabling lower
DRAM latency, our mechanism, Adaptive-Latency DRAM,
smoothens this latency cliff without adding another layer
into the memory hierarchy.
Applicability to Future Memory Devices. We show the
benefits of the common-case timing optimization in modern
DRAM devices by taking advantage of intrinsic characteristics of DRAM. Considering that most memory devices adopt a
unified specification that is dictated by the worst-case operating condition, our approach that optimizes device latency for
the common case can be applicable to other memory devices
by leveraging the intrinsic characteristics of the technology
they are built with. We believe there is significant potential
for approaches that could reduce the latency of Phase Change
Memory (PCM) [40, 80, 81, 82, 105, 135, 139, 140, 170, 172], STTMRAM [79, 105], RRAM [169], and NAND flash memory [16,
17, 18, 19, 20, 21, 22, 22, 23, 24, 25, 26, 27, 102, 103, 104, 107].
New Research Opportunities. Adaptive-Latency DRAM
creates new opportunities by enabling mechanisms that can
leverage the heterogeneous latency offered by our mechanism.
We describe a few of these briefly.
Optimizing the operating conditions for faster DRAM access:
Adaptive-Latency DRAM provides different access latencies
for different operating conditions. Future works can explore
how the operating conditions themselves can be optimized,
which can be used in conjunction with AL-DRAM to further
improve the DRAM access latency. For instance, balancing
DRAM accesses over multiple DRAM channels and ranks can
potentially reduce the DRAM operating temperature, maximizing the benefits provided by AL-DRAM. At the system
level, operating the system at a constant low temperature can
enable the use of lower DRAM latencies more frequently.
Optimizing data placement to reduce overall DRAM access
latency: We characterize the latency variation in different
DIMMs due to process variation. Placing data based on this
information and the latency criticality of data maximizes the
benefits of lowering DRAM latency, by placing the data that
is most sensitive to latency in the fastest DRAM chips (and,
thus, providing lookups to the data with the fastest access
latency).
Error correction mechanisms to further reduce DRAM latency.
Error correction mechanisms allow us to lower DRAM latency
even further, by correcting bit errors that occur when a small
number of the DRAM operations end before the minimum
charge is stored in the DRAM cell. Such mechanisms can rely
on error correction to compensate for the reduced reliability
of read and write operations at even lower latencies, leading
to a further reduction in DRAM latency without errors. Future research that uses error correction to enable even lower
7
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latency DRAM is therefore promising as it opens a new set
of trade-offs. Note that our recent work, DIVA-DRAM [89],
explores this direction and finds very promising benefits.
Inspired by our characterization and proposed techniques,
several recent works [30, 34, 51, 71, 89, 127] have explored
many of these new research opportunities, by (1) analyzing
different sources of latency and performance variation within
DRAM chips, and (2) exploiting these sources of latency and
performance variation to reduce access latency and/or energy
consumption.
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10. Conclusion
This paper summarizes our HPCA 2015 work on AdaptiveLatency DRAM (AL-DRAM), a simple and effective mechanism for dynamically tailoring the DRAM timing parameters
for the current operating condition without introducing any
errors. AL-DRAM takes advantage of the large latency margin available in the DRAM timing parameters for commoncase operation, by dynamically the operating temperature
of each DRAM module and employing timing constraints
optimized for a particular module at the current temperature. AL-DRAM provides an average 14% improvement in
overall system performance across a wide variety of memoryintensive applications run on a real multi-core system. We
conclude that AL-DRAM is a simple and effective mechanism
to reduce DRAM latency. We hope that our experimental
exposure of the large margin present in the standard DRAM
timing constraints will inspire other approaches to optimize
DRAM chips, latencies, and parameters at low cost.
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This article summarizes key results of our work on experimental characterization and analysis of latency variation and
latency-reliability trade-offs in modern DRAM chips, which was
published in SIGMETRICS 2016 [24], and examines the work’s
significance and future potential. Our work is motivated to
reduce the long DRAM latency, which is a critical performance
bottleneck in current systems. DRAM access latency is defined
by three fundamental operations that take place within the
DRAM cell array: (i) activation of a memory row, which opens
the row to perform accesses; (ii) precharge, which prepares the
cell array for the next memory access; and (iii) restoration of
the row, which restores the values of cells in the row that were
destroyed due to activation. There is significant latency variation for each of these operations across the cells of a single
DRAM chip due to irregularity in the manufacturing process.
As a result, some cells are inherently faster to access, while
others are inherently slower. Unfortunately, existing systems do
not exploit this variation.

and 19.5%, on average, for each of the three different vendors’
real DRAM chips, in a simulated 8-core system.
We have open sourced the data from our research online. We
hope the characterization and analysis we provide opens up
new research directions for both researchers and practitioners
in computer architecture and systems.

1. Introduction
Over the past few decades, the long latency of memory
has been a critical bottleneck in system performance. Increasing core counts, the emergence of more data-intensive and
latency-critical applications, and increasingly limited bandwidth in the memory system are together leading to higher
memory latency. Thus, low-latency memory operation is
now even more important to improving overall system performance [30, 55, 93, 101, 102, 105, 143].
The latency of a memory request is predominantly defined
by the timings of three fundamental operations: (1) activation,
which “opens” a row of DRAM cells to access stored data,
(2) precharge, which “closes” an activated row, and (3) restoration, which restores the charge level of each DRAM cell
in a row to prevent data loss.1 The latencies of these three
DRAM operations, as defined by vendor specifications, have
not improved significantly in the past 18 years, as depicted
in Figure 1. This is especially true when we compare latency
improvements to the capacity (128×) and bandwidth improvements (20×) [23] commodity DRAM chips experienced in
the past 18 years. In fact, the activation and precharge latencies increased from 2013 to 2015, when DDR DRAM transitioned from the third generation (12.5ns for DDR3-1600J [51]) to
the fourth generation (14.06ns for DDR4-2133P [53]). As the
latencies specified by vendors have not reduced over time,
the memory latency remains as a critical system performance
bottleneck in many modern applications, such as big data
workloads [28] and Google’s warehouse-scale workloads [55].

The goal of this work is to (i) experimentally characterize and
understand the latency variation across cells within a DRAM
chip for these three fundamental DRAM operations, and (ii) develop new mechanisms that exploit our understanding of the
latency variation to reliably improve performance. To this end,
we comprehensively characterize 240 DRAM chips from three
major vendors, and make six major new observations about
latency variation within DRAM. Notably, we find that (i) there
is large latency variation across the cells for each of the three
operations; (ii) variation characteristics exhibit significant spatial locality: slower cells are clustered in certain regions of a
DRAM chip; and (iii) the three fundamental operations exhibit
different reliability characteristics when the latency of each
operation is reduced.
Based on our observations, we propose Flexible-LatencY
DRAM (FLY-DRAM), a mechanism that exploits latency variation across DRAM cells within a DRAM chip to improve
system performance. The key idea of FLY-DRAM is to exploit
the spatial locality of slower cells within DRAM, and access the
faster DRAM regions with reduced latencies for the fundamental operations. Our evaluations show that FLY-DRAM improves
the performance of a wide range of applications by 13.3%, 17.6%,

1 We refer the reader to our prior works [22, 24, 25, 26, 43, 44, 61, 64, 65,
66, 67, 68, 76, 77, 79, 81, 82, 86, 87, 110, 127, 128] for a detailed background on
DRAM.

23

+21%

comprising 240 DRAM chips from three major vendors. Each
chip has a 1Gb density. Thus, each of our DIMMs has a 1GB
capacity. Table 1 lists the relevant information about the
tested DRAM modules. Unless otherwise specified, we test
modules at an ambient temperature of 20±1℃. For results
using higher temperatures, we refer the reader to Section 4.5
of our SIGMETRICS 2016 paper [24].

-29%
-17%

+8%

Figure 1: DRAM latency trends over time [50,51,53,97]. Adapted from [24].

2. Motivation
In this work, we observe that the three fundamental DRAM
operations can actually complete with a much lower latency
for many DRAM cells than the vendor specification, because
there is inherent latency variation present across the DRAM
cells within a DRAM chip. This is a result of manufacturing
process variation, which causes the sizes and strengths of cells
to be different, thus making some cells faster and other cells
slower to be accessed reliably [85]. The speed gap between
the fastest and slowest DRAM cells is getting worse [20, 107],
as the technology node continues to scale down to sub-20nm
feature sizes. Unfortunately, instead of optimizing the latency
specifications for the common case, DRAM vendors use a single set of standard access latencies, called timing parameters,
which provide reliable operation guarantees for the worst case
(i.e., the slowest cells), to maximize manufacturing yield.
We experimentally demonstrate that significant latency
variation is present across DRAM cells in 240 DDR3 DRAM
chips from three major vendors, and that a large fraction of
cells can be read reliably even if the activation/restoration/precharge latencies are reduced significantly. By repeatedly
testing these DRAM chips, we observe that access latency
variation exhibits spatial locality within DRAM — slower cells
cluster in certain regions of a DRAM chip. In Section 4, we
propose a new mechanism, called FLY-DRAM, which exploits
the lower latencies of DRAM regions with faster cells by introducing heterogeneous timing parameters into the memory
controller. By analyzing and exploiting the latency variation
that exists in DRAM cells, we can greatly reduce the DRAM
access latency.
We discuss our major experimental observations in
Section 3. For a detailed discussion on all of our observations,
we refer the reader to our SIGMETRICS 2016 paper [24].

Figure 2: FPGA-based DRAM testing infrastructure. Reproduced from [24].

Vendor

Total Number
of Chips

Timing (ns)
(tRCD/tRP/tRAS)

Assembly
Year

A (8 DIMMs)
B (9 DIMMs)
C (13 DIMMs)

64
72
104

13.125/13.125/35-36
13.75/13.75/35
13.75/13.75/34-36

2012-13
2011-12
2011-12

Table 1: Main properties of the tested DIMMs. Reproduced
from [24].

In this section, we present a short summary of our key
results on varying the activation, precharge, and restoration
latencies, which are controlled by the tRCD, tRP, and tRAS
timing parameters, respectively. For more details on the experimental results and observations, see Sections 4–6 of our
SIGMETRICS 2016 paper [24].

3.1. Behavior of Timing Errors
We analyze the variation in the latencies of activation,
precharge, and restoration by operating DRAM at multiple
reduced latencies for each of these operations. Faster cells do
not get affected by the reduced timings, and can be accessed
reliably without any errors; however, slower cells cannot be
read reliably with reduced latencies for the three operations,
leading to bit flips. In this work, we define a timing error as a
bit flip in a cell that occurs due to a reduced-latency access,
and characterize timing errors incurred by the three DRAM
operations.
Our experiments yield several new observations on the
behavior of timing errors. When we reduce the three latencies, we observe that each latency exhibits a different level
of impact on the inherently-slower cells. Lowering the activation latency (tRCD) affects only the cells (data) read in the

3. Latency Variation Analysis
To capture the effect of latency variation in modern DDR3
DRAM chips, we tune the timing parameters that control the
amount of time taken for each of the fundamental DRAM
operations. We developed an FPGA-based DRAM testing
platform [43] that allows us to precisely control the timing
parameter values and the tested DRAM location (i.e., banks,
rows, and columns). A photo of the platform is shown in
Figure 2. Using this platform, we characterize latency variation on a total of 30 DDR3 DRAM modules (or DIMMs),
2
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Bit Error Rate (BER)

first accessed cache line, but not the subsequently read cache
lines from the same row. This is mainly due to two reasons.
First, a read command accesses only its corresponding sense
amplifiers, without accessing the other columns. Hence, a
read’s effect is isolated to its target cache line. Second, by the
time a subsequent read is issued to the same activated row,
a sufficient amount of time has already passed for the row
buffer to fully sense and latch in the row data. In contrast,
lowering the restoration (tRAS) or precharge (tRP) latencies
affects all cells in the activated row (see Section 5 of our
SIGMETRICS 2016 paper [24] for a detailed explanation). Lowering these latencies affects the entire row because these
commands operate at the row level, and they directly affect
the restoration and sensing of all cells in the row.
We also find that the number of timing errors introduced is
very sensitive to reducing the activation or precharge latency,
but not that sensitive to reducing the restoration latency. We
conclude that different levels of mitigation are required to
address the timing errors that result from lowering each of
the different DRAM operation latencies, and that reducing
restoration latency to the lowest levels allowed by our infrastructure does not introduce timing errors in our experiments
(see Section 6 in our SIGMETRICS 2016 paper [24]).
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Figure 3: Bit error rate of all DIMMs with reduced tRCD. Reproduced from [24].

the tRCD or tRP value decreases. The number of fast cells that
can operate at tRCD=7.5ns or tRP=7.5ns varies significantly
across different DIMMs. These results demonstrate that there
exists significant latency variation among and within DIMMs,
as not all of the cells exhibit timing errors at 7.5ns.

3.3. Spatial Locality of Timing Errors
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(a) Activation latency (tRCD)
at 7.5ns (43% reduction).
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We briefly present the distribution of activation and precharge errors collected from all of the tests conducted on
every DIMM. Figure 3 shows the box plots of the bit error rate
(BER) observed on every DIMM as activation latency (tRCD)
varies. The BER is defined as the fraction of bits with errors
due to reducing tRCD in the total population of tested bits.
In other words, the BER represents the fraction of cells that
cannot operate reliably under the specified shortened latency.
The box plot shows the maximum and minimum BER of all of
our tested DIMMs as whiskers, and the box shows the quartiles of the distribution. In addition, we show all observation
points for each specific tRCD/tRP value by overlaying them
on top of their corresponding box plot. Each point shows a
BER collected from one round of tests on one DIMM with
a specific data pattern and tRCD value. For box plots showing the BER distribution when the precharge latency (tRP)
is reduced, see Figure 12 in the original paper [24]. We make
two observations from the BER distributions when reducing
tRCD or tRP.
First, at tRCD or tRP values of 12.5ns and 10ns, we observe
no timing errors on any DIMM due to reduced activation or
precharge latency. This shows that the tRCD/tRP latencies
of the slowest cells in our tested DIMMs likely fall between
7.5 and 10ns, which are lower than the value provided in
the vendor specifications (13.125ns). DRAM vendors use the
extra latency as a guardband to provide additional protection
against process variation.
Second, there exists a large BER variation among DIMMs
at tRCD of 7.5ns, and the BER variation becomes smaller as

5Rw (000s)

3.2. Timing Error Distribution

Pr(cache lLne wLth ≥ 1-bLt errRr)

In this section, we investigate the location and distribution
of timing errors within a DIMM when the activation or precharge latencies are reduced. Figure 4 shows the probability
of every cache line (64B) in one bank of a specific DIMM observing at least 1 bit of error with reduced activation latency
(Figure 4a) or precharge latency (Figure 4b). See [24] for additional results. The x-axis and y-axis indicate the cache line
number and row number (in thousands), respectively. In our
tested DIMMs, a row size is 8KB, comprising 128 cache lines.

(b) Precharge latency (tRP)
at 7.5ns (43% reduction).

Figure 4: Probability of observing timing errors in one DIMM.
Adapted from [24].

The main observation is that timing errors due to reducing
activation or precharge latency are not distributed uniformly
across locations within this DIMM. Timing errors tend to
cluster at certain regions of cache lines. For the remaining
cache lines, we observe that they do not exhibit timing errors
due to reduced latency throughout the experiments. We observe similar characteristics in other DIMMs — timing errors
concentrate within certain spatial regions of memory.
We hypothesize that the cause of the spatial locality of timing errors is due to the locality of variation in the fabrication
process during manufacturing. Certain cache line locations
can end up with less robust components, such as weaker
sense amplifiers, weaker cells, or higher resistance bitlines.
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3.4. Other Characterization Results

Since DRAM vendors have detailed information on their
DRAM chips from the DRAM post-production tests, DRAM
vendors can embed the latency profiling results in the Serial Presence Detect (SPD) circuitry (a ROM present in each
DIMM) [52]. The memory controller can read the profiling
results from the SPD circuitry during DRAM initialization,
and apply the correct latency for each DRAM region.
The second design challenge is limiting the storage overhead of the latency profiling results. Recording the shortest
latency for each cache line can incur a large storage overhead. Fortunately, the storage overhead can be reduced based
on a new observation of ours. As discussed in Section 3.3,
timing errors typically concentrate at certain DRAM regions. Therefore, FLY-DRAM records the shortest latency at
the granularity of DRAM regions (i.e., a group of adjacent
cache lines, rows, or banks). One can imagine using more
sophisticated structures, such as Bloom Filters [6], to provide
finer-grained latency information within a reasonable storage
overhead, as shown in prior work on variable DRAM refresh
intervals [87, 115].

We briefly summarize our other observations on the effects
of reducing timing parameters. First, we analyze the number
of timing errors that occur when DRAM access latencies are
reduced, and experimentally demonstrate that most of the
erroneous cache lines have a single-bit error, with only a
small fraction of cache lines experiencing more than one bit
flip (see Section 4.7 of our SIGMETRICS 2016 paper [24]). We
conclude, therefore, that using simple error-correcting codes
(ECC) can correct most of these errors, thereby enabling lower
latency for many inherently slower cells (see Section 4.8 of
our SIGMETRICS 2016 paper [24] for a detailed analysis of
ECC).
Second, we find that the stored data pattern in cells affects
access latency variation. Certain patterns lead to more timing
errors than others. For example, the bit value 1 can be read
significantly more reliably at a reduced access latency than
the bit value 0 (see Section 4.4 of our SIGMETRICS 2016
paper [24]). This observation is similar to the data pattern
dependence observation made for retention times of DRAM
cells [57, 58, 59, 60, 86, 110].
Third, we find no clear correlation between temperature
and variation in cell access latency. We believe that it is not
essential for latency reduction techniques that exploit such variation to be aware of the operating temperature (Section 4.5
in [24]).

4.1. Summary of Results
We evaluate FLY-DRAM on on an 8-core system with a
wide variety of workloads by using Ramulator [64, 120], a
cycle-level open-source DRAM simulator developed by our
research group. Table 2 summarizes the configuration of our
evaluated system. We use the standard DDR3-1333H timing
parameters [51] as our baseline.

4. Exploiting Latency Variation
Based on our extensive experimental characterization and
new observations on latency-reliability trade-offs in modern
DRAM chips, we propose a new hardware mechanism, called Flexible-LatencY DRAM (FLY-DRAM), to reduce DRAM
latency for better system performance. FLY-DRAM exploits
the key observation that (i) different cells can operate reliably
at different DRAM latencies, and (ii) there is a strong correlation between the location of a cell and the lowest latency that
the cell can operate reliably at. The key idea of FLY-DRAM
is to (i) categorize the DRAM cells into fast and slow regions, (ii) expose this categorization to the memory controller,
and (iii) reduce overall DRAM latency by accessing the fast
regions with a lower latency.
The FLY-DRAM memory controller (i) loads the latency
profiling results [24] into on-chip SRAM at system boot time,
(ii) looks up the profiled latency for each memory request based on its memory address, and (iii) applies the corresponding
latency to the request. By reducing the values of tRCD, tRAS,
and tRP for some memory requests, FLY-DRAM improves
overall system performance. In addition, we also propose an
OS page allocator design that exploits the latency variation
in DRAM to improve system performance (see Section 7.2 of
our paper [24]).
There are two key design challenges of FLY-DRAM. The
first challenge is determining the fraction of fast cells within
a DRAM chip and the innate access latency of the fast cells.

Processor 8 cores, 3.3 GHz, OoO 128-entry window
LLC

8 MB shared, 8-way set associative

DRAM

DDR3-1333H [51], open-row policy [66, 67, 118],
2 channels, 1 rank per channel, 8 banks per rank,
Baseline: tRCD/tCL/tRP = 13.125ns, tRAS = 36ns

Table 2: Evaluated system configuration. Adapted from [24].

Figure 5 illustrates the system performance improvement
of FLY-DRAM over the baseline (DDR3-1333) for 40 workloads. The x-axis indicates each of the evaluated DRAM configurations. D2A , D7B , and D2C correspond to latency profiles
collected from three real DIMMs. Our SIGMETRICS 2016
paper [24] describes these real-DRAM profiles in more detail.
For these three DIMMs, FLY-DRAM improves system performance significantly, by 17.6%, 13.3%, and 19.5% on average
across all 40 workloads. This is because FLY-DRAM reduces
the latency of tRCD, tRP, and tRAS by 42.8%, 42.8%, and 25%,
respectively, for a large fraction of cache lines. In particular,
DIMM D2C , which has a 99% of cells that operate reliably at
low tRCD and tRP, performs within 1% of the upper-bound
performance (19.7% on average), which is obtained by operating all DRAM cells at low tRCD and tRP. We conclude
that FLY-DRAM is an effective mechanism to improve system
performance by exploiting the widespread latency variation
present across DRAM cells.
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variation. Our proposal of exploiting latency variation, FLYDRAM can employ Lee et al.’s new profiling mechanism [76]
to identify additional latency variation regions for reducing
access latency.
Chandrasekar et al. study the potential of reducing some
DRAM timing parameters [21]. Similar to AL-DRAM, this
work observes and characterizes latency variation across
DIMMs, whereas our work studies variation across cells
within a DRAM chip.

13.3%

DA2

DB7

Figure 5: System performance improvement of FLY-DRAM
for various DIMMs. Reproduced from [24].

As we show in our SIGMETRICS 2016 paper [24],
FLY-DRAM can take advantage of an intelligent
DRAM-aware page allocator that allocates frequently
used and latency-critical pages in fast DRAM regions. We
leave the detailed design and evaluation of such an allocator
to future work.

5.2. DRAM Error Studies
There are several studies that characterize various errors in DRAM. Many of these works observe how specific
factors affect DRAM errors, analyzing the impact of temperature [32, 79] and hard errors [48]. Other works have
conducted studies of DRAM error rates in the field, studying failures across a large sample size [84, 95, 123, 132, 133].
There are also works that have studied errors through controlled experiments, investigating errors due to retention
time [43, 57, 58, 59, 60, 86, 110, 115], disturbance from neighboring DRAM cells [65, 101], latency variation across/within
DRAM chips [21, 76, 78, 79], and supply voltage [26]. None of
these works study errors due to latency variation across the
cells within a DRAM chip, which we extensively characterize
in our work.

5. Related Work
To our knowledge, this is the first work to (i) provide a
detailed experimental characterization and analysis of latency
variation for three major DRAM operations (tRCD, tRP, and
tRAS) across different cells within a DRAM chip, (ii) demonstrate that a reduction in latency for each of these fundamental operations has a different impact on different cells,
(iii) show that access latency variation exhibits spatial locality, (iv) demonstrate that the error rate due to reduced
latencies is correlated with the stored data pattern but not
conclusively correlated with temperature, and (v) propose
mechanisms that take advantage of variation within a DRAM
chip to improve system performance. We discuss the most
closely related works here.

5.3. DRAM Latency Reduction
Several types of commodity DRAM (Micron’s RLDRAM [98] and Fujitsu’s FCRAM [122]) provide low latency
at the cost of high area overhead [68, 81]. Many prior works
(e.g., [22, 25, 45, 68, 81, 88, 101, 102, 106, 125, 127, 128, 131, 150])
propose various architectural changes within DRAM chips to
reduce latency. In contrast, FLY-DRAM does not require any
changes to a DRAM chip. Other works [44, 75, 124, 129, 130]
reduce DRAM latency by changing the memory controller,
and FLY-DRAM is complementary to them.

5.1. DRAM Latency Variation
Adaptive-Latency DRAM (AL-DRAM) also characterizes
and exploits DRAM latency variation, but does so at a much
coarser granularity [79]. This work experimentally characterizes latency variation across different DRAM chips under
different operating temperatures. AL-DRAM sets a uniform
operation latency for the entire DIMM. In contrast, our work
characterizes latency variation within each chip, at the granularity of individual DRAM cells. Our mechanism, FLY-DRAM,
can be combined with AL-DRAM to further improve performance.2
A recent work by Lee et al. [76] also observes latency variation within DRAM chips. The work analyzes the variation
that is due to the circuit design of DRAM components, which
it calls design-induced variation. Furthermore, it proposes a
new profiling technique to identify the lowest DRAM latency
without introducing errors. In this work, we provide the first
detailed experimental characterization and analysis of the general latency variation phenomenon within real DRAM chips.
Our analysis is broad and is not limited to design-induced

5.4. ECC DRAM
Many memory systems incorporate ECC DIMMs, which
store information used to correct data during a read operation.
Prior work (e.g., [39, 54, 60, 63, 83, 140, 142, 145, 146]) proposes
more flexible or more powerful ECC schemes for DRAM.
While these ECC mechanisms are designed to protect against
faults using standard DRAM timings, we show that they also
have the potential to correct timing errors that occur due to
reduced DRAM latencies. A recent work by Lee et al. [76]
exploits this observation and uses ECC to correct errors that
occur due to reduced latency in DRAM.

5.5. Other Latency Reduction Mechanisms
Various prior works [1, 2, 3, 5, 7, 8, 25, 31, 33, 34, 35, 36, 38, 40,
42, 46, 47, 56, 62, 69, 92, 109, 111, 112, 114, 125, 126, 128, 129, 134,
139, 149] examine processing in memory to reduce DRAM latency. Other prior works propose memory scheduling techniques, [4, 37, 49, 66, 67, 74, 99, 100, 103, 104, 135, 136, 137, 138, 141],

2A

description of the AL-DRAM work and its impact is provided in a
companion article in the very same issue of this journal [80].
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which generally reduce latency to access DRAM. Our analyses and techniques can be combined with these works to
enable further low-latency operation.

employs data bus inversion [53] as an encoding scheme to
reduce toggle rate on the data bus, thereby saving channel
power [113]. Similar encoding techniques can be developed
to reduce bit 0s and increase the overall number of 1s in data.
We believe that developing asymmetric data encodings or
ECC mechanisms that favor 1s over 0s is a promising research direction to improve DRAM reliability.
DRAM-Aware Page Allocator. We developed a hardware mechanism (FLY-DRAM) that exploits latency variation to improve system performance in a softwaretransparent manner. Researchers can take better advantage
of the variation by exposing the different latency regions
to the software stack. In our SIGMETRICS 2016 paper [24],
we discuss the potential of a DRAM-aware page allocator in
the OS (Section 7.2), which can improve FLY-DRAM performance by intelligently mapping more frequently-accessed
application pages to faster DRAM regions. We believe that
the key idea of enabling the OS to allocate pages based on
the accessed memory region’s latency can be applied to other
types of memory characteristics (e.g., energy efficiency or
voltage [26, 29]) without needing to modify the architecture.
Applicability to Other Memory Technologies. In this
work, we focus on characterizing only DRAM technology. A
class of emerging memory technology is non-volatile memory
(NVM), which has the capability of retaining data even when
the memory is not powered. Since the memory organization
of NVM mostly resembles that of DRAM [71, 96, 147], we
believe that our characterization and optimization can be
extended to different types of NVMs, such as PCM [71, 72,
73, 116, 117, 147, 148], STT-MRAM [27, 41, 70], or NAND flash
memory [9,10,11,12,13,14,15,16,17,18,19,89,90,91] to further
enhance their reliability or performance.

6. Significance
Our SIGMETRICS 2016 paper [24] presents a new experimental characterization and analysis of latency variation
in modern DRAM chips. In this section, we describe the
potential impact that our study can have on the research
community and industry.

6.1. Potential Research Impact
Our paper develops a new way of using manufactured
DRAM chips: accessing different regions of memory using
each region’s inherent latency instead of a homogeneous
fixed standard latency for all regions of memory. We show
that (i) there is significant latency variation within a DRAM
chip, and (ii) it is possible to exploit the variation with simple mechanisms. We believe one key impact of our paper is
demonstrating the effectiveness of designing memory optimizations based on real-world characterization. We expect
that this same principle can be used to craft new memory
architectures for both existing and future memory technologies, such as SRAM, PCM [71, 72, 73, 116, 117, 147, 148],
STT-MRAM [27, 41, 70], or RRAM [144].
Our work exposes several opportunities for both operating
systems and hardware to further optimize for memory access
latency. We have open-sourced our raw characterization data,
to allow other researchers to further analyze and build off of
our work [120]. Other researchers can find many other ways
to take advantage of the insights and the characterization data
we provide. Our FLY-DRAM implementation is also available
as part of the open-source release of Ramulator [64, 119].
ECC to Reduce Latency. In our paper, we analyze the
distribution of timing errors (due to reduced latency) at the
granularity of data beats, as conventional error-correcting codes (ECC) work at the same granularity. Our data shows that
many of the erroneous data beats experience only a single-bit
error, while the majority of the data beats contain no errors.
Therefore, this creates an opportunity for applying ECC to
correct timing errors. We also envision an opportunity for
applying ECC to only certain regions of DRAM, which takes
advantage of the spatial locality of timing errors exposed by
our work. Lee et al. [76] provide examples of the use of ECC
to reduce latency further, but they apply ECC globally to the
entire DRAM chip. We believe a significant opportunity exists in customizing ECC to latency errors and different DRAM
reliability issues.
Data Pattern Dependence. We find that timing errors
caused by reducing activation latency are dependent on the
stored data pattern. Reading bit 1 is significantly more reliable than bit 0 at reduced activation latencies. This asymmetric sensing strength can potentially be a good direction
for studying DRAM reliability. Currently, DRAM commonly

6.2. Long-Term Impact on Industry
High main memory latency remains a problem for many
modern applications, such as in-memory databases (e.g., Redis [121], MemSQL [94], TimesTen [108]), Spark, Google’s
datacenter workloads [28, 55], and many mobile and interactive workloads. We propose two simple ideas that exploit
latency variation in existing DRAM chips. Both can be adopted relatively easily in the processor architecture (i.e., the
memory controller) or in the OS.
In addition to improving memory access latency, reducing the latency of the three fundamental DRAM operations also increases the effective memory bandwidth. To fully
utilize the available memory bandwidth, memory controllers would have to maximize the number of read or write
commands. However, due to interference between access
streams within and across applications, memory controllers
need to constantly open and close rows by issuing activate
and precharge commands due to an increasing number of
bank conflicts [44,68]. These commands increase the queuing
latency of accesses (read and write), thus decreasing the
effective memory bandwidth utilization.

6

28

Acknowledgments
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This paper summarizes our work on experimental characterization and analysis of reduced-voltage operation in modern
DRAM chips, which was published in SIGMETRICS 2017 [29],
and examines the work’s significance and future potential. This
work is motivated to reduce the energy consumption of DRAM,
which is a critical concern in modern computing systems. Improvements in manufacturing process technology have allowed
DRAM vendors to lower the DRAM supply voltage conservatively, which reduces some of the DRAM energy consumption.
We would like to reduce the DRAM supply voltage more aggressively, to further reduce energy. Aggressive supply voltage reduction requires a thorough understanding of the effect voltage
scaling has on DRAM access latency and DRAM reliability.

voltage and frequency scaling mechanisms for DRAM. We believe our experimental characterization and findings can pave
the way for new mechanisms that exploit DRAM voltage to
improve power, performance, energy, and reliability.

1. Motivation
In a wide range of modern computing systems, spanning from warehouse-scale data centers to mobile platforms,
energy consumption is a first-order concern [39, 56, 65, 105,
107]. In these systems, the energy consumed by the DRAMbased main memory system constitutes a significant fraction
of the total energy. For example, experimental studies of
production systems have shown that DRAM consumes 40%
of the total energy in servers [56, 140] and 40% of the total
power in graphics cards [115].
Improvements in manufacturing process technology have
allowed DRAM vendors to lower the DRAM supply voltage
conservatively, which reduces some of the DRAM energy consumption [59, 60, 61]. In this work, we would like to reduce
DRAM energy by further reducing DRAM supply voltage. Vendors choose a conservatively high supply voltage, to provide
a guardband that allows DRAM chips with worst-case process
variation to operate without errors under the worst-case operating conditions [36]. The exact amount of supply voltage
guardband varies across chips, and lowering the voltage below the guardband can result in erroneous or even undefined
behavior [29]. Therefore, we need to understand how DRAM
chips behave during reduced-voltage operation. To our knowledge, no previously published work examines the effect
of using a wide range of different supply voltage values on
the reliability, latency, and retention characteristics of DRAM
chips.
Our goal in our SIGMETRICS 2017 paper [29] is to (i) characterize and understand the relationship between supply
voltage reduction and various characteristics of DRAM, including DRAM reliability, latency, and data retention; and (ii) use
the insights derived from this characterization and understanding to design a new mechanism that can aggressively lower
the supply voltage to reduce DRAM energy consumption
while keeping performance loss under a bound.

We take a comprehensive approach to understanding and
exploiting the latency and reliability characteristics of modern DRAM when the supply voltage is lowered below the nominal voltage level specified by DRAM standards. Using an
open-source FPGA-based testing platform based on SoftMC [54],
we perform an experimental study of 124 real DDR3L (lowvoltage) DRAM chips manufactured recently by three major
DRAM vendors. We find that reducing the supply voltage below a certain point introduces bit errors in the data, and we
comprehensively characterize the behavior of these errors. We
discover that these errors can be avoided by increasing the latency of three major DRAM operations (activation, restoration,
and precharge). We perform detailed DRAM circuit simulations to validate and explain our experimental findings. We
also characterize the various relationships between reduced supply voltage and error locations, stored data patterns, DRAM
temperature, and data retention.
Based on our observations, we propose a new DRAM energy
reduction mechanism, called Voltron. The key idea of Voltron is
to use a performance model to determine by how much we can
reduce the supply voltage without introducing errors and without exceeding a user-specified threshold for performance loss.
Our evaluations show that Voltron reduces the average DRAM
and system energy consumption by 10.5% and 7.3%, respectively,
while limiting the average system performance loss to only 1.8%,
for a variety of memory-intensive quad-core workloads. We
also show that Voltron significantly outperforms prior dynamic
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To this end, we build an FPGA-based testing platform based on SoftMC [54] that allows us to tune the DRAM supply voltage and change DRAM timing parameters (i.e., the
amount of time the memory controller waits for a DRAM
operation to complete). We perform an experimental study
on 124 real 4Gb DDR3L (low-voltage) DRAM chips manufactured recently (between 2014 and 2016) by three major DRAM
vendors. Our extensive experimental characterization yields
four major observations on how DRAM latency, reliability,
and data retention are affected by reduced voltage.
Based on our experimental observations, we propose a new
low-cost DRAM energy reduction mechanism called Voltron.
The key idea of Voltron is to use a performance model to determine by how much we can reduce the DRAM array voltage
at runtime without introducing errors and without exceeding
a user-specified threshold for acceptable performance loss.
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Figure 1: The fraction of erroneous cache lines in each DIMM
as we reduce the supply voltage, with a fixed latency. Reproduced from [29].

of the data read from memory. However, not all cache lines exhibit errors for all supply voltage values below Vmin .
Instead, the number of erroneous cache lines for each DIMM
increases as we reduce the voltage further below Vmin . Specifically, Vendor A’s DIMMs experience a near-exponential
increase in errors as the supply voltage reduces below Vmin .
This is mainly due to the manufacturing process [90] and architectural variation [87], which introduces strength and size
variation across the different DRAM cells within a chip.
We make two major conclusions: (i) the variation of errors
due to reduced-voltage operation across vendors is very significant; and (ii) in most cases, there is a significant margin
in the voltage specification, i.e., Vmin for each chip is significantly lower than the manufacturer-specified supply voltage
value.

2.2. Longer Access Latency Mitigates
Voltage-Induced Errors

Total Number
Timing (ns)
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of Chips
(tRCD/tRP/tRAS)
Year
40
48
36
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In this section, we briefly summarize our four major observations from our detailed experimental characterization
of 31 commodity DRAM modules, also called DIMMs, from
three vendors, when the DIMMs operate under reduced supply voltage (i.e., below the nominal voltage level of 1.35V).
Each DIMM comprises 4 DDR3L DRAM chips, totaling to
124 chips for 31 DIMMs. Each chip has a 4Gb density. Thus,
each of our DIMMs has a 2GB capacity. Table 1 describes
the relevant information about the tested DIMMs. For a complete discussion on all of our observations and experimental
methodology, we refer the reader to our SIGMETRICS 2017
paper [29].
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C (9 DIMMs)
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2. Characterization of DRAM Under
Reduced Supply Voltage

Vendor

Vendor A

We observe that while reducing the voltage below Vmin
introduces bit errors in the data, we can prevent these
errors if we increase the timing parameters of three major DRAM operations, i.e., activation, restoration, and precharge [27,29,55,87,90].1 When the supply voltage is reduced,
the DRAM cell capacitor charge takes a longer time to change,
thereby causing these DRAM operations to become slower
to complete. Errors are introduced into the data when the
memory controller does not account for this slowdown in
the DRAM operations. We find that if the memory controller
allocates extra time for these operations to finish when the
supply voltage is below Vmin , errors no longer occur. We
validate, analyze, and explain this behavior using SPICE simulation of a detailed circuit-level model, which we have
openly released online [124]. Sections 4.1 and 4.2 of our SIGMETRICS 2017 paper [29] provide our extensive circuit-level
analyses, validated using data from real DRAM chips.

2015-16
2014-15
2015

Table 1: Main properties of the tested DIMMs. Reproduced
from [29].

2.1. DRAM Reliability as Voltage Decreases
We first study the reliability of DRAM chips under low
voltage, which was not studied by prior works on DRAM
voltage scaling (e.g., [36]; see Section 4 for a detailed discussion of these works). Figure 1 shows the fraction of cache
lines that experience at least 1 bit of error (i.e., 1 bit flip) in
each DIMM (represented by each curve), categorized based
on vendor.
We observe that we can reliably access data when DRAM
supply voltage is lowered below the nominal voltage level,
until a certain voltage value, Vmin , which is the minimum
voltage level at which no bit errors occur. Furthermore, we
find that we can reduce the voltage below Vmin to attain further energy savings, but that errors start occurring in some

1 We refer the reader to our prior works [26, 27, 28, 29, 54, 55, 72, 75, 77,
78, 79, 80, 87, 88, 90, 91, 92, 96, 97, 112, 128, 129] for a detailed background on
DRAM.
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supply voltage to the DRAM array, we need to increase the
fundamental operation latencies for only the regions where
errors can occur.

2.3. Spatial Locality of Errors
While reducing the supply voltage induces errors when
the DRAM latency is not long enough, we also show that not
all DRAM locations experience errors at all supply voltage
levels. To understand the locality of the errors induced by a
low supply voltage, we show the probability of each DRAM
row in a DIMM experiencing at least one bit of error across
all experiments.
Figure 2 shows the probability of each row experiencing
at least a one-bit error due to reduced voltage in the two
representative DIMMs. For each DIMM, we choose the supply
voltage at which errors start appearing (i.e., the voltage level
one step below Vmin ), and we do not increase the DRAM
access latency (i.e., keep it at 10ns for both tRCD and tRP,
which are the activation and precharge timing parameters,
respectively). The x-axis and y-axis indicate the bank number
and row number (in thousands), respectively. Our tested
DIMMs are divided into eight banks, and each bank consists
of 32K rows of cells. Additional results showing the error
locations at different voltage levels are in our SIGMETRICS
2017 paper [29].

2.4. Impact on Refresh Rate
Commodity DRAM chips guarantee that all cells can safely
retain data for 64ms, after which the cells are refreshed to
replenish charge that leaks out of the capacitors [26, 96, 97].
We observe that the effect of the supply voltage on retention
times is not statistically significant. Even when we reduce the
supply voltage from 1.35V to 1.15V (i.e., a 15% reduction), the
rate at which charge leaks from the capacitors is so slow that
no data is lost during the 64ms refresh interval at both 20℃
and 70℃. Therefore, we conclude that using a reduced supply
voltage does not require any changes to the standard refresh
interval at 20℃ and 70℃. Detailed results are in Section 4.6
of our SIGMETRICS 2017 paper [29].

2.5. Other Experimental Observations
We refer the reader to our SIGMETRICS 2017 paper [29]
for more details on the other two key observations. First,
we find that the most commonly-used ECC scheme, SECDED [66, 99, 132], is unlikely to alleviate errors induced
by a low supply voltage. This is because lowering voltage
increases the fraction of data that contains more than two bits
of errors, exceeding the one-bit correction capability of SECDED (see Section 4.4 of our SIGMETRICS 2017 paper [29]).
Second, temperature affects the reliable access latency at low
supply voltage levels and the effect is very vendor-dependent
(see Section 4.5 of our SIGMETRICS 2017 paper [29]). Out of
the three major vendors whose DIMMs we evaluate, DIMMs
from two vendors require longer activation and precharge
latencies to operate reliably at high temperature under low
supply voltage. The main reason is that DRAM chips become
slower at higher temperature [24, 87, 90].

(a) DIMM B6 of vendor B at 1.05V.

3. Exploiting Reduced-Voltage Behavior
Based on the extensive understanding we have developed
on reduced-voltage operation of real DRAM chips, we propose a new mechanism called Voltron, which reduces DRAM
energy without sacrificing memory throughput. Voltron exploits the fundamental observation that reducing the supply
voltage to DRAM requires increasing the latency of the three
DRAM operations in order to prevent errors. Using this observation, the key idea of Voltron is to use a performance
model to determine by how much to reduce the DRAM supply
voltage, without introducing errors and without exceeding a
user-specified threshold for performance loss. Voltron consists of two main components: (i) array voltage scaling and
(ii) performance-aware voltage control.

(b) DIMM C2 of vendor C at 1.20V.
Figure 2: The probability of error occurrence for two representative DIMMs, categorized into different rows and banks,
due to reduced voltage. Reproduced from [29].

The major observation is that when only a small number
of errors occur due to reduced supply voltage, these errors
tend to cluster physically in certain regions of a DRAM chip,
as opposed to being randomly distributed throughout the
chip.2 This observation implies that when we reduce the

3.1. Components of Voltron
Array Voltage Scaling. Unlike prior works, Voltron does
not reduce the voltage of the peripheral circuitry, which is

2 We

believe this observation is due to both process and architectural
variation across different regions in the DRAM chip.
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responsible for transferring commands and data between the
memory controller and the DRAM chip. If Voltron were to
reduce the voltage of the peripheral circuitry, we would have
to also reduce the operating frequency of DRAM. A reduction
in the operating frequency reduces the memory data throughput, which can significantly degrade the performance of
applications that require high memory bandwidth. Instead,
Voltron reduces the voltage supplied to only the DRAM array without changing the voltage supplied to the peripheral
circuitry, thereby allowing the DRAM channel to maintain
a high frequency while reducing the power consumption
of the DRAM array. To prevent errors from occurring during reduced-voltage operation, Voltron increases the latency
of the three DRAM operations (activation, restoration, and
precharge) based our observation in Section 2.2.
Performance-Aware Voltage Control. Array voltage scaling provides system users with the ability to decrease DRAM
array voltage (Varray ) to reduce DRAM power. Employing a
lower Varray provides greater power savings, but at the cost
of longer DRAM access latency, which leads to larger performance degradation. This trade-off varies widely across different applications, as each application has a different tolerance
to the increased memory latency. This raises the question of
how to pick a “suitable” array voltage level for different applications as a system user or designer. For our evaluations, we
say that an array voltage level is suitable if it does not degrade
system performance by more than a user-specified threshold.
Our goal is to provide a simple technique that can automatically select a suitable Varray value for different applications.
To this end, we propose performance-aware voltage control, a
power–performance management policy that selects a minimum Varray which satisfies a desired performance constraint.
The key observation is that an application’s performance loss
(due to increased memory latency) scales linearly with the application’s memory demand (e.g., memory intensity). Based
on this empirical observation we make, we build a performance loss predictor that leverages a linear model to predict
an application’s performance loss based on its characteristics
and the effect of different voltage level choices at runtime.
Using the performance loss predictor, Voltron finds a value
of Varray that can keep the predicted performance within
the user-specified target at runtime. We refer the reader to
Section 5.2 of our SIGMETRICS 2017 paper [29] for more
detail and for an evaluation of the performance model alone.

We refer the reader to Section 6.1 of our SIGMETRICS 2017
paper [29] for more detail on the system configuration and
workloads. We qualitatively and quantitatively compare Voltron to MemDVFS, a dynamic DRAM frequency and voltage
scaling mechanism proposed by prior work [36].

3.2. Evaluation

Second, as shown in Figure 3 (right), Voltron consistently
selects a Varray value that satisfies the performance loss bound
of 5% across all workloads. Voltron incurs an average (maximum) performance loss of 2.5% (4.4%) and 2.9% (4.1%) for
non-memory-intensive and memory-intensive workloads, respectively. This demonstrates that our performance model
enables Voltron to select a low voltage value that saves energy
while bounding performance loss based on the user’s requirement.

Figure 3 shows the system energy savings and the system
performance (i.e., weighted speedup [43, 131]) loss due to
MemDVFS and Voltron, compared to a baseline DRAM with
a supply voltage of 1.35V. The graph uses box plots to show
the distribution among all workloads that are categorized
as either non-memory-intensive or memory-intensive. The
memory intensity is determined based on the commonly-used
metric MPKI (last-level cache misses per kilo-instruction). We
categorize an application as memory intensive when its MPKI
is greater than or equal to 15. We make two observations.
Voltron
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Figure 3: Energy (left) and performance (right) comparison
between Voltron and MemDVFS on non-memory-intensive
and memory-intensive workloads. Adapted from [29].

First, Voltron is effective and saves more energy than
MemDVFS. MemDVFS has almost zero effect on memoryintensive workloads. This is because MemDVFS avoids scaling DRAM frequency (and hence voltage) when an application’s memory bandwidth utilization is above a fixed threshold. Reducing the frequency can result in a large performance loss since the memory-intensive workloads require
high memory throughput. As memory-intensive applications have high memory bandwidth consumption that easily
exceeds the fixed threshold used by MemDVFS, MemDVFS
cannot perform frequency and voltage scaling during most
of the execution time. In contrast, Voltron reduces system
energy by 7.0% on average for memory-intensive workloads.
Thus, we demonstrate that Voltron is an effective mechanism that improves system energy efficiency not only on
non-memory-intensive applications, but also (especially) on
memory-intensive workloads where prior work was unable
to do so.

We evaluate the system-level energy and performance impact of Voltron using Ramulator [75, 124], integrated with
McPAT [93] and DRAMPower [25] for modeling the energy
consumption of both the processor and DRAM. Our workloads consist of 27 benchmarks from SPEC CPU2006 [134]
and YCSB [34]. We evaluate Voltron with a target performance loss of 5%. Voltron executes the performance-aware
voltage control mechanism once every four million cycles.
4
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Our SIGMETRICS 2017 paper contains extensive performance and energy analysis of the Voltron mechanism in Sections 6.2 to 6.8 [29]. In particular, we show that if we exploit
spatial locality of errors (Section 2.3), we can improve the
performance benefits of Voltron, reducing the average performance loss for memory-intensive workloads to 1.8% (see
Section 6.5 of our SIGMETRICS 2017 paper [29]). We refer the
reader to these sections for a detailed evaluation of Voltron.

ses, whereas, as we show in Section 3.2, our mechanism is
especially effective on memory-intensive workloads.
Low-Power DDR DRAM Chips. Low-power DDR
(LPDDR) [59, 61, 112] is a specific type of DRAM that is optimized for low-power systems like mobile devices. To reduce
power consumption, LPDDRx (currently in its 4th generation) employs a few major design changes that differ from
conventional DDRx chips. First, LPDDRx uses a low-voltage
swing I/O interface that consumes 40% less I/O power than
DDR4 DRAM [33]. Second, it supports additional low-power
modes with a lower supply voltage. Since the LPDDRx array design remains the same as DDRx, our observations on
the correlation between access latency and array voltage are
applicable to LPDDRx DRAM as well. Voltron, our proposal, can provide significant benefits in LPDDRx, since array
energy consumption is significantly higher than the energy
consumption of peripheral circuitry in LPDDRx chips [33].
We leave the detailed evaluation of LPDDRx chips for future
work since our current experimental platform is not capable
of evaluating them. Two recent experimental works [72, 112]
examine the retention time behavior of LPDDRx chips and
find it to be similar to DDRx chips.

4. Related Work
To our knowledge, this is the first work to (i) experimentally characterize the reliability and performance of modern
low-power DRAM chips under different supply voltages, and
(ii) introduce a new mechanism that reduces DRAM energy
while retaining high memory data throughput by adjusting
the DRAM array voltage. We briefly discuss other prior work
in DRAM energy reduction.
DRAM Frequency and Voltage Scaling. Many prior
works propose to reduce DRAM energy by adjusting the
memory channel frequency and/or the DRAM supply voltage
dynamically. Deng et al. [39] propose MemScale, which scales
the frequency of DRAM at runtime based on a performance
predictor of an in-order processor. Other work focuses on
developing management policies to improve system energy
efficiency by coordinating DRAM DFS with DVFS on the
CPU [12,37,38] or GPU [115]. In addition to frequency scaling,
David et al. [36] propose to scale the DRAM supply voltage
along with the memory channel frequency, based on the
memory bandwidth utilization of applications.
In contrast to all these works, our work focuses on a detailed experimental characterization of real DRAM chips as
the supply voltage varies. Our study provides fundamental observations for potential mechanisms that can mitigate DRAM
and system energy consumption. Furthermore, frequency scaling hurts memory throughput, and thus significantly degrades the system performance of especially memory-intensive
workloads (see Section 2.4 in our SIGMETRICS 2017 paper [29] for our quantitative analysis). We demonstrate the
importance and benefits of exploiting our experimental observations by proposing Voltron, one new example mechanism that uses our observations to reduce DRAM and system
energy without sacrificing memory throughput.
Low-Power Modes for DRAM. Modern DRAM chips
support various low-power standby modes. Entering and
exiting these modes incurs some amount of latency, which
delays memory requests that must be serviced. To increase
the opportunities to exploit these low-power modes, several
prior works propose mechanisms that increase periods of
memory idleness through data placement (e.g., [44, 83]) and
memory traffic reshaping (e.g., [2, 9, 14, 40, 100]). Exploiting
low-power modes is orthogonal to our work on studying the
impact of reduced-voltage operation in DRAM. Furthermore,
low-power modes have a smaller effect on memory-intensive
workloads, which exhibit little idleness in memory acces-

Low-Power DRAM Architectures. Prior works (e.g., [31,
35, 137, 150]) propose to modify the DRAM chip architecture
to reduce the ACTIVATE power by activating only a fraction of
a row instead of the entire row. Another common technique,
called sub-ranking or mini-ranks, reduces dynamic DRAM
power by accessing data from a subset of chips from a DRAM
module [139, 145, 152]. A couple of prior works [102, 144] propose DRAM module architectures that integrate many lowfrequency LPDDR chips to enable DRAM power reduction.
These proposed changes to DRAM chips or DIMMs are orthogonal to our work.
Reducing Refresh Power. In modern DRAM chips, although different DRAM cells have widely different retention
times [74, 96, 112], memory controllers conservatively refresh
all of the cells based on the retention time of a small fraction of
weak cells, which have the longest retention time out of all of
the cells. To reduce DRAM refresh power, many prior works
(e.g., [3,11,13,68,69,70,71,95,96,97,106,108,110,112,119,138])
propose mechanisms to reduce unnecessary refresh operations, and, thus, refresh power, by characterizing the retention
time profile (i.e., the data retention behavior of each cell)
within the DRAM chips. However, these techniques do not
reduce the power of other DRAM operations, and these prior
works do not provide an experimental characterization of the
effect of reduced voltage levels on data retention time.
Improving DRAM Energy Efficiency by Reducing Latency or Improving Parallelism. Various prior works
(e.g., [26, 28, 54, 55, 80, 87, 88, 89, 90, 91, 92, 107, 128, 129, 130])
improve DRAM energy efficiency by reducing the execution
time through techniques that reduce the DRAM access latency
or improve parallelism between memory requests. These me5
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chanisms are orthogonal to ours, because they do not reduce
the voltage level of DRAM.
Improving Energy Efficiency by Processing in Memory. Various prior works [4, 5, 6, 10, 16, 17, 28, 41, 45, 46,
48, 49, 50, 51, 53, 57, 58, 67, 73, 81, 101, 111, 113, 114, 118, 126, 127,
129, 130, 135, 136, 149] examine processing in memory to improve energy efficiency. Our analyses and techniques can be
combined with these works to enable low-voltage operation
in processing-in-memory engines.
Experimental Studies of DRAM Chips. Recent works
experimentally investigate various reliability, data retention,
and latency characteristics of modern DRAM chips [24, 27,
54, 63, 64, 70, 71, 76, 77, 87, 89, 90, 96, 97, 104, 112, 125, 132, 133]
usually using FPGA-based DRAM testing infrastructures, like
SoftMC [54], or using large-scale data from the field. None
of these works study these characteristics under reducedvoltage operation, which we do in this paper.
Reduced-Voltage Operation in SRAM Caches. Prior
works propose different techniques to enable SRAM caches
to operate under reduced voltage levels (e.g., [7, 8, 32, 123, 141,
142]). These works are orthogonal to our experimental study
because we focus on understanding and enabling reducedvoltage operation in DRAM, which is a significantly different
memory technology than SRAM.

understand how DRAM chips behave under reduced-voltage
operation.
To enable the development of new mechanisms that leverage reduce-voltage operation in DRAM, we provide the
first set of comprehensive experimental results on the effect
of using a wide range of different supply voltage values on
the reliability, latency, and retention characteristics of DRAM
chips. In this work, we demonstrate how we can use our experimental data to design a new mechanism, Voltron (Section 3),
which reduces DRAM energy consumption through voltage
reduction. Therefore, we believe that understanding and
leveraging reduced-voltage operation will help industry improve the energy efficiency of memory subsystems.

5.2. Potential Research Impact
Our paper sheds new light on the feasibility of enabling
reduced-voltage operation in manufactured DRAM chips.
One important research question that our work raises is how
do modern DRAM chips behave under a wide range of supply
voltage levels? Existing systems are limited to a few DRAM
power states, which prevent DRAM from serving memory
accesses when it enters a low-power state. However, in our
work, we show that it is possible to operate commodity DRAM
chips under a wide range of supply voltage levels while still
being able to serve memory accesses under a different set of
trade-offs. To facilitate further research initiative to exploit
reduced-voltage operation in DRAM chips, we have opensourced our characterization results, FPGA-based testing platform [54], and DRAM SPICE circuit model (for validation) in
our GitHub repository [124]. We believe that these tools can
be extended for other research objectives besides studying
voltage reduction in DRAM. One potential direction is to leverage our results to design mechanisms that reduce DRAM
latency by operating DRAM at a higher supply voltage.

5. Significance
Our SIGMETRICS 2017 paper [29] presents a new set of
detailed experimental characterization and analyses on the
voltage-latency-reliability trade-offs in modern DRAM chips.
In this section, we describe the potential impact that our study
can bring to the research community and industry.

5.1. Potential Industry Impact
We believe our experimental characterization results and
proposed mechanism can have significant impact in fastgrowing data centers as well as mobile systems, where DRAM
power consumption is growing due to higher demand for memory capacity for certain types of service (e.g., memcached).
To reduce the energy and power consumed by DRAM, DRAM
manufacturers have been decreasing the supply voltage of
DRAM chips with newer DRAM standards (e.g., DDR4) or
low-voltage variants of DDR, such as LPDDR4 (Low-Power
DDR4) and DDR3L (DDR3 Low-voltage). However, the supply
voltage reduction has been conservative with each new DDR
standard, which takes years to be adopted by the vendors and
the market. For example, since the release of DDR3L (1.35V)
in 2010, the supply voltage has reduced by only 11% with the
latest DDR4 standard (1.2V) released in 2014. Furthermore,
since the release of DDR4 in 2014, the supply voltage for most
commodity DDR4 chips has remained at 1.2V. As a result,
further reducing DRAM supply voltage below the standard
voltage, as we do in our SIGMETRICS 2017 paper [29], can
be a very effective way of reducing DRAM power consumption. However, to do so, we need to carefully and rigorously

5.3. Applicability to Other Memory Technologies
We believe the high-level ideas of our work can be leveraged in the context of other memory technologies, such as
NAND flash memory [19, 20, 21], PCM [84, 85, 86, 103, 120,
121, 146, 147], STT-MRAM [30, 52, 82, 103, 109], RRAM [143],
or hybrid memory systems [1, 15, 42, 47, 62, 94, 98, 103, 116,
117, 121, 122, 146, 148, 151]. A recent work on NAND flash
memory, for example, proposes reducing the pass-through
voltage [18, 19, 20, 21] to reduce read disturb errors, which
in turn saves energy. We refer the reader to past works on
NAND flash memory for a more detailed analysis of reliabilityvoltage trade-offs [18, 19, 20, 21, 22, 23]. We hope our work inspires characterization and understanding of reduced-voltage
operation in other memory technologies, with the goal of
enabling a more energy-efficient system design.

6. Conclusion
Our SIGMETRICS 2017 paper [29] provides the first experimental study that comprehensively characterizes and analyzes the behavior of DRAM chips when the supply voltage
6
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is reduced below its nominal value. We demonstrate, using
124 DDR3L DRAM chips, that the DRAM supply voltage can
be reliably reduced to a certain level, beyond which errors
arise within the data. We then experimentally demonstrate
the relationship between the supply voltage and the latency
of the fundamental DRAM operations (activation, restoration,
and precharge). We show that bit errors caused by reducedvoltage operation can be eliminated by increasing the latency
of the three fundamental DRAM operations. By changing
the memory controller configuration to allow for the longer
latency of these operations, we can thus further lower the
supply voltage without inducing errors in the data. We also
experimentally characterize the relationship between reduced supply voltage and error locations, stored data patterns,
temperature, and data retention.
Based on these observations, we propose and evaluate Voltron, a low-cost energy reduction mechanism that reduces
DRAM energy without affecting memory data throughput.
Voltron reduces the supply voltage for only the DRAM array,
while maintaining the nominal voltage for the peripheral circuitry to continue operating the memory channel at a high
frequency. Voltron uses a new piecewise linear performance
model to find the array supply voltage that maximizes the
system energy reduction within a given performance loss
target. Our experimental evaluations across a wide variety
of workloads demonstrate that Voltron significantly reduces
system energy consumption with only very modest performance loss.
We conclude that it is very promising to understand and
exploit reduced-voltage operation in modern DRAM chips.
We hope that the experimental characterization, analysis, and
optimization techniques presented in our SIGMETRICS 2017
paper will enable the development of other new mechanisms
that can effectively exploit the trade-offs between voltage,
reliability, and latency in DRAM to improve system performance, efficiency, and/or reliability. We also hope that our paper’s studies inspire new experimental studies to understand
reduced-voltage operation in other memory technologies,
such as NAND flash memory, PCM, and STT-MRAM.

[5] J. Ahn et al., “PIM-Enabled Instructions: A Low-Overhead, Locality-Aware
Processing-in-Memory Architecture,” in ISCA, 2015.
[6] B. Akin et al., “Data Reorganization in Memory Using 3D-stacked DRAM,” in
ISCA, 2015.
[7] A. R. Alameldeen et al., “Adaptive Cache Design to Enable Reliable Low-Voltage
Operation,” IEEE TC, 2011.
[8] A. R. Alameldeen et al., “Energy-Efficient Cache Design Using Variable-Strength
Error-Correcting Codes,” in ISCA, 2011.
[9] A. M. Amin and Z. A. Chishti, “Rank-aware Cache Replacement and Write Buffering to Improve DRAM Energy Efficiency,” in ISLPED, 2010.
[10] O. O. Babarinsa and S. Idreos, “Jafar: Near-data processing for databases,” in
SIGMOD, 2015.
[11] S. Baek et al., “Refresh Now and Then,” IEEE TC, vol. 63, no. 12, pp. 3114–3126,
2014.
[12] R. Begum et al., “Energy-Performance Trade-offs on Energy-Constrained Devices with Multi-component DVFS,” in IISWC, 2015.
[13] I. Bhati et al., “Flexible Auto-refresh: Enabling Scalable and Energy-efficient
DRAM Refresh Reductions,” in ISCA, 2015.
[14] M. Bi et al., “Delay-Hiding Energy Management Mechanisms for DRAM,” in
HPCA, 2010.
[15] S. Bock et al., “Concurrent Migration of Multiple Pages in Software-Managed
Hybrid Main Memory,” in ICCD, 2016.
[16] A. Boroumand et al., “LazyPIM: An Efficient Cache Coherence Mechanism for
Processing-in-Memory,” CAL, 2016.
[17] A. Boroumand et al., “Google Workloads for Consumer Devices: Mitigating Data
Movement Bottlenecks,” in ASPLOS, 2018.
[18] Y. Cai et al., “Read Disturb Errors in MLC NAND Flash Memory: Characterization and Mitigation,” in DSN, 2015.
[19] Y. Cai et al., “Error Characterization, Mitigation, and Recovery in Flash-MemoryBased Solid-State Drives,” Proceedings of the IEEE, 2017.
[20] Y. Cai et al., “Error Characterization, Mitigation, and Recovery in Flash Memory
Based Solid-State Drives,” arXiv:1706.08642 [cs.AR], 2017.
[21] Y. Cai et al., “Errors in Flash-Memory-Based Solid-State Drives: Analysis, Mitigation, and Recovery,” arXiv:1711.11427 [cs.AR], 2017.
[22] Y. Cai et al., “Vulnerabilities in MLC NAND Flash Memory Programming: Experimental Analysis, Exploits, and Mitigation Techniques,” in HPCA, 2017.
[23] Y. Cai et al., “Data Retention in MLC NAND Flash Memory: Characterization,
Optimization, and Recovery,” in HPCA, 2015.
[24] K. Chandrasekar et al., “Exploiting Expendable Process-Margins in DRAMs for
Run-Time Performance Optimization,” in DATE, 2014.
[25] K. Chandrasekar et al., “DRAMPower: Open-source DRAM Power & Energy Estimation Tool,” http://www.drampower.info.
[26] K. K. Chang et al., “Improving DRAM Performance by Parallelizing Refreshes
with Accesses,” in HPCA, 2014.
[27] K. K. Chang et al., “Understanding Latency Variation in Modern DRAM Chips:
Experimental Characterization, Analysis, and Optimization,” in SIGMETRICS,
2016.
[28] K. K. Chang et al., “Low-Cost Inter-Linked Subarrays (LISA): Enabling Fast InterSubarray Data Movement in DRAM,” in HPCA, 2016.
[29] K. K. Chang et al., “Understanding Reduced-Voltage Operation in Modern DRAM
Devices: Experimental Characterization, Analysis, and Mechanisms,” in SIGMETRICS, 2017.
[30] M. T. Chang et al., “Technology Comparison for Large Last-Level Caches (L3Cs):
Low-Leakage SRAM, Low Write-Energy STT-RAM, and Refresh-Optimized
eDRAM,” in HPCA, 2013.
[31] N. Chatterjee et al., “Architecting an Energy-Efficient DRAM System for GPUs,”
in HPCA, 2017.
[32] Z. Chishti et al., “Improving Cache Lifetime Reliability at Ultra-Low Voltages,”
in MICRO, 2009.
[33] J. Choi, “LPDDR4: Evolution for new Mobile World,” in MEMCON, 2013.
Available:
http://www.memcon.com/pdfs/proceedings2013/track1/LPDDR4_
Evolution_for_a_New_Mobile_World.pdf
[34] B. F. Cooper et al., “Benchmarking Cloud Serving Systems with YCSB,” in SOCC,
2010.
[35] E. Cooper-Balis and B. Jacob, “Fine-Grained Activation for Power Reduction in
DRAM,” IEEE Micro, vol. 30, no. 3, pp. 34–47, 2010.
[36] H. David et al., “Memory Power Management via Dynamic Voltage/Frequency
Scaling,” in ICAC, 2011.
[37] Q. Deng et al., “CoScale: Coordinating CPU and Memory System DVFS in Server
Systems,” in MICRO, 2012.
[38] Q. Deng et al., “MultiScale: Memory System DVFS with Multiple Memory Controllers,” in ISLPED, 2012.
[39] Q. Deng et al., “MemScale: Active Low-power Modes for Main Memory,” in ASPLOS, 2011.
[40] B. Diniz et al., “Limiting the Power Consumption of Main Memory,” in ISCA,
2007.
[41] J. Draper et al., “The Architecture of the DIVA Processing-in-memory Chip,” in
ICS, 2002.
[42] S. R. Dulloor et al., “Data Tiering in Heterogeneous Memory Systems,” in EuroSys,
2016.

Acknowledgments
We thank the anonymous reviewers of SIGMETRICS 2017
and SAFARI group members for their feedback. We acknowledge the support of Google, Intel, NVIDIA, Samsung, VMware, and the United States Department of Energy. This research was supported in part by the ISTC-CC, SRC, and NSF
(grants 1212962 and 1320531). Kevin Chang was supported
in part by an SRCEA/Intel Fellowship.

References
[1] N. Agarwal and T. F. Wenisch, “Thermostat: Application-Transparent Page Management for Two-Tiered Main Memory,” in ASPLOS, 2017.
[2] N. Aggarwal et al., “Power-Efficient DRAM Speculation,” in HPCA, 2008.
[3] A. Agrawal et al., “Mosaic: Exploiting the spatial locality of process variation to
reduce refresh energy in on-chip eDRAM modules,” in HPCA, 2014.
[4] J. Ahn et al., “A Scalable Processing-in-Memory Accelerator for Parallel Graph
Processing,” in ISCA, 2015.

7

38

[43] S. Eyerman and L. Eeckhout, “System-Level Performance Metrics for Multiprogram Workloads,” IEEE Micro, 2008.
[44] X. Fan et al., “Memory Controller Policies for DRAM Power Management,” in
ISLPED, 2001.
[45] A. Farmahini-Farahani et al., “NDA: Near-DRAM acceleration architecture leveraging commodity DRAM devices and standard memory modules,” in HPCA,
2015.
[46] B. B. Fraguela et al., “Programming the FlexRAM Parallel Intelligent Memory
System,” in PPoPP, 2003.
[47] K. Gai et al., “Smart Energy-Aware Data Allocation for Heterogeneous Memory,”
in HPCC, 2016.
[48] M. Gao et al., “Practical near-data processing for in-memory analytics frameworks,” in PACT, 2015.
[49] M. Gao and C. Kozyrakis, “HRL: Efficient and flexible reconfigurable logic for
near-data processing,” in HPCA, 2016.
[50] M. Gokhale et al., “Processing in memory: the Terasys massively parallel PIM
array,” Computer, vol. 28, no. 4, pp. 23–31, 1995.
[51] Q. Guo et al., “3D-Stacked Memory-Side Acceleration: Accelerator and System
Design,” in WONDP, 2014.
[52] X. Guo et al., “Resistive Computation: Avoiding the Power Wall with LowLeakage, STT-MRAM Based Computing,” in ISCA, 2010.
[53] M. Hashemi et al., “Accelerating Dependent Cache Misses with an Enhanced
Memory Controller,” in ISCA, 2016.
[54] H. Hassan et al., “SoftMC: A Flexible and Practical Open-Source Infrastructure
for Enabling Experimental DRAM Studies,” in HPCA, 2017.
[55] H. Hassan et al., “ChargeCache: Reducing DRAM Latency by Exploiting Row
Access Locality,” in HPCA, 2016.
[56] U. Höelzle and L. A. Barroso, The Datacenter as a Computer: An Introduction to
the Design of Warehouse-Scale Machines. Morgan & Claypool, 2009.
[57] K. Hsieh et al., “Transparent Offloading and Mapping (TOM): Enabling
Programmer-Transparent Near-Data Processing in GPU Systems,” in ISCA, 2016.
[58] K. Hsieh et al., “Accelerating pointer chasing in 3D-stacked memory: Challenges,
mechanisms, evaluation,” in ICCD, 2016.
[59] JEDEC, “Low Power Double Data Rate 3 (LPDDR3),” 2012.
[60] JEDEC, “Addendum No.1 to JESD79-3 - 1.35V DDR3L-800, DDR3L-1066, DDR3L1333, DDR3L-1600, and DDR3L-1866,” 2013.
[61] JEDEC, “Low Power Double Data Rate 4 (LPDDR4),” 2014.
[62] X. Jiang et al., “CHOP: Adaptive Filter-Based DRAM Caching for CMP Server
Platforms,” in HPCA, 2010.
[63] M. Jung et al., “A New Bank Sensitive DRAMPower Model for Efficient Design
Space Exploration,” in PATMOS, 2016.
[64] M. Jung et al., “Reverse Engineering of DRAMs: Row Hammer with Crosshair,”
in MEMSYS, 2016.
[65] R. Kalla et al., “Power7: IBM’s Next-Generation Server Processor,” IEEE Micro,
vol. 30, no. 2, pp. 7–15, 2010.
[66] U. Kang et al., “Co-Architecting Controllers and DRAM to Enhance DRAM Process Scaling,” in The Memory Forum, 2014.
[67] Y. Kang et al., “FlexRAM: toward an advanced intelligent memory system,” in
ICCD, 1999.
[68] S. Khan et al., “Detecting and Mitigating Data-Dependent DRAM Failures by
Exploiting Current Memory Content,” in MICRO, 2017.
[69] S. Khan et al., “A Case for Memory Content-Based Detection and Mitigation of
Data-Dependent Failures in DRAM,” CAL, 2016.
[70] S. Khan et al., “PARBOR: An Efficient System-Level Technique to Detect Data
Dependent Failures in DRAM,” in DSN, 2016.
[71] S. Khan et al., “The Efficacy of Error Mitigation Techniques for DRAM Retention
Failures: A Comparative Experimental Study,” in SIGMETRICS, 2014.
[72] J. S. Kim et al., “The DRAM Latency PUF: Quickly Evaluating Physical Unclonable Functions by Exploiting the Latency–Reliability Tradeoff in Modern DRAM
Devices,” in HPCA, 2018.
[73] J. S. Kim et al., “GRIM-Filter: Fast Seed Location Filtering in DNA Read Mapping
Using Processing-in-Memory Technologies,” BMC Genomics, 2018.
[74] K. Kim and J. Lee, “A New Investigation of Data Retention Time in Truly Nanoscaled DRAMs,” EDL, vol. 30, no. 8, pp. 846–848, 2009.
[75] Y. Kim et al., “Ramulator: A Fast and Extensible DRAM Simulator,” CAL, 2015.
[76] Y. Kim, “Architectural Techniques to Enhance DRAM Scaling,” Ph.D. dissertation,
Carnegie Mellon University, 2015.
[77] Y. Kim et al., “Flipping Bits in Memory Without Accessing Them: An Experimental Study of DRAM Disturbance Errors,” in ISCA, 2014.
[78] Y. Kim et al., “ATLAS: A Scalable and High-Performance Scheduling Algorithm
for Multiple Memory Controllers,” in HPCA, 2010.
[79] Y. Kim et al., “Thread Cluster Memory Scheduling: Exploiting Differences in
Memory Access Behavior,” in MICRO, 2010.
[80] Y. Kim et al., “A Case for Exploiting Subarray-Level Parallelism (SALP) in
DRAM,” in ISCA, 2012.
[81] P. M. Kogge, “EXECUBE-A New Architecture for Scaleable MPPs,” in ICPP, 1994.
[82] E. Kultursay et al., “Evaluating STT-RAM as an energy-efficient main memory
alternative,” in ISPASS, 2013.
[83] A. R. Lebeck et al., “Power Aware Page Allocation,” in ASPLOS, 2000.
[84] B. C. Lee et al., “Architecting Phase Change Memory as a Scalable DRAM Alternative,” in ISCA, 2009.

[85] B. C. Lee et al., “Phase Change Memory Architecture and the Quest for Scalability,” CACM, vol. 53, no. 7, pp. 99–106, 2010.
[86] B. C. Lee et al., “Phase-Change Technology and the Future of Main Memory,”
IEEE Micro, vol. 30, no. 1, pp. 143–143, 2010.
[87] D. Lee et al., “Design-Induced Latency Variation in Modern DRAM Chips: Characterization, Analysis, and Latency Reduction Mechanisms,” in SIGMETRICS,
2017.
[88] D. Lee et al., “Decoupled Direct Memory Access: Isolating CPU and IO Traffic
by Leveraging a Dual-Data-Port DRAM,” in PACT, 2015.
[89] D. Lee, “Reducing DRAM Latency at Low Cost by Exploiting Heterogeneity,”
Ph.D. dissertation, Carnegie Mellon University, 2016.
[90] D. Lee et al., “Adaptive-Latency DRAM: Optimizing DRAM Timing for the
Common-Case,” in HPCA, 2015.
[91] D. Lee et al., “Tiered-Latency DRAM: A Low Latency and Low Cost DRAM Architecture,” in HPCA, 2013.
[92] D. Lee et al., “Simultaneous Multi Layer Access: A High Bandwidth and Low
Cost 3D-Stacked Memory Interface,” TACO, 2016.
[93] S. Li et al., “McPAT: An Integrated Power, Area, and Timing Modeling Framework for Multicore and Manycore Architectures,” in MICRO, 2009.
[94] Y. Li et al., “Utility-Based Hybrid Memory Management,” in CLUSTER, 2017.
[95] C. H. Lin et al., “SECRET: Selective Error Correction for Refresh Energy Reduction in DRAMs,” in ICCD, 2012.
[96] J. Liu et al., “An Experimental Study of Data Retention Behavior in Modern
DRAM Devices: Implications for Retention Time Profiling Mechanisms,” in ISCA,
2013.
[97] J. Liu et al., “RAIDR: Retention-Aware Intelligent DRAM Refresh,” in ISCA, 2012.
[98] L. Liu et al., “Memos: A Full Hierarchy Hybrid Memory Management Framework,” in ICCD, 2016.
[99] Y. Luo et al., “Characterizing Application Memory Error Vulnerability to Optimize Datacenter Cost via Heterogeneous-Reliability Memory,” in DSN, 2014.
[100] C. Lyuh and T. Kim, “Memory Access Scheduling and Binding Considering
Energy Minimization in Multi-Bank Memory Systems,” in DAC, 2004.
[101] K. Mai et al., “Smart memories: a modular reconfigurable architecture,” in ISCA,
2000.
[102] K. T. Malladi et al., “Towards Energy-Proportional Datacenter Memory with Mobile DRAM,” in ISCA, 2012.
[103] J. Meza et al., “A Case for Efficient Hardware/Software Cooperative Management
of Storage and Memory,” in WEED, 2013.
[104] J. Meza et al., “Revisiting Memory Errors in Large-Scale Production Data Centers:
Analysis and Modeling of New Trends from the Field,” in DSN, 2015.
[105] T. Mudge, “Power: a first-class architectural design constraint,” Computer, vol. 34,
no. 4, pp. 52–58, 2001.
[106] O. Mutlu, “The RowHammer problem and other issues we may face as memory
becomes denser,” in DATE, 2017.
[107] O. Mutlu, “Memory Scaling: A Systems Architecture Perspective,” IMW, 2013.
[108] O. Mutlu and L. Subramanian, “Research Problems and Opportunities in Memory
Systems,” SUPERFRI, 2014.
[109] H. Naeimi et al., “STT-RAM Scaling and Retention Failure,” Intel Technology Journal, 2013.
[110] T. Ohsawa et al., “Optimizing the DRAM Refresh Count for Merged DRAM/Logic
LSIs,” in ISLPED, 1998.
[111] M. Oskin et al., “Active pages: a computation model for intelligent memory,” in
ISCA, 1998.
[112] M. Patel et al., “The Reach Profiler (REAPER): Enabling the Mitigation of DRAM
Retention Failures via Profiling at Aggressive Conditions,” in ISCA, 2017.
[113] D. Patterson et al., “A Case for Intelligent RAM,” IEEE Micro, 1997.
[114] A. Pattnaik et al., “Scheduling Techniques for GPU Architectures with
Processing-In-Memory Capabilities,” in PACT, 2016.
[115] I. Paul et al., “Harmonia: Balancing Compute and Memory Power in Highperformance GPUs,” in ISCA, 2015.
[116] A. J. Peña and P. Balaji, “Toward the Efficient Use of Multiple Explicitly Managed
Memory Subsystems,” in CLUSTER, 2014.
[117] S. Phadke and S. Narayanasamy, “MLP aware heterogeneous memory system,”
in DATE, 2011.
[118] S. H. Pugsley et al., “NDC: Analyzing the impact of 3D-stacked memory+logic
devices on MapReduce workloads,” in ISPASS, 2014.
[119] M. K. Qureshi et al., “AVATAR: A Variable-Retention-Time (VRT) Aware Refresh
for DRAM Systems,” in DSN, 2015.
[120] M. K. Qureshi et al., “Enhancing Lifetime and Security of PCM-based Main Memory with Start-gap Wear Leveling,” in MICRO, 2009.
[121] M. K. Qureshi et al., “Scalable High Performance Main Memory System Using
Phase-change Memory Technology,” in ISCA, 2009.
[122] L. E. Ramos et al., “Page Placement in Hybrid Memory Systems,” in ICS, 2011.
[123] D. Roberts et al., “On-Chip Cache Device Scaling Limits and Effective Fault Repair Techniques in Future Nanoscale Technology,” in DSD, 2007.
[124] SAFARI Research Group, “SAFARI Software Tools – GitHub Repository,” https:
//github.com/CMU-SAFARI.
[125] B. Schroeder et al., “DRAM Errors in the Wild: A Large-Scale Field Study,” in
SIGMETRICS, 2009.
[126] V. Seshadri et al., “Fast Bulk Bitwise AND and OR in DRAM,” CAL, 2015.

8

39

[127] V. Seshadri, “Simple DRAM and Virtual Memory Abstractions to Enable Highly
Efficient Memory Systems,” Ph.D. dissertation, Carnegie Mellon University, 2016.
[128] V. Seshadri et al., “RowClone: Fast and Energy-Efficient In-DRAM Bulk Data
Copy and Initialization,” in MICRO, 2013.
[129] V. Seshadri et al., “Ambit: In-Memory Accelerator for Bulk Bitwise Operations
Using Commodity DRAM Technology,” in MICRO, 2017.
[130] V. Seshadri et al., “Gather-Scatter DRAM: In-DRAM Address Translation to Improve the Spatial Locality of Non-Unit Strided Accesses,” in MICRO, 2015.
[131] A. Snavely and D. Tullsen, “Symbiotic Jobscheduling for a Simultaneous Multithreading Processor,” in ASPLOS, 2000.
[132] V. Sridharan et al., “Memory Errors in Modern Systems: The Good, The Bad, and
The Ugly,” in ASPLOS, 2015.
[133] V. Sridharan and D. Liberty, “A Study of DRAM Failures in the Field,” in SC, 2012.
[134] Standard Performance Evaluation Corp., “SPEC CPU2006 Benchmarks,”
http://www.spec.org/cpu2006.
[135] H. S. Stone, “A Logic-in-Memory Computer,” IEEE TC, 1970.
[136] Z. Sura et al., “Data access optimization in a processing-in-memory system,” in
CF, 2015.
[137] A. N. Udipi et al., “Rethinking DRAM Design and Organization for EnergyConstrained Multi-Cores,” in ISCA, 2010.
[138] R. Venkatesan et al., “Retention-Aware Placement in DRAM (RAPID): Software
Methods for Quasi-Non-Volatile DRAM,” in HPCA, 2006.
[139] F. A. Ware and C. Hampel, “Improving Power and Data Efficiency with Threaded
Memory Modules,” in ICCD, 2006.
[140] M. Ware et al., “Architecting for Power Management: The IBM® POWER7™
Approach,” in HPCA, 2010.

[141] C. Wilkerson et al., “Trading Off Cache Capacity for Reliability to Enable Low
Voltage Operation,” in ISCA, 2008.
[142] C. Wilkerson et al., “Trading Off Cache Capacity for Low-Voltage Operation,”
IEEE Micro, 2009.
[143] H.-S. P. Wong et al., “Metal-Oxide RRAM,” Proc. IEEE, 2012.
[144] D. H. Yoon et al., “BOOM: Enabling Mobile Memory Based Low-power Server
DIMMs,” in ISCA, 2012.
[145] D. H. Yoon et al., “Adaptive Granularity Memory Systems: A Tradeoff Between
Storage Efficiency and Throughput,” in ISCA, 2011.
[146] H. Yoon et al., “Row Buffer Locality Aware Caching Policies for Hybrid Memories,” in ICCD, 2012.
[147] H. Yoon et al., “Efficient Data Mapping and Buffering Techniques for Multilevel
Cell Phase-Change Memories,” TACO, vol. 11, no. 4, pp. 40:1–40:25, 2014.
[148] X. Yu et al., “Banshee: Bandwidth-Efficient DRAM Caching via Software/Hardware Cooperation,” in MICRO, 2017.
[149] D. Zhang et al., “TOP-PIM: Throughput-Oriented Programmable Processing in
Memory,” in HPDC, 2014.
[150] T. Zhang et al., “Half-DRAM: A High-Bandwidth and Low-Power DRAM Architecture from the Rethinking of Fine-grained Activation,” in ISCA, 2014.
[151] W. Zhang and T. Li, “Exploring Phase Change Memory and 3D Die-Stacking
for Power/Thermal Friendly, Fast and Durable Memory Architectures,” in PACT,
Raleigh, NC, September 2009, pp. 101–112.
[152] H. Zheng et al., “Mini-rank: Adaptive DRAM Architecture for Improving Memory Power Efficiency,” in MICRO, 2008.

9

40

SoftMC: Practical DRAM Characterization
Using an FPGA-Based Infrastructure
Hasan Hassan1,2,3
Nandita Vijaykumar2
Samira Khan4,2
Saugata Ghose2
Kevin Chang5,2
Gennady Pekhimenko6,2
Donghyuk Lee7,2
Oguz Ergin3
Onur Mutlu1,2
1 ETH

2 Carnegie Mellon University
3 TOBB University of Economics & Technology
Zürich
4 University of Virginia
5 Facebook
6 Microsoft Research
7 NVIDIA Research

This paper summarizes the SoftMC DRAM characterization
infrastructure, which was published in HPCA 2017 [44], and examines the work’s significance and future potential. DRAM is the
primary technology used for main memory in modern systems.
Unfortunately, as DRAM scales down to smaller technology
nodes, it faces key challenges in both data integrity and latency,
which strongly affect overall system reliability and performance.
To develop reliable and high-performance DRAM-based main
memory in future systems, it is critical to characterize, understand, and analyze various aspects (e.g., reliability, latency)
of modern DRAM chips. To enable this, there is a strong need
for a publicly-available DRAM testing infrastructure that can
flexibly and efficiently test DRAM chips in a manner accessible
to both software and hardware developers.
This work develops the first such infrastructure, SoftMC (Soft
Memory Controller), an FPGA-based testing platform that can
control and test memory modules designed for the commonlyused DDR (Double Data Rate) interface. SoftMC has two key
properties: (i) it provides flexibility to thoroughly control memory behavior or to implement a wide range of mechanisms
using DDR commands; and (ii) it is easy to use as it provides
a simple and intuitive high-level programming interface for
users, completely hiding the low-level details of the FPGA.
We demonstrate the capability, flexibility, and programming
ease of SoftMC with two example use cases. First, we implement a test that characterizes the retention time of DRAM cells.
Experimental results we obtain using SoftMC are consistent
with the findings of prior studies on retention time in modern
DRAM, which serves as a validation of our infrastructure. Second, we validate two recently-proposed mechanisms, which
rely on accessing recently-refreshed or recently-accessed DRAM
cells faster than other DRAM cells. Using our infrastructure,
we show that the expected latency reduction effect of these
mechanisms is not observable in existing DRAM chips,which
demonstrates the usefulness of SoftMC in testing new ideas on
existing memory modules.
Various versions of the SoftMC platform have enabled many
of our other DRAM characterization studies [26, 29, 60, 61, 62,
68, 80, 84, 88, 117]. We discuss several other use cases of SoftMC,
including the ability to characterize emerging non-volatile memory modules that obey the DDR standard. We hope that
our open-source release of SoftMC fills a gap in the space of

publicly-available experimental memory testing infrastructures
and inspires new studies, ideas, and methodologies in memory
system design.

1. Understanding DRAM Characteristics
DRAM (Dynamic Random Access Memory) is the predominant technology used to build main memory systems of
modern computers. The continued scaling of DRAM process
technology has enabled tremendous growth in DRAM density
in the last few decades, leading to higher capacity main memories. Unfortunately, as the process technology node scales
down to the sub-20 nm feature size range, DRAM technology
faces key challenges that critically impact its reliability and
performance [102, 103, 106].
The fundamental challenge with scaling DRAM cells into
smaller technology nodes arises from the way DRAM stores
data in cells. A DRAM cell consists of a transistor and a
capacitor. Data is stored as charge in the capacitor. A DRAM
cell cannot retain its data permanently as this capacitor leaks
its charge gradually over time. To maintain correct data in
DRAM, each cell is periodically refreshed to replenish the
charge in the capacitor [87]. At smaller technology nodes, it
is becoming increasingly difficult to store and retain enough
charge in a cell, causing various reliability and performance
issues [27,63,87,88]. Ensuring reliable operation of the DRAM
cells is a key challenge in future technology nodes [55, 60, 66,
87, 88, 93, 99, 102, 103, 112].
The fundamental problem of retaining data with less charge
in smaller cells directly impacts the reliability and performance of DRAM cells. First, smaller cells placed in close proximity make cells more susceptible to various types of interference. This potentially disrupts DRAM operation by flipping
bits in DRAM, resulting in major reliability issues [68, 95, 108,
121, 126, 135, 136], which can lead to system failure [95, 126]
or security breaches [10, 41, 68, 120, 127, 128, 144, 148]. Second,
it takes longer time to access a cell with less charge [43, 80],
and write latency increases as the access transistor size reduces [55]. Thus, smaller cells directly impact DRAM latency,
as DRAM access latency is determined by the worst-case (i.e.,
slowest) cell in any acceptable chip [24, 29, 80]. DRAM access
latency has not significantly improved with technology scaling in the past two decades [7, 25, 26, 54, 81, 82, 102], and,
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Rate) interface. To this end, SoftMC implements all low-level
DRAM operations (i.e., DDR commands) available in a typical
memory controller (e.g., opening a row in a bank, reading
a specific column address, performing a refresh operation,
enforcing various timing constraints between commands).
Using these low-level operations, SoftMC can test and characterize any (existing or new) DRAM mechanism that uses
the existing DDR interface. SoftMC provides a simple and
intuitive high-level programming interface that completely
hides the low-level details of the FPGA from users. Users
implement their test routines or mechanisms in a high-level
language that automatically gets translated into the low-level
SoftMC memory controller operations in the FPGA.

in fact, some latencies are expected to increase [55], making
memory latency an increasingly critical system performance
bottleneck.
As such, there is a significant need for new mechanisms
that improve the reliability and performance of DRAM-based
main memory systems. In order to design, evaluate, and
validate many such mechanisms, it is important to accurately characterize, analyze, and understand DRAM (cell) behavior in terms of reliability and latency. For such an understanding to be accurate, it is critical that the characterization and analysis be based on the experimental studies of
real DRAM chips, since a large number of factors (e.g., various types of cell-to-cell interference [68, 108, 121], interand intra-die process variation [24, 26, 29, 65, 80, 84, 109, 112],
random effects [45, 60, 88, 117, 123, 137, 149], operating conditions [29, 65, 80, 86, 88, 112], internal organization [46, 61, 88],
stored data patterns [61,62,88]) concurrently impact the reliability and latency of cells. Many of these phenomena and their
interactions cannot be properly modeled (e.g., in simulation
or using analytical methods) without rigorous experimental
characterization and analysis of real DRAM chips. The need
for such experimental characterization and analysis, with
the goal of building the understanding necessary to improve
the reliability and performance of future DRAM-based main
memories at various levels (both software and hardware),
motivates the need for a publicly-available DRAM testing
infrastructure that can enable system users and designers to
characterize real DRAM chips.

3. Overview of SoftMC
A publicly-available DRAM testing infrastructure should
have two key features to ensure widespread adoption among
architects and designers: (i) flexibility and (ii) ease of use.
Flexibility. A DRAM chip is typically accessed by issuing
a set of DRAM commands in a particular sequence with a
strict delay between the commands (specified by the timing
parameters in the datasheet of the DRAM chip/module). A
DRAM testing infrastructure should implement all low-level
DRAM operations with tunable timing parameters without
any restriction on the ordering of DRAM commands. Such a
design enables flexibility at two levels. First, it enables comprehensive testing of any DRAM operation with the ability
to customize the length of each timing constraint. For example, we can implement a retention test with different refresh
intervals to characterize the distribution of retention time in
modern DRAM chips (as done in [60, 87, 112]). Such a characterization can enable new mechanisms to reduce the number
of refresh operations in DRAM, leading to performance and
power efficiency improvements. Second, it enables testing
of DRAM chips with high-level test programs, which can
consist of any combination of DRAM operations and timings.
Such flexibility is extremely powerful to test the impact of
existing or new DRAM mechanisms in real DRAM chips.
Ease of Use. A DRAM testing infrastructure should provide a simple and intuitive programming interface that minimizes programming effort and time. An interface that hides
the details of the underlying implementation is accessible to
a wide range of users. With such a high-level abstraction,
even users that lack hardware design experience should be
able to develop DRAM tests.
Figure 1 shows our temperature-controller setup for testing
DRAM modules. The components of SoftMC operate on the
host machine and the FPGA. On the host machine, the SoftMC
API provides a high-level software interface (in C++) for developing a test program that generates DRAM commands
and sends them to the FPGA. On the FPGA, SoftMC hardware
is responsible for handling the commands sent by the host
machine. The SoftMC hardware issues the DRAM commands
in order and with the timing parameters as defined in the

2. Experimental DRAM Characterization
Two key features are desirable from an experimental memory testing infrastructure. First, the infrastructure should
be flexible enough to test any DRAM operation (supported by
the commonly-used DRAM interfaces, e.g., the standard Double Data Rate, or DDR, interface) to characterize cell behavior
or evaluate the impact of a mechanism (e.g., adopting different refresh rates for different cells [60,62,63,87,112,117,145])
on real DRAM chips. Second, the infrastructure should be
easy to use, such that it is possible for both software and
hardware developers to implement new tests or mechanisms
without spending significant time and effort. For example, a
testing infrastructure that requires circuit-level implementation, detailed knowledge of the physical implementation of
DRAM data transfer protocols over the memory channel, or
low-level FPGA-programming to modify the infrastructure
would severely limit the usability of such a platform to a
limited number of experts.
Our HPCA 2017 paper [44] designs, prototypes, and demonstrates the basic capabilities of such a flexible and easy-to-use
experimental DRAM testing infrastructure, called SoftMC
(Soft Memory Controller). SoftMC is an open-source FPGAbased DRAM testing infrastructure, consisting of a programmable memory controller that can control and test memory
modules designed for the commonly-used DDR (Double Data
2
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test program developed using the SoftMC API. SoftMC also
implements a PCIe driver for high-speed communication between the host machine and the FPGA. The user only needs
to focus on defining a routine for testing the DRAM.

We repeat this procedure for all rows in the DRAM module.
The read and write operations in the test are issued with
the standard timing parameters, to make sure that the only
timing change that affects the reliability of the cells is the
change in the refresh interval.
Writing Data to DRAM. In Program 1, we present the
implementation of the first part of our retention time test,
where we write data to a row, using the SoftMC API. First, to
activate the row, we insert the instruction generated by the
genACT() function to an instance of the InstructionSequence
(Lines 1-2). This function is followed by a genWAIT() function
(Line 3) that ensures that the activation completes with the
standard timing parameter tRCD. Second, we issue write instructions to write the data pattern in each column of the row.
This is implemented in a loop, where, in each iteration, we call
genWR() (Line 5), followed by a call to genWAIT() function
(Line 6) that ensures proper delay between two WRITE operations. After writing to all columns of the row, we insert
another delay (Line 8) to account for the write recovery time
tWR. Third, once we have written to all columns, we close the
row by precharging it. This is done by the genPRE() function
(Line 9), followed by a genWAIT() function with standard tRP
timing.1 Finally, we call the genEND() function to indicate the
end of the instruction sequence, and send the test program
to the FPGA by calling the execute() function.

Figure 1: Our SoftMC infrastructure. Reproduced from [44].

A detailed description of the interface, design, and operation of SoftMC can be found in our HPCA 2017 paper [44].
The source code for SoftMC can be freely downloaded
from [125].

4. Example Use Cases
Using our SoftMC prototype, we perform two case studies
on randomly-selected real DRAM chips from three major manufacturers. First, we discuss how a simple retention test can
be implemented using SoftMC, and present the experimental
results of that test (Section 4.1). Second, we demonstrate how
SoftMC can be leveraged to test the expected effect of two
recently-proposed mechanisms [43, 134] that aim to reduce
DRAM access latency (Section 4.2). Both use cases demonstrate the flexibility and ease of use of SoftMC.

1
2
3
4
5
6
7
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4.1. Retention Time Distribution Study

InstructionSequence iseq;
iseq.insert(genACT(bank, row));
iseq.insert(genWAIT(tRCD));
for(int col = 0; col < COLUMNS; col++){
iseq.insert(genWR(bank, col, data));
iseq.insert(genWAIT(tBL));
}
iseq.insert(genWAIT(tCL + tWR));
iseq.insert(genPRE(bank));
iseq.insert(genWAIT(tRP));
iseq.insert(genEND());
iseq.execute(fpga));

Program 1: Writing data to a row using the SoftMC API. Reproduced from [44].

This test aims to characterize data retention time in different DRAM modules. The retention time of a cell can be
determined by testing the cell with different refresh intervals.
The cell fails at a refresh interval that is greater than its retention time. In this test, we gradually increase the refresh
interval from the default 64 ms and count the number of bytes
that have an incorrect value at each refresh interval.

Employing a Specific Refresh Interval. Using SoftMC,
we can implement the target refresh interval in two ways.
We can use the auto-refresh support provided by the SoftMC
hardware, by setting the tREFI parameter to our target value, and letting the FPGA take care of the refresh operations.
Alternatively, we can disable auto-refresh, and manually control the refresh operations from the software. In this case, the
user is responsible for issuing refresh operations at the right
time. In this retention test, we disable auto-refresh and use a
software clock to determine when we should read back data
from the row (i.e., refresh the row).
Reading Data from DRAM. Reading data back from the
DRAM requires steps similar to DRAM writes (presented in

4.1.1. Evaluating Retention Time with SoftMC. We perform a simple test to measure the retention time of the cells
in a DRAM chip. Our test consists of three steps: (i) We write
a reference data pattern (e.g. all zeros, or all ones) to an entire
row. (ii) We wait for the specified refresh interval, so that the
row is idle for that time and all cells gradually leak charge.
(iii) We read data back from the same row and compare it
against the reference pattern that we wrote in the first step.
Any mismatch indicates that the cell could not hold its data
for that duration, resulting in a bit flip. We count the number
of bytes that have bit flips for each test.

1 For details on DRAM timing parameters and internal DRAM operation,
we refer the reader to our prior works [26, 27, 28, 29, 43, 44, 65, 68, 69, 70, 71, 72,
80, 81, 83, 84, 85, 87, 88, 112, 130, 131].
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4.2. Evaluating the Expected Effect of Two
Recently-Proposed Mechanisms in Existing
DRAM Chips

Program 1). The only difference is that, instead of issuing a
WRITE command, we need to issue a READ command and
enforce read-related timing parameters. In the SoftMC API,
this is done by calling the genRD() function in place of the
genWR() function, and specifying the appropriate read-related
timing parameters. After the read operation is done, the FPGA
sends back the data read from the DRAM module, and the user
can access that data using the fpga_recv() function provided
by the driver.
Note that the complete code to implement our full retention
test (i.e., writing a data pattern to a DRAM module, waiting
for the target retention time, reading the data back from the
DRAM module, and checking the data for errors) in SoftMC
takes only approximately 200 lines of C code, in the form
shown in Program 1. Based on the intuitive code implementation of the retention test, we conclude that it requires minimal
effort to write test programs using the SoftMC API. Our full
test is provided in our open-source release of SoftMC [125].

Two recently-proposed mechanisms, ChargeCache [43]
and NUAT [134], provide low-latency access to highlycharged DRAM cells. They both are based on the key idea
that a highly-charged cell can be accessed faster than a cell
with less charge [80]. ChargeCache observes that cells belonging to recently-accessed DRAM rows are in a highly-charged
state and that such rows are likely to be accessed again in the
near future. ChargeCache exploits the highly-charged state
of these recently-accessed rows to lower the latency for later
accesses to them. NUAT observes that recently-refreshed cells
are in highly-charged state, and thus it lowers the latency
for accesses to recently-refreshed rows. Prior to activating a
DRAM row, both ChargeCache and NUAT determine whether
the target row is in a highly-charged state. If so, the memory
controller uses reduced tRCD and tRAS timing parameters
to perform a low latency access.
In this section, we evaluate whether or not the expected
latency reduction effect of these two works is observable in
existing DRAM modules, using SoftMC. We first describe our
methodology for evaluating the improvement in the tRCD
and tRAS timing parameters. We then show the results we
obtain using SoftMC, and discuss our observations.

Number of
Erroneous Bytes

4.1.2. Results. We perform the retention time test at room
temperature, using 24 DRAM chips from three major manufacturers. We vary the refresh interval from 64 ms to 8192 ms,
exponentially. Figure 2 shows the results for the test, where
the x-axis shows the refresh interval in milliseconds, and the
y-axis shows the number of erroneous bytes found in each
interval. We make two major observations.
8000
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4.2.1. Evaluating DRAM Latency with SoftMC. In our experiments, we use 24 DDR3 chips (i.e., three SO-DIMMs [53])
from three major manufacturers. To stress DRAM reliability
and maximize the amount of cell charge leakage, we raise
the test temperature to 80◦ C (significantly higher than the
common-case operating range of 35-55◦ C [80]) by enclosing
our FPGA infrastructure in a temperature-controlled heat
chamber (see Figure 1). For all experiments, the temperature
within the heat chamber was maintained within 0.5◦ C of the
target 80◦ C temperature.
To study the impact of charge variation in cells on access
latency, which is dominated by the tRCD and tRAS timing
parameters [26, 69, 80, 81], we perform experiments on existing DRAM chips to test the headroom for reducing these
parameters. In our experiments, we vary one of the two timing parameters, and test whether the original data can be
read back correctly with the reduced timing. If the data that
is read out contains errors, this indicates that the timing parameter cannot be reduced to the tested value without inducing
errors in the data. We perform the tests using a variety of
data patterns (e.g., 0x00, 0xFF, 0xAA, 0x55) because 1) different DRAM cells store information (i.e., 0 or 1) in different
states (i.e., charged or empty) [88] and 2) we would like to
stress DRAM reliability by increasing the interference between adjacent bitlines [60, 61, 62, 63, 88, 112]. We also perform
tests using different refresh intervals, to study whether the
variation in charge leakage increases significantly if the time
between refreshes increases.
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Figure 2: Number of erroneous bytes observed in retention
time tests. Reproduced from [44].

(i) We do not observe any retention failures until we test
with a refresh interval of 1 s. This shows that there is a large
safety margin for the refresh interval in modern DRAM chips,
which is conservatively set to 64 ms by the DDR standard.2
(ii) We observe that the number of failures increases exponentially with the increase in refresh interval.
Other experimental studies on retention time of DRAM
cells have reported similar observations as ours [42, 47, 60, 67,
80,80,88,112]. We conclude that SoftMC can easily reproduce
experimental DRAM results, validating the correctness of our
testing infrastructure and showing its flexibility and ease of
use.
2 DRAM manufacturers perform retention tests that are similar to ours
(but with proprietary in-house infrastructures that are not disclosed). Their
results are similar to ours [26, 42, 60, 67, 80, 88, 112], showing significant
margin for the refresh interval. This margin is added to ensure reliable
DRAM operation for the worst-case operating conditions (i.e., worst case
temperature and voltage levels) and for worst-case cells, as has been shown
by prior works [26, 42, 60, 67, 80, 88, 112].
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tRCD Test. We measure how highly-charged cells affect
the tRCD timing parameter (i.e., how long the controller
needs to wait after a row activation command is sent to safely
perform read and write operations on the row), by using a
custom tRCD value to read data from a row to which we
previously wrote a reference data pattern. We adjust the time
between writing a reference data pattern and performing the
read, to vary the amount of charge stored within the cells of
a row. In Figure 3a, we show the command sequence that
we use to test whether recently-refreshed DRAM cells can be
accessed with a lower tRCD, compared to cells that are close
to the end of the refresh interval. We perform the write and
read operations to each DRAM row one column at a time, to
ensure that each read incurs the tRCD latency. First ( 1 in
Figure 3a), we perform a reference write to the DRAM column
under test by issuing ACTIVATE, WRITE, and PRECHARGE
successively with the default DRAM timing parameters. Next
( 2 ), we wait for the duration of a time interval (T1), which is
the refresh interval in practice, to vary the charge contained
in the cells. When we wait longer, we expect the target cells
to have less charge at the end of the interval. We cover a
wide range of wait intervals, evaluating values between 1 and
512 ms. Finally ( 3 ), we read the data from the column that
we previously wrote to and compare it with the reference
pattern. We perform the read with the custom tRCD value
for that specific test. We evaluate tRCD values ranging from
3 to 6 (default) cycles. Since a tRCD of 3 cycles produced
errors in every run, we did not perform any experiments with
a lower tRCD.

tRAS value, to a row. We check if that row still contains the
same data that it held before the ACTIVATE-PRECHARGE
command pair was issued. Figure 3b illustrates the methodology for testing the effect of the refresh interval on tRAS. First
( 1 ), we write the reference data pattern to the selected DRAM
row with the default timing parameters. Different from the
tRCD test, we write to every column in the open row (before
switching to another row) to save cycles by eliminating a significant amount of ACTIVATE and PRECHARGE commands,
thereby reducing the testing time. Next ( 2 ), we wait for the
duration of time interval T2, during which the DRAM cells
lose a certain amount of charge. To refresh the cells ( 3 ),
we issue an ACTIVATE-PRECHARGE command pair associated with a custom tRAS value. When the ACTIVATEPRECHARGE pair is issued, the charge in the cells of the
target DRAM row may not be fully restored if the wait time is
too long or the tRAS value is too short, potentially leading to
loss of data. Next ( 4 ), we wait again for a period of time T3
to allow the cells to leak a portion of their charge. Finally ( 5 ),
we read the row using the default timing parameters and test
whether it still retains the correct data. Similar to the tRCD
test, to stress the reliability of DRAM, we simultaneously
perform the tRAS test on multiple DRAM rows.
We would expect, from this experiment, that the data is
likely to maintain its integrity when evaluating reduced tRAS
with shorter wait times (T2). This is because when T2 is short,
a DRAM cell would lose only a small amount of its charge.
Thus, there would be more room for reducing tRAS, as the
cell would already contain a higher amount of charge prior to
the row activation. The higher amount of charge would allow
us to safely reduce tRAS by a larger amount. In contrast, we
would expect failures to be more likely when using a reduced
tRAS with a longer wait time, because the cells would have
a low amount of charge that is not enough to reliably reduce
tRAS.

Read (with custom tRCD) the
column data and verify 3

Write the data 1
pattern to a column

Wait (T1) 2
(a) tRCD Test

Write the data
1
pattern to a row

ACT-PRE 3 Read row data and
(with custom tRAS)
verify 5

Wait (T2) 2

4.2.2. Results. We analyze the results of the tRCD and tRAS
tests, for 24 real DRAM chips from different vendors, using
the test programs detailed in Section 4.2.1. We evaluate tRCD
values ranging from 3 to 6 cycles, and tRAS values ranging
from 2 to 14 cycles, where the maximum number for each
is the default timing parameter value. For both tests, we
evaluate refresh intervals between 8 and 512 ms and measure
the number of observed errors during each experiment.
Figures 4 and 5 depict the results for the tRCD test and the
tRAS test, respectively, for three DRAM modules (each from
a different DRAM vendor). We make three major observations:
(i) Within the duration of the standard refresh interval
(64 ms), DRAM cells do not leak a sufficient amount of charge to
have a negative impact on DRAM access latency.3 For refresh
intervals less than or equal to 64 ms, we observe little to no

Wait (T3) 4

(b) tRAS Test

Figure 3: Timelines that illustrate the methodology for testing the improvement of (a) tRCD and (b) tRAS on highlycharged DRAM cells. Reproduced from [44].

We process multiple rows in an interleaved manner (i.e.,
we write to multiple rows, wait, and then verify their data
one after another) in order to further stress the reliability of
DRAM [80]. We repeat this process for all DRAM rows to
evaluate the entire memory module.
tRAS Test. We measure the effect of accessing highlycharged rows on the tRAS timing parameter (i.e., the time
that the controller needs to wait after a row activation command is sent to safely start precharging the row) by issuing
the ACTIVATE and PRECHARGE commands, with a custom

3 Other

studies have shown methods to take advantage of the fact that
latencies can be reduced without incurring errors [26, 80].
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variation in the number of errors induced. Within this refresh
interval range, depending on the tRCD or tRAS value, the
errors generated are either zero or a constant number. We
make the same observation in both the tRCD and tRAS tests
for all three DRAM modules.
For all the modules tested, using different data patterns and
stressing DRAM operation with temperatures significantly
higher than the common-case operating conditions, we can
significantly reduce tRCD and tRAS parameters, without
observing any errors. We observe errors only when tRCD
and tRAS parameters are too small to correctly perform the
DRAM access, regardless of the charge amount of the accessed
cells.
(ii) The large safety margin employed by the manufacturers
protects DRAM against errors even when accessing DRAM cells
with low latency. We observe no change in the number of
induced errors for tRCD values less than the default of 6
cycles (down to 4 cycles in modules A and B, and 5 cycles
in module C). We observe a similar trend in the tRAS test:
tRAS can be reduced from the default value of 14 cycles to 5
cycles without increasing the number of induced errors for
any refresh interval.
We conclude that even at temperatures much higher than
typical operating conditions, there exists a large safety margin
for access latency in existing DRAM chips. This demonstrates that DRAM cells are much stronger than their datasheet
timing specifications indicate.4 In other words, the timing
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We believe that the reason we cannot observe the expected
latency reduction effect of ChargeCache and NUAT on existing DRAM modules is due to the internal behavior of existing DRAM chips that does not allow latencies to be reduced
beyond a certain point: we cannot externally control when the
sense amplifier gets enabled, since this is dictated with a fixed
latency internally, regardless of the charge amount in the cell.
The sense amplifiers are enabled only after charge sharing,
which starts by enabling the wordline and lasts until sufficient
amount of charge flows from the activated cell into the bitline [28, 69, 81, 129, 130, 131], is expected to complete. Within
existing DRAM chips, the expected charge sharing latency
(i.e., the time when the sense amplifiers get enabled) is not
represented by a timing parameter managed by the memory
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(iii) The expected effect of ChargeCache and NUAT, that
highly-charged cells can be accessed with lower latency, is slightly observable only when very long refresh intervals are used.
For each of the tests, we observe a significant increase in the
number of errors at refresh intervals that are much higher
than the typical refresh interval of 64 ms, demonstrating the
variation in charge held by each of the DRAM cells. Based on
the assumptions made by ChargeCache and NUAT, we expect
that when lower values of tRCD and tRAS are employed,
the error rate should increase more rapidly. However, we find
that for all but the minimum values of tRCD and tRAS (and
for tRCD = 4 for module C), the tRCD and tRAS latencies
have almost no impact on the error rate.

observations were made by prior work [24, 26, 80].
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margin in most DRAM cells is very large, given the existing
timing parameters.
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Figure 4: Effect of reducing tRCD on the number of errors at various refresh intervals. Reproduced from [44]
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Figure 5: Effect of reducing tRAS on the number of errors at various refresh intervals. Reproduced from [44].
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controller. Instead, the latency is controlled internally within
the DRAM using a fixed value [58, 143]. ChargeCache and
NUAT require that charge sharing completes in less time, and
the sense amplifiers get enabled faster for a highly-charged
cell. However, since existing DRAM chips provide no way to
control the time it takes to enable the sense amplifiers, we
cannot harness the potential latency reduction possible for
highly-charged cells [143]. Reducing tRCD affects the time
spent only after charge sharing, at which point the bitline
voltages exhibit similar behavior regardless of the amount
of charge initially stored within the cell. Consequently, we
are unable to observe the expected latency reduction effect
of ChargeCache and NUAT by simply reducing tRCD, even
though we believe that the mechanisms are sound and can
reduce latency (assuming the behavior of DRAM chips is modified). If the DDR interface exposes a method of controlling
the time it takes to enable the sense amplifiers in the future,
SoftMC can be easily modified to use the method and fully
evaluate the latency reduction effect of ChargeCache and
NUAT.
Summary. Overall, we make two major conclusions from
the implementation and experimental results of our DRAM
latency experiments. First, SoftMC provides a simple and
easy-to-use interface to quickly implement tests that characterize modern DRAM chips. Second, SoftMC is an effective
tool to validate or refute the expected effect of existing or
new mechanisms on existing DRAM chips.

For example, prior work [151] recently proposed a random
command pattern generator to validate DRAM chips against
uncommon yet supported (according to JEDEC specifications) DDR command patterns. Using the test patterns on
commercial test equipment, this work demonstrates that specific sequences of commands introduce failures in current
DRAM chips (e.g., an ACTIVATE followed by a PRECHARGE,
without any READ or WRITE commands in between, results
in future accesses reading incorrect data in some DRAM devices). SoftMC flexibly supports the ability to issue an arbitrary
command sequence, and therefore can be used as a low-cost
method for validating DRAM chips against problems that
arise due to command ordering.
FPGA-Based Testing Infrastructures. Several prior
works propose FPGA-based DRAM testing infrastructures [47,
50, 59]. Unfortunately, all of them lack flexibility and/or a
simple user interface, and none are open-source. The FPGAbased infrastructure proposed by Huang et al. [50] provides
a high-level interface for developing DRAM tests, but the
interface is limited to defining only data patterns and march
algorithms for the tests. Hou et al. [47] propose an FPGAbased test platform whose capability is limited to analyzing
only the data retention time of the DRAM cells. Another
work [59] develops a custom memory testing board with an
FPGA chip, specifically designed to test memories at a very
high data rate. However, it requires low-level knowledge
to develop FPGA programs, and even then offers only limited flexibility in defining a test routine. On the other hand,
SoftMC provides full control over all DRAM commands using
a high-level software interface, and it is open-source.
PARDIS [6] is a reconfigurable logic (e.g., FPGA) based
programmable memory controller meant to be implemented
inside microprocessor chips. PARDIS is capable of optimizing
memory scheduling algorithms, refresh operations, etc. at
run-time based on application characteristics, and can improve system performance and efficiency. However, it does
not provide programmability for DRAM commands and timing parameters, and therefore cannot be used for detailed
DRAM characterization.
Built-In Self Test (BIST). A BIST mechanism (e.g, [5, 52,
114, 115, 150, 152]) is implemented inside the DRAM chip to
enable fixed test patterns and algorithms. Using such an approach, DRAM tests can be performed faster than with other
testing platforms. However, BIST has two major flexibility
issues, since the testing logic is hard-coded into the hardware:
(i) BIST offers only a limited number of tests that are fixed
at hardware design time. (ii) A limited set of DRAM chips,
which come with BIST support, can be tested. In contrast,
SoftMC allows for the implementation of a wide range of
DRAM test routines and supports any off-the-shelf DRAM
chip that is compatible with the DDR interface.
Other Related Work. Although no prior work provides an open-source DRAM testing infrastructure similar to
SoftMC, infrastructures for testing other types of memories

5. Related Work
No prior DRAM testing infrastructure provides both flexibility and ease of use properties, which are critical for enabling
widespread adoption of the infrastructure. Three different
kinds of tools/infrastructure are available today for characterizing the behavior of real DRAM chips. As we will describe,
each kind of tool has some shortcomings. SoftMC eliminates
all of these shortcomings and provides the first open-source
DRAM testing infrastructure that is publicly available [125].
Commercial Testing Infrastructures. A large number
of commercial DRAM testing platforms (e.g., [1, 39, 110, 142])
are available in the market. Such platforms are optimized for
test throughput (i.e., to test as many DRAM chips as possible
in a given time period), and generally apply a fixed test pattern to the units under test. Thus, since they lack support for
flexibility in defining the test routine, these infrastructures
are not suitable for detailed DRAM characterization where
the goal is to investigate new issues and new ideas. Furthermore, such testing equipment is usually quite expensive,
which makes these infrastructures an impractical option for
research in academia. Industry may also have internal DRAM
development and testing tools, but, to our knowledge, these
are proprietary and are unlikely to be made openly available.
We design SoftMC to be a low-cost (i.e., free) and flexible open-source alternative to commercial testing equipment
that can enable new research directions and mechanisms.
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have been developed. Cai et al. [11, 12, 13, 15] develop a
platform for characterizing NAND flash memory. They propose a flash controller, implemented on an FPGA, to quickly
characterize error patterns of existing flash memory chips.
They expose the functions of the flash translation layer (i.e.,
the flash chip interface) to the software developer via the
host machine connected to the FPGA board, similar to how
we expose the DDR interface to the user in SoftMC. Many
works [11, 12, 13, 14, 16, 17, 18, 19, 20, 21, 22, 23, 38, 89, 90, 91]
use this flash memory testing infrastructure to study various
aspects of flash chips.
Our prior works [26,60,61,62,68,80,84,88] develop and use
FPGA-based infrastructures for a wide range of DRAM studies.
Liu et al. [88] and Khan et al. [60] analyze the data retention
behavior of modern DRAM chips and proposed mechanisms
for mitigating retention failures. Khan et al. [61, 62] study
data-dependent failures in DRAM, and developed techniques
for efficiently detecting and handling them. Lee et al. [80, 84]
analyze latency characteristics of modern DRAM chips and
propose mechanisms for latency reduction. Kim et al. [68]
discover a new reliability issue in existing DRAM, called
RowHammer, which can lead to security breaches [41,103,120,
127,128,144,148]. Chang et al. [26] use SoftMC to characterize
latency variation across DRAM cells for fundamental DRAM
operations (e.g., activation, precharge). SoftMC evolved out
of these previous infrastructures, to address the need to make
the infrastructure flexible and easy to use.
Recently, Chang et al. [29] extend SoftMC with the capability to change the array voltage of DRAM chips, such
that SoftMC can be used to evaluate the trade-offs between
voltage, latency, and reliability in modern DRAM chips.
Sukhwani et al. propose ConTutto [141], which is a recent work that builds an FPGA-based platform for evaluating
different memory technologies and new mechanisms on existing server systems. ConTutto is an extender board, which
plugs into the DDR3 module slot of a server machine. On the
board, an FPGA chip manages the communication between
the server machine and the memory, which is connected to
the other end of the ConTutto board. Using ConTutto, any
type of memory that can be attached to the ConTutto board
can potentially be used in existing systems, as part of main
memory, by using the FPGA as a translator between the two
interfaces, i.e., between the DDR3 interface to the server and
the interface of the memory attached to the ConTutto board.
Although ConTutto can be used as a prototyping platform
to evaluate different memory technologies and mechanisms
on existing systems, it is not practical or flexible enough to
use for testing memories for two reasons. First, the operating
system needs to ensure that it does not allocate application
data to the memory that is being tested, as the data could be
destroyed during a testing procedure. Second, the memory
that is connected to ConTutto is accessed using load/store
instructions, which does not provide the flexibility of testing the memory at the memory command level. In contrast,

(1) the memory in SoftMC is not a part of the main memory
of the host machine, and (2) SoftMC provides a high-level
software interface for directly issuing commands to the memory. These design choices enable many tests that are not
otherwise possible or practical to implement using load/store
instructions.
We conclude that prior work lacks either the flexibility
or the ease-of-use properties that are critical for performing
detailed DRAM characterization. To fill the gap left by current
infrastructures, we introduce an open-source DRAM testing
infrastructure, SoftMC, that fulfills these two properties.

6. Significance
Computing systems typically use DRAM-based memories
as main memory since DRAM provides large capacity and
high performance. As the process technology scales down,
DRAM technology faces challenges that impact its reliability
and performance [102, 103]. Our HPCA 2017 paper [44] introduces SoftMC, a new DRAM characterization infrastructure
that is flexible and practical to use. We release SoftMC as
a publicly-available open-source tool [125]. In this section,
we discuss the significance of our work by describing its novelty and long-term impact. We also discuss various future
research directions in which SoftMC can be extended and
applied.

6.1. Novelty
As we describe in Section 5, no prior DRAM testing infrastructure provides both flexibility and ease of use properties,
which are critical for enabling widespread adoption of the
infrastructure. Three different kinds of tools/infrastructures are available today for characterizing DRAM behavior,
where each kind of tool has some shortcomings. We discuss
these tools and their shortcomings in Section 5. In contrast
to all these works, SoftMC allows for the implementation of a
wide range of DRAM test routines and supports any off-theshelf DRAM chip that is compatible with the DDR interface.
SoftMC is also the first DRAM characterization tool that is
freely available to public [118].

6.2. Research Directions Enabled by SoftMC
We believe SoftMC can enable many new studies of the
behavior of DRAM and other memories. We briefly describe
several examples in this section.
Enabling New Studies of DRAM Scaling and Failures.
The SoftMC DRAM testing infrastructure can test any DRAM
mechanism consisting of low-level DDR commands. Therefore, it enables a wide range of characterization and analysis
studies of real DRAM modules that would otherwise not have
been possible without such an infrastructure. We discuss
three such example research directions.
First, as DRAM scales down to smaller technology nodes,
it faces key challenges in both reliability and latency [26, 29,
55, 61, 62, 63, 66, 87, 88, 93, 99, 102, 103]. Unfortunately, there is
8
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no comprehensive experimental study that characterizes and
analyzes the trends in DRAM cell operations and behavior
with technology scaling across various DRAM generations.
The SoftMC infrastructure can help us answer various questions to this end: How are the cell characteristics, reliability,
and latency changing with different generations of technology nodes? Do all DRAM operations and cells get affected
by scaling at the same rate? Which DRAM operations are
getting worse?
Second, aging-related failures in DRAM can potentially affect the reliability and availability of systems in the field [95,
102, 106, 126]. However, the causes, characteristics, and impact of aging in real DRAM devices have remained largely
unstudied. Using SoftMC, it is possible to devise controlled
experiments to analyze and characterize DRAM aging. The
SoftMC infrastructure can help us answer questions such
as: How prevalent are aging-related failures? What types
of usage accelerate aging? How can we design architectural
techniques that can slow down the aging process?
Third, prior works show that the failure rate of DRAM
modules in large data centers is significant, largely affecting
the cost and downtime in data centers [92, 95, 126, 136]. Unfortunately, there is no study that analyzes DRAM modules
that have failed in the field to determine the common causes
of failure. Our SoftMC infrastructure can test faulty DRAM
modules and help answer various research questions: What
are the dominant types of DRAM failures at runtime? Are
failures correlated to any location or specific structure in
DRAM? Do all chips from the same generation exhibit the
same failure characteristics? Do failures repeat?
The
Characterization of Non-Volatile Memory.
SoftMC infrastructure can test any chip compatible with the
DDR interface. Such a design makes the scope of the chips
that can be tested by SoftMC go well beyond just DRAM.
With the emergence of byte-addressable non-volatile memories (e.g., phase-change memory [75, 76, 77, 94, 116, 119,
122, 146, 153], STT-MRAM [57, 74, 94, 107], RRAM/memristors [4, 30, 139, 147]), several vendors are working towards
manufacturing DDR-compatible non-volatile memory chips
at a large scale [36, 96]. When these chips become commercially available, it will be critical to characterize and analyze
them in order to understand, exploit, and/or correct their
behavior. We believe that SoftMC can be seamlessly used to
characterize these chips, and can help enable future mechanisms for NVM.
SoftMC will hopefully enable other works that build on
it in various ways. For example, future work can extend
the infrastructure to enable researchers to analyze memory
scheduling (e.g., [34, 40, 51, 70, 71, 78, 79, 97, 98, 100, 101, 104,
105, 124, 140, 154]) and memory power management [31, 32]
mechanisms, and allow them to develop new mechanisms
using a programmable memory controller and real workloads.
SoftMC can also be used as a substrate for developing inmemory computation platforms and evaluating mechanisms

for in-memory computation (e.g., [2, 3, 8, 9, 33, 35, 37, 48, 49, 56,
64, 73, 111, 113, 130, 131, 132, 133, 138]).
We conclude that characterization with SoftMC enables a
wide range of research directions in DDR-compatible memory
chips (DRAM or NVM), leading to better understanding of
these technologies and helping to develop mechanisms that
improve the reliability and performance of future memory
systems.

7. Conclusion
This work introduces the first publicly-available FPGAbased DRAM testing infrastructure, SoftMC (Soft Memory
Controller), which provides a programmable memory controller with a flexible and easy-to-use software interface. SoftMC
enables the flexibility to test any standard DRAM operation
and any (existing or new) mechanism comprising of such
operations. It provides an intuitive high-level software interface for the user to invoke low-level DRAM operations, in
order to minimize programming effort and time. We provide
a prototype implementation of SoftMC, and we have released
it publicly as a freely-available open-source tool [125].
We demonstrate the capability, flexibility, and programming ease of SoftMC by implementing two example use cases.
Our experimental analyses demonstrate the effectiveness of
SoftMC as a new tool to (i) perform detailed characterization
of various DRAM parameters (e.g., refresh interval and access
latency) as well as the relationships between them, and (ii)
test the expected effects of existing or new mechanisms (e.g.,
whether or not highly-charged cells can be accessed faster
in existing DRAM chips). We believe and hope that SoftMC,
with its flexibility and ease of use, can enable many other studies, ideas and methodologies in the design of future memory
systems, by making memory control and characterization
easily accessible to a wide range of software and hardware
developers.
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This paper summarizes the idea of RowClone, which was
published in MICRO 2013 [151], and examines the work’s significance and future potential. In existing systems, to perform any
bulk data movement operation (copy or initialization), the data
has to first be read into the on-chip processor, all the way into the
L1 cache, and the result of the operation must be written back to
main memory. This is despite the fact that these operations do
not involve any actual computation. RowClone exploits the organization and operation of commodity DRAM to perform these
operations completely inside DRAM using two mechanisms. The
first mechanism, Fast Parallel Mode, copies data between two
rows inside the same DRAM subarray by issuing back-to-back
activate commands to the source and the destination row. The
second mechanism, Pipelined Serial Mode, transfers cache lines
between two banks using the shared internal bus. RowClone
significantly reduces the raw latency and energy consumption
of bulk data copy and initialization. This reduction directly
translates to improvement in performance and energy efficiency
of systems running copy or initialization-intensive workloads.
Our proposed technique has inspired significant research on
various ways to perform operations in memory and reduce data
movement between the CPU and DRAM [2, 25, 69, 76, 102, 103,
153, 154, 157, 162].

refer to these two operations as bulk data movement operations. Prior research [68, 131, 147] has shown that operating
systems and data center workloads spend a significant portion of their time performing bulk data movement operations.
Therefore, accelerating these operations will likely improve
system performance. In fact, the x86 ISA has recently introduced instructions to provide enhanced performance for
bulk copy and initialization (ERMSB [60]), highlighting the
importance of bulk operations.
The main reason bulk data movement operations degrade
system performance and energy efficiency is that they require
large amounts of data to be transferred back and forth on
the memory bus. This large data transfer has three shortcomings. First, because the data is transferred one cache line
at a time across the bus, these operations incur high latency,
directly degrading the performance of the application performing the operation. Second, transferring a large amount of
data on the bus interferes with the memory accesses of other
concurrently-running applications, degrading their performance as well. Finally, the large data transfer contributes to
a significant fraction of the energy consumed by these bulk
movement operations.
While bulk data movement operations also degrade performance by hogging the CPU and potentially polluting the
on-chip caches, prior works [66,192] have proposed simple solutions to address these problems by adding support for such
operations in the memory controller. However, the techniques proposed by these works do not eliminate the need to
transfer data over the memory bus, which is a increasingly
more critical bottleneck for performance in modern systems.

1. Problem: Bulk Data Movement
The main memory subsystem is an increasingly more
significant limiter of system performance and energy efficiency [123, 124] for at least two reasons. First, the available
memory bandwidth between the processor and main memory
is not growing and nor is it expected to grow commensurately
with the compute bandwidth available in modern multi-core
processors [61,64]. Second, a significant fraction (20% to 42%)
of the energy required to access data from memory is consumed in driving the high-speed bus connecting the processor
and memory [149] (calculated using [112]). Therefore, judicious use of the available memory bandwidth is critical to
ensure both high system performance and energy efficiency.
In this work, we focus our attention on optimizing two
important classes of bandwidth-intensive memory operations that frequently occur in modern systems: 1) bulk data
copy—copying a large quantity of data from one location in
physical memory to another, and 2) bulk data initialization—
initializing a large quantity of data to a specific value. We

2. RowClone: Fast In-DRAM Copy
The fact that both bulk data copy and initialization do not
require any computation on the part of the processor enables
the opportunity to perform these operations completely inside
DRAM. Our MICRO 2013 paper [151] presents a new mechanism, RowClone, which exploits the internal organization and
operation of DRAM to perform bulk data copy/initialization
quickly and efficiently inside DRAM.
Figure 1 illustrates the organization of a DRAM chip. The
chip contains multiple banks, each of which is divided into
subarrays, and each subarray in turn consists of multiple
rows of DRAM cells. Each subarray contains a row buffer,
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which is used to extract the data from the DRAM cells. Data
transfer between the DRAM cells and the row buffer happen
at a row granularity, i.e., even to read a single byte from a
row, the chip copies the entire row of data from the DRAM
cells to the corresponding row buffer.1
DRAM Chip

transfer data between the bank and the memory channel (for
both reads and writes). PSM exploits this fact to overlap the
latency of the read and write operations involved in a copy. To
implement PSM, we propose a new DRAM command called
TRANSFER. TRANSFER is equivalent to appropriately overlapping
READ to the source bank and WRITE to the destination bank.
However, unlike READ or WRITE, TRANSFER does not transfer the
data on to the memory channel, saving significant amounts
of energy.
Bulk Data Initialization. For bulk initialization, RowClone initializes one row of the destination with the required
data and then initializes the remaining rows by copying the
data from the pre-initialized row using the appropriate bulk
copy mechanism described above. For bulk zeroing (which
happens frequently), our mechanism reserves a single row in
each subarray, which is pre-initialized to zero. This enables
the memory controller to use FPM to zero out any row in
the system. We refer the reader to Section 3.4 of our MICRO
2013 paper [151] for more details on performing bulk data
initialization with RowClone.

Bank

Shared Internal Bus

Bank

Subarray
Bank I/O

Row of DRAM cells

Chip I/O

Memory Channel

Row-buffer

Subarray

Figure 1: DRAM chip microarchitecture.
from [151].

Reproduced

2.1. RowClone Mechanisms

2.2. Latency and Energy Benefits

RowClone consists of two mechanisms: (1) Fast Parallel
Mode (FPM), which is used to copy data from one row to another row in the same subarray; and (2) Pipelined Serial Mode
(PSM), which is used to copy data from one row to another
row in a different subarray or bank. We briefly discuss how
each mechanism performs bulk data copy and bulk data initialization. Section 3 of our MICRO 2013 paper [151] provides
a detailed implementation and discussion of FPM and PSM.
Fast Parallel Mode (FPM). FPM uses the high internal
bandwidth offered by DRAM to quickly and efficiently copy
data between two rows within the same subarray in two
simple steps. First, FPM copies the data from the source
row to the local row buffer of the subarray. Second, FPM
copies the data from the row buffer to the destination row.
To perform the copy, FPM simply issues two back-to-back
ACTIVATE commands to the bank, first with the source row
address and the second with the destination row address.
Implementing this in existing DRAM chips requires almost
negligible changes. These small changes are to the peripheral
logic that controls back-to-back ACTIVATEs.
FPM imposes two constraints on the copy operation. First,
it requires the source and the destination row to be within
the same subarray. Second, it copies the entire row’s worth
of data. It cannot partially copy data from one row to another.
Despite these constraints, FPM can be used to accelerate many
operations in modern systems (Section 3).
Pipelined Serial Mode (PSM). PSM accelerates copy operations between rows in different banks/subarrays, As shown
in Figure 1, each DRAM chip uses a shared internal bus to

Table 1 shows the reduction in latency and energy consumption due to our mechanisms for different cases of 4KB
copy and zeroing operations. To be fair to the baseline, the results include only the energy consumed by the DRAM and the
DRAM channel. We draw two conclusions from our results.
Table 1: DRAM latency and memory energy reductions due
to RowClone. Adapted from [151].
Memory Energy
(µJ)
(↓)

Copy

Latency
(ns)
(↓)

Baseline
FPM
Inter-Bank - PSM
Intra-Bank - PSM

1046
90
540
1050

1.0x
11.6x
1.9x
1.0x

3.6
0.04
1.1
2.5

1.0x
74.4x
3.2x
1.5x

Zero

Mechanism

Baseline
FPM

546
90

1.0x
6.0x

2.0
0.05

1.0x
41.5x

First, FPM significantly improves both the latency and the
energy consumed by bulk data operations — 11.6x and 6x
reduction in latency of 4KB copy and zeroing, and 74.4x and
41.5x reduction in memory energy of 4KB copy and zeroing.
Second, although PSM does not provide as much benefit as
FPM, it still reduces the latency and energy of a 4KB interbank copy by 1.9x and 3.2x, while providing a more generally
applicable mechanism. As we show in Section 4, these latency
and energy benefits translate to significant improvements in
both overall system performance and energy efficiency.

2.3. End-to-End System Design
To fully extract the potential benefits of RowClone, changes are required to the ISA, processor microarchitecture, and
the system software. First, we introduce two new instructions
to the ISA, namely, memcopy and meminit, which enable the

1 We

refer the reader to our prior works [25, 26, 27, 28, 53, 54, 77, 78, 79, 80,
81, 82, 96, 97, 98, 99, 100, 108, 109, 132, 151, 154] for a detailed background on
DRAM.
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software to indicate occurrences of bulk data operations to the
processor. Second, for each instance of the memcopy/meminit
instruction, the processor microarchitecture determines if
the operation can be partially/fully accelerated by RowClone
and issues appropriate commands to the memory controller. While existing mechanisms to handle Direct Memory
Access requests can be used to ensure cache coherence with
RowClone, we also propose two simple mechanisms, called
in-cache copy and clean zero cache line insertion, to further
reduce memory bandwidth requirements and improve performance. We call this optimized version of RowClone, which
includes in-cache copy and clean zero cache line insertion,
RowClone-ZI. Third, to maximize the use of FPM, we make the
system software aware of subarrays and the minimum granularity of copy (required by FPM). Section 4 of our MICRO
2013 paper [151] describes these changes in detail.

other applications and scenarios are provided in one of our
more recent works [155]. Recent work from Google [68]
shows that a considerable fraction of execution time is spent
on memset and memcpy system calls in Google’s data center
workloads.
Process Forking. fork is a frequently-used system call in
modern operating systems (OS). When a process (parent) calls
fork, it creates a new process (child) with the exact same memory image and execution state as the parent. This semantics
of fork makes it useful for different scenarios. Common uses
of the fork system call are to 1) create new processes, and
2) create stateful threads from a single parent thread in multithreaded programs. One main limitation of fork is that it
results in a CoW operation whenever the child/parent updates a shared page. Hence, despite its wide usage, as a result
of the large number of copy operations triggered by fork, it
remains one of the most expensive system calls in terms of
memory performance [150].

3. Applications
RowClone can be used to accelerate any bulk copy and
initialization operation to improve both system performance
and energy efficiency. We quantitatively evaluate the efficacy of RowClone by using it to accelerate two primitives
widely used by modern system software: 1) Copy-on-Write
and 2) Bulk Zeroing. We first describe these primitives, and
then discuss several applications that frequently trigger the
primitives.

Initializing Large Data Structures. Initializing large data
structures often triggers Bulk Zeroing. In fact, many managed
languages (e.g., C#, Java, PHP) require zero initialization of
variables to ensure memory safety [185]. In such cases, to
reduce the overhead of zeroing, memory is zeroed-out in
bulk.
Secure Deallocation. Most operating systems (e.g., Linux [18], Windows [148], Mac OS X [166]) zero out pages
newly allocated to a process. This is done to prevent malicious processes from gaining access to the data that previously
belonged to other processes or the kernel itself. Not doing so
can potentially lead to security vulnerabilities, as shown by
prior works [31, 41, 51, 52].

3.1. Primitives Accelerated by RowClone
Copy-on-Write (CoW) is a technique used by most modern
operating systems (OS) to postpone an expensive copy operation until it is actually needed. When data of one virtual
page needs to be copied to another, instead of creating a copy,
the OS points both virtual pages to the same physical page
(source) and marks the page as read-only. In the future, when
one of the sharers attempts to write to the page, the OS allocates a new physical page (destination) for the writer and
copies the contents of the source page to the newly allocated
page. Fortunately, prior to allocating the destination page, the
OS already knows the location of the source physical page.
Therefore, it can ensure that the destination is allocated in the
same subarray as the source, thereby enabling the processor
to use FPM to perform the copy.
Bulk Zeroing (BuZ) is an operation where a large block of
memory is zeroed out. Our mechanism maintains a reserved
row that is fully initialized to zero in each subarray. For each
row in the destination region to be zeroed out, the processor
uses FPM to copy the data from the reserved zero-row of the
corresponding subarray to the destination row.

Process Checkpointing. Checkpointing is an operation during which a consistent version of a process state is backed-up,
so that the process can be restored from that state in the future.
This checkpoint-restore primitive is useful in many cases including high-performance computing servers [15], software
debugging with reduced overhead [168], hardware-level fault
and bug tolerance mechanisms [33, 34, 105, 106, 107], and speculative OS optimizations to improve performance [24, 182].
However, to ensure that the checkpoint is consistent (i.e., the
original process does not update data while the checkpointing is in progress), the pages of the process are marked with
copy-on-write. As a result, checkpointing often results in a
large number of CoW operations.
Virtual Machine Cloning/Deduplication. Virtual machine
(VM) cloning [88] is a technique to significantly reduce the
startup cost of VMs in a cloud computing server. Similarly,
deduplication is a technique employed by modern hypervisors [180] to reduce the overall memory capacity requirements
of VMs. With this technique, different VMs share physical pages that contain the same data. Similar to forking, both these
operations likely result in a large number of CoW operations
for pages shared across VMs [155].

3.2. Applications That Use CoW/BuZ
We now describe seven example applications or use-cases
that extensively use the CoW or BuZ operations. Note that
these are just a small number of example scenarios that incur
a large number of copy and initialization operations. Some
3
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Improvement over
Baseline

Page Migration. Bank conflicts, i.e., concurrent requests
to different rows within the same bank, typically result in
reduced row buffer hit rate and hence degrade both system
performance and energy efficiency [80]. Prior work [175]
proposed techniques to mitigate bank conflicts using page
migration. The PSM mode of RowClone can be used in conjunction with such techniques to 1) significantly reduce the
migration latency and 2) make the migrations more energyefficient.
CPU-GPU Communication. In many current and future
processors, the GPU is or is expected to be integrated on
the same chip with the CPU. Even in such systems where
the CPU and GPU share the same off-chip memory, the offchip memory is partitioned between the two devices. As a
consequence, whenever a CPU program wants to offload some
computation to the GPU, it has to copy all the necessary data
from the CPU address space to the GPU address space [62].
When the GPU computation is finished, all the data needs
to be copied back to the CPU address space. This copying
involves a significant overhead. By spreading out the GPU
address space over all subarrays and mapping the application
data appropriately, RowClone can significantly speed up these
copy operations. Note that communication between different
processors and accelerators in a heterogeneous system-onchip (SoC) is done similarly to the CPU-GPU communication
and can also be accelerated by RowClone.

70%
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Energy Reduction

60%
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40%
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20%
10%
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mysql

shell

Figure 2: Performance improvement and energy reduction
of RowClone-ZI compared to a baseline memory subsystem
without bulk copy support.

energy, and bandwidth improvements of both RowClone and
RowClone-ZI (Section 7.3 of [151]); and (4) a comparison
of RowClone to a memory-controller-based DMA approach
for data copy and initialization, similar to [192] (Section 7.5
of [151]).

4.2. Multi-Core Evaluations
As RowClone performs bulk data operations completely
within DRAM, it significantly reduces the memory bandwidth
consumed by these operations. As a result, RowClone can
benefit other applications that are running concurrently on
the same system, even if these applications do not perform
bulk data operations themselves. We evaluate this benefit
of RowClone by running our copy/initialization-intensive
applications alongside memory-intensive applications from
the SPEC CPU2006 benchmark suite [169] (i.e., those applications with last-level cache misses per kilo-instruction, or
MPKI, greater than 1). Table 2 lists the set of applications
used for our multi-programmed workloads.

4. Results
In this section, we briefly summarize our evaluation of RowClone. We evaluate three configurations: Baseline, an unmodified main memory subsystem that cannot perform bulk data
copy or initialization within memory; RowClone, which uses
the FPM and PSM mechanisms described in Section 2.1; and
RowClone-ZI, an optimized version of RowClone that includes the two optimizations discussed in Section 2.3. Section 6
of our MICRO 2013 paper [151] discusses our full evaluation methodology, including details on the simulator, system
configuration, and benchmarks used for our evaluations.

Table 2: List of benchmarks used for multi-core evaluation.
Reproduced from [151].
Copy/Initialization-intensive benchmarks
bootup, compile, forkbench, mcached, mysql, shell
Memory-intensive benchmarks from SPEC CPU2006
bzip2, gcc, mcf, milc, zeusmp, gromacs, cactusADM, leslie3d, namd,
gobmk, dealII, soplex, hmmer, sjeng, GemsFDTD, libquantum,
h264ref, lbm, omnetpp, astar, wrf, sphinx3, xalancbmk

4.1. Single-Core Evaluations
Figure 2 shows the performance improvement and reduction in DRAM energy consumption due to RowCloneZI compared to the baseline for six copy- and initializationintensive benchmarks. As we observe from the figure, these
applications improve significantly with RowClone-ZI. Compared with Baseline, RowClone-ZI improves the IPC by up
to 43%, while reducing DRAM energy consumption by up to
67%.
Section 7 of our MICRO 2013 paper [151] provides more
detailed single-core results, including (1) the individual performance of the FPM and PSM mechanisms using a fork
benchmark (Section 7.2 of [151]); (2) a breakdown of memory
traffic for each application into read, write, copy, and initialization operations (Section 7.3 of [151]); (3) the performance,

We generate multi-programmed workloads for two-core,
four-core and eight-core systems. In each workload, half of
the cores run copy/initialization-intensive benchmarks, while
the remaining cores run memory-intensive SPEC benchmarks.
Benchmarks from each category are chosen at random.
Figure 3 plots the performance improvement due to RowClone and RowClone-ZI for the 50 four-core workloads that
we evaluate (sorted based on the performance improvement
due to RowClone-ZI). Two conclusions are in order. First, although RowClone degrades performance of certain four-core
workloads (with compile, mcached or mysql benchmarks), it
significantly improves performance for all other workloads
4
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Patents on Data Copy in DRAM. Several patents [3, 48,
113, 114] propose the abstract notion that the row buffer in
DRAM can be used to copy data from one row to another.
These patents have four major drawbacks. First, they do not
provide any concrete mechanism to perform the copy operation. Second, while using the row buffer to copy data between
two rows is possible only when the two rows are within the
same subarray, these patents make no such distinction. Third,
these patents do not discuss the support required from the other layers of the system to realize a working system. Fourth,
these patents do not provide any concrete evaluation to show
the benefits of performing copy operations in DRAM. In contrast, RowClone is more generally applicable, and our MICRO
2013 paper [151] discusses the concrete changes required to
all layers of the system stack, from the DRAM architecture
to the system software, to enable bulk data copy.
Offloading Copy/Initialization Operations. Prior
works [66, 192] propose mechanisms to 1) offload bulk data
copy/initialization operations to a separate engine; 2) reduce
the impact of pipeline stalls (by waking up instructions dependent on a copy operation as soon as the necessary blocks
are copied without waiting for the entire copy operation to
complete); and 3) reduce cache pollution by using hints from
software to decide whether to cache blocks involved in the
copy or initialization. While Section 7.5 of our MICRO 2013
paper [151] shows the effectiveness of RowClone compared
to offloading bulk data operations to a separate engine, techniques to reduce pipeline stalls and cache pollution [66] can
be naturally combined with RowClone to further improve
performance.
Low-cost Interlinked Sub-Arrays (LISA) [25] proposes to
connect adjacent subarrays inside a DRAM bank using a set
of isolation transistors. Using this structure, LISA proposes mechanisms to efficiently copy data across rows in different subarrays within the same bank. LISA and RowClone
can be combined to perform all bulk copy and initialization
operations efficiently inside DRAM. However, unlike LISA,
RowClone does not require any changes to the DRAM array.
The Compute Cache [2] performs copy, zero, and bitwise
operations completely inside the on-chip SRAM cache. Like
RowClone, the Compute Cache exploits the fact that many
cells are connected to the same bitline to efficiently perform
these operations across cells connected to the same bitline.
Again, depending on the location of the data, RowClone and
Compute Cache can be combined to further improve system
performance and efficiency.
Bulk Memory Initialization. Jarrod et al. [63] propose
a mechanism for avoiding the memory access required to
fetch uninitialized blocks on a store miss. They use a specialized cache to keep track of uninitialized regions of memory.
RowClone can potentially be combined with this mechanism.
While Jarrod et al.’s approach can be used to reduce bandwidth consumption for irregular initialization (initializing
different pages with different values), RowClone can be used

Normalized Weighted
Speedup

(by 10% across all workloads). Second, RowClone-ZI eliminates the performance degradation due to RowClone and
consistently outperforms both the baseline and RowClone
for all workloads (20% on average).
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Figure 3: System performance improvement of RowClone
for four-core workloads. Reproduced from [151].

Weighted Speedup
Improvement over Baseline

To provide more insight into the benefits of RowClone
on multi-core systems, we classify our copy/initializationintensive benchmarks into two categories: 1) Moderately
copy/initialization-intensive (compile, mcached, and mysql)
and highly copy/initialization-intensive (bootup, forkbench,
and shell). Figure 4 shows the average improvement in weighted speedup for the different multi-core workloads, categorized based on the number of highly copy/initializationintensive benchmarks. As the trends indicate, RowClone’s
performance improvement increases with increasing number
of such benchmarks for all three multi-core systems, indicating the effectiveness of RowClone in accelerating bulk
copy/initialization operations.
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Figure 4: Effect of increasing copy/initialization intensity.
Reproduced from [151].

We conclude that RowClone is an effective mechanism to
improve system performance, energy efficiency and bandwidth efficiency of future, bandwidth-constrained multi-core
systems.

5. Related Work
To our knowledge, this is the first paper to propose a concrete mechanism to perform bulk data copy and initialization
operations completely in DRAM. In this section, we discuss related work and qualitatively compare them to RowClone. Other treatments of related works can be found in [156,158,159].
5
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to push regular initialization (e.g., initializing multiple pages
with the same values) to DRAM, thereby freeing up the CPU
to perform other useful operations.
Yang et al. [185] propose to reduce the cost of zero initialization by 1) using non-temporal store instructions to avoid
cache pollution, and 2) using idle cores/threads to perform
zeroing ahead of time. While the proposed optimizations
reduce the negative performance impact of zeroing, their mechanism does not reduce memory bandwidth consumption
of the bulk zeroing operations. In contrast, RowClone significantly reduces the memory bandwidth consumption and the
associated energy overhead.
Processing-in-Memory. Recent works propose mechanisms that exploit the internal organization and operation
of DRAM [102, 153, 154], SRAM [2, 69], phase-change memory (PCM) [103], or memristors [162] to perform bulk bitwise Boolean algebra and/or simple arithmetic operations.
One such mechanism, called Ambit [153, 154], uses a number
of row copy and initialization operations to perform Boolean algebra using DRAM. Ambit makes use of RowClone
to efficiently perform these row copy and initialization operations. Another mechanism, the Compute Cache [2], can
perform copy and initialization operations within SRAM. Other mechanisms for in-memory Boolean algebra or arithmetic [69, 102, 103, 162] can be trivially used to perform data
copy and initialization operations (e.g., a data copy can be
performed by performing a bulk addition, where the row to
be copied is added to a row of all zeroes).
Various prior works (e.g., [6,7,16,17,49,55,56,76,83,110,133,
135,188]) have investigated mechanisms to add logic circuitry
closer to memory to perform bandwidth-intensive computations (e.g., SIMD vector operations) more efficiently. The main
limitation of such approaches is that adding logic to or near
DRAM significantly increases the cost of main memory. In
contrast, RowClone exploits the existing internal organization and operation of DRAM to perform bandwidth-intensive
copy and initialization operations quickly and efficiently with
low cost.
Other Methods for Lowering Memory Latency. There
are many works that improve the performance of applications
by reducing the overall memory access latency. These works
enable more parallelism and bandwidth [4,5,27,80,97,100,153,
154, 181, 189, 193], exploit latency variation within DRAM [23,
26, 28, 96, 98, 99], reduce refresh counts [71, 72, 74, 75, 108, 109,
141, 178], enable better communication between the CPU
and other devices through DRAM [100], leverage DRAM
access patterns to reduce access latency [54, 165], reduce
write-related latencies by better designing DRAM and DRAM
control policies [30, 92, 152], reduce overall queuing latencies
in DRAM by better scheduling memory requests [13, 14, 37,
45, 47, 57, 61, 67, 70, 78, 79, 93, 94, 95, 104, 115, 116, 117, 118,
125, 126, 130, 135, 146, 164, 171, 172, 173, 174, 177, 191], employ
prefetching [12, 22, 35, 36, 40, 43, 44, 46, 93, 119, 120, 121, 122,
127, 129, 134, 167], perform memory/cache compression [1,

10, 11, 38, 39, 42, 136, 137, 138, 139, 140, 163, 179, 183, 190], or
perform better caching [73, 142, 144, 160, 161]. RowClone is
orthogonal to all of these approaches, and can be combined
with any of them with them to achieve higher latency and
energy benefits.

6. Significance
Our MICRO 2013 paper [151] proposes RowClone, a simple
mechanism to export bulk copy and initialization operations
to DRAM. In this section, we describe the novelty of our
approach, the long term impact of our proposed techniques,
and new research directions triggered by our work.

6.1. Novelty
Prior works investigate mechanisms to add logic closer to
memory to perform bandwidth-intensive operations more
efficiently. Although this approach has the potential to be
used for a wide range of applications, it has two shortcomings. First, adding logic to DRAM increases the cost of
DRAM significantly. Second, this approach does not reduce
the bandwidth requirement of simple bulk copy/initialization
operations.
In contrast, our work is the first (to our knowledge) to
propose mechanisms that exploit the internal organization
and operation of DRAM to perform bandwidth-intensive copy
and initialization operations quickly and efficiently in DRAM.
The changes required by our mechanism in the DRAM chip
are limited to the peripheral logic and are very modest, with
a DRAM die area overhead of only 0.2%. With this small
overhead, our mechanisms significantly reduce the latency,
bandwidth, and energy consumed by bulk data operations.

6.2. Long-Term Impact
We believe four trends in current and future systems make
our proposed solutions even more relevant. We discuss each
trend, and how RowClone can be applied in the context of
the trend.
Increasingly Limited Memory Bandwidth. Processor
manufactures are integrating more and more cores on a single
chip, thereby significantly increasing the compute capability
of the processing chip. However, due to (1) the high cost associated with increasing pin counts and (2) limitations in DRAM
scalability, the available memory bandwidth is not expected
to grow at the same rate [61, 64]. This makes mechanisms
like RowClone, which significantly reduce the overall memory bandwidth utilization of the system, likely even more
important in future systems.
Increasing Use of Hardware Accelerators. Many modern processors already integrate the GPU on the same die as
the CPU. With emerging systems moving towards a systemon-chip (SoC) model, many components/accelerators (called
agents) are integrated on the same die as the CPU, and share
the off-chip memory [176, 177]. To reduce the complexity of
managing these agents, each agent is given its own share of
6
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the physical address space, and agents typically communicate
with each other by copying data in bulk across the individual
device address spaces. By enabling faster bulk data copies,
we expect RowClone to significantly reduce the communication latency between different agents without increasing the
complexity of the system.
Increasing Use of Virtualization. Modern systems (especially data centers and cloud computers) are increasingly
employing virtualization to improve the utilization, security,
and availability of systems and services. As described in
our MICRO 2013 paper [151], the use of techniques such as
VM cloning and deduplication [88, 180] to reduce the memory capacity requirements will likely increase the number of copy operations and zeroing operations (to protect
data across VMs). RowClone can improve the performance
and energy efficiency of such systems by performing these
copy/initialization operations efficiently.
Ease of Adoption. Given the low implementation complexity of RowClone, it can be easily adopted in existing
systems. RowClone is not limited only to DDR DRAMs. It
can be used with 3D-stacked DRAM technologies [97, 111]
such as the Hybrid Memory Cube [58, 59] and High Bandwidth Memory [65], which are gaining increasing interest
among researchers, DRAM manufacturers, and system designers [6, 7, 82].

Recently, there has been increased interest in emerging
non-volatile memory technologies (e.g., PCM [89, 90, 91,
143, 145, 184, 186, 187], STT-MRAM [29, 50, 84, 128], memristors [32, 170]). Given this trend, exploring the feasibility
of extending RowClone to these new memory technologies is
a relevant and important research direction. For example,
two recent works [103, 162] use the principles discussed in
RowClone to perform bulk Boolean algebra and arithmetic
operations within emerging memories. Similarly, exploring
the idea of RowClone in other storage/memory technologies,
e.g., NAND flash memory [19, 20, 21], is promising.
Given that memory bandwidth is expected to become an
even more scarce resource in future systems, answers to
these research questions have the potential to greatly mitigate
bandwidth contention, and, thus, significantly improve both
the performance and energy efficiency of these systems.

6.4. Works Building on RowClone
RowClone has inspired a number of followup works that
propose 1) new mechanisms to perform bulk operations inside
various memory technologies (e.g., DRAM [25,102], SRAM [2,
69], PCM [103], memristors [162]), and 2) mechanisms that
exploit RowClone to speedup other operations (e.g., in-DRAM
bulk bitwise operations [76, 153, 154]). A survey of related
works is provided in [159].
One of our recent works, Ambit [153, 154], proposes a mechanism to perform bulk bitwise operations completely inside
DRAM. Ambit operations involve a number of row copy and
initialization operations. Ambit uses RowClone to perform
these operations quickly and efficiently inside DRAM. In fact,
RowClone is essential for Ambit to obtain the performance
and energy efficiency improvements. Other recent works that
perform bulk bitwise Boolean algebra and/or simple arithmetic operations [2, 8, 9, 69, 85, 86, 87, 101, 102, 103, 162] exploit
the organization and operation of memory arrays, akin to
RowClone, and can be used to perform bulk data copy and
initialization operations.
Data movement is expected to become an even more critical problem in future systems. We believe RowClone can
inspire other works that propose mechanisms to reduce data
movement, thereby enabling higher system performance and
energy efficiency.

6.3. New Research Directions
Our proposed approach to performing bulk data copy and
initialization in DRAM inspires several important research
directions (and hopefully many more that others will imagine).
We describe a few of them below.
One important research question that our work raises is
how can one redesign system software (e.g., operating system,
hypervisors) and application software to take better advantage
of RowClone? Existing systems assume that copies are expensive and hence trade off complexity for performance. However, with RowClone, it may be possible to design simpler yet
high performance systems by rethinking software design in
the presence of very fast bulk copy and initialization.
Our MICRO 2013 paper [151] proposes low-cost mechanisms to export bulk copy and initialization to DRAM. These
are by no means the only bandwidth-intensive operations.
There are other operations that unnecessarily move data between the main memory and the processor, which can be
optimized using low-cost mechanisms. Therefore, another
natural research question is what other bandwidth-intensive
operations can be exported to main memory using low-cost
mechanisms? We believe RowClone can inspire similar mechanisms for other such operations. For example, one of our
recent works [157] proposes an efficient method to perform
gather/scatter operations in DRAM. Another of our recent
works proposes mechanisms to perform bulk bitwise operations in DRAM [153, 154], building upon and taking advantage
of RowClone.

7. Conclusion
Our MICRO 2013 paper [151] proposes RowClone, a mechanism that performs bulk data copy and initialization operations completely inside DRAM. RowClone consists of two
mechanisms, Fast Parallel Mode and Pipelined Serial Mode,
that are used to copy data using existing peripheral structures within DRAM, requiring no changes to the DRAM cell
array. By enabling efficient bulk data copy and initialization, RowClone provides significant performance and DRAM
energy improvements that are between one to two orders of
magnitude higher compared to existing systems.
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RowClone is one of the first steps towards reducing unnecessary data movement between the processor and the
main memory using a low-cost in-memory approach. Current trends in system design indicate that our approach will
be more relevant to future, bandwidth-limited systems. We
hope that our work triggers research that leads to 1) simpler
and more efficient software design and 2) extensions of our
approach to other operations and memory technologies, with
the goal of continuing to greatly improve system performance
and energy efficiency.
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mizations (e.g., [4, 6, 35, 40, 58, 70, 86, 88, 103, 110]). In fact, bulk
data movement is important enough that modern commercial processors are adding specialized support to improve its
performance, such as the ERMSB instruction recently added
to the x86 ISA [28].
In today’s systems, to perform a bulk data movement between two locations in memory, the data needs to go through
the processor even though both the source and destination are
within memory. To perform the movement, the data is first
read out one cache line at a time from the source location in
memory into the processor caches, over a pin-limited off-chip
channel (typically 64 bits wide). Then, the data is written back
to memory, again one cache line at a time over the pin-limited
channel, into the destination location. By going through the
processor, this data movement incurs a significant penalty in
terms of latency and energy consumption.
To address the inefficiencies of traversing the pin-limited
channel, a number of mechanisms have been proposed to
accelerate bulk data movement (e.g., [35, 63, 88, 110]). The
state-of-the-art mechanism, RowClone [88], performs data
movement completely within a DRAM chip, avoiding costly
data transfers over the pin-limited memory channel. However, its effectiveness is limited because RowClone can enable
fast data movement only when the source and destination are
within the same DRAM subarray. A DRAM chip is divided
into multiple banks (typically 8), each of which is further
split into many subarrays (16 to 64) [45], shown in Figure 1a,
to ensure reasonable read and write latencies at high density [8, 32, 33, 45, 101].1 Each subarray is a two-dimensional
array with hundreds of rows of DRAM cells, and contains
only a few megabytes of data (e.g., 4MB in a rank of eight
1Gb DDR3 DRAM chips with 32 subarrays per bank). While
two DRAM rows in the same subarray are connected via a
wide (e.g., 8K bits) bitline interface, rows in different subarrays are connected via only a narrow 64-bit data bus within
the DRAM chip (Figure 1a). Therefore, even for previouslyproposed in-DRAM data movement mechanisms such as RowClone [88], inter-subarray bulk data movement incurs long
latency and high memory energy consumption even though
data does not move out of the DRAM chip.

This paper summarizes the idea of Low-Cost Interlinked Subarrays (LISA), which was published in HPCA 2016 [10], and
examines the work’s significance and future potential. Our
HPCA 2016 paper introduces a new DRAM design that enables
fast and energy-efficient bulk data movement across subarrays
in a DRAM chip. While bulk data movement is a key operation
in many applications and operating systems, we observe that
contemporary systems perform this movement inefficiently, by
transferring data from DRAM to the processor, and then back to
DRAM, across a narrow off-chip channel. The use of this narrow
channel for bulk data movement results in high latency and
energy consumption. Prior work proposes to avoid these high
costs by exploiting the existing wide internal DRAM bandwidth
for bulk data movement, but the limited connectivity of wires
within DRAM allows fast data movement within only a single
DRAM subarray. Each subarray is only a few megabytes in
size, greatly restricting the range over which fast bulk data
movement can happen within DRAM.
Our HPCA 2016 paper proposes a new DRAM substrate, LowCost Inter-Linked Subarrays (LISA), whose goal is to enable fast
and efficient data movement across a large range of memory at
low cost. LISA adds low-cost connections between adjacent subarrays. By using these connections to interconnect the existing
internal wires (bitlines) of adjacent subarrays, LISA enables
wide-bandwidth data transfer across multiple subarrays with
little (only 0.8%) DRAM area overhead. As a DRAM substrate,
LISA is versatile, enabling a variety of new applications. We
describe and evaluate three such applications in detail: (1) fast
inter-subarray bulk data copy, (2) in-DRAM caching using a
DRAM architecture whose rows have heterogeneous access latencies, and (3) accelerated bitline precharging by linking multiple
precharge units together. Our extensive evaluations show that
each of LISA’s three applications significantly improves performance and memory energy efficiency, and their combined
benefit is higher than the benefit of each alone, on a variety of
workloads and system configurations.

1. Introduction
Bulk data movement, the movement of thousands or millions of bytes between two memory locations, is a common
operation performed by an increasing number of real-world
applications (e.g., [6, 37, 57, 58, 74, 82, 85, 88, 89, 94, 99, 110]).
Therefore, it has been the target of several architectural opti-

1 We

refer the reader to our prior works [8, 9, 10, 11, 21, 22, 39, 41, 42, 43,
44, 45, 54, 55, 56, 57, 58, 60, 61, 75, 88, 89] for a detailed background on DRAM.
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By using a rigorous DRAM circuit model that conforms
to the JEDEC standards [32] and ITRS specifications [30, 31],
we show that RBM performs row buffer movement at 26x
the bandwidth of a modern 64-bit DDR4-2400 memory channel (500 GB/s vs. 19.2 GB/s), even after we conservatively
add a large (60%) timing margin to account for process and
temperature variation.
Die Area Overhead. To evaluate the area overhead of
adding isolation transistors, we use area values from prior
work, which adds isolation transistors to disconnect bitlines
from sense amplifiers [73]. That work shows that adding an
isolation transistor to every bitline incurs a total of 0.8% die
area overhead in a 28nm DRAM process technology. Similar
to prior work that adds isolation transistors to DRAM [57,
73], our LISA substrate also requires additional control logic
outside the DRAM banks to control the isolation transistors,
which incurs a small amount of area and is non-intrusive to
the cell arrays.

Isolation
Transistor

Internal
Data Bus

64b
Bitlines
Slow
(a) RowClone [88]

8Kb

Fast

(b) LISA

Figure 1: Transferring data between subarrays using the internal data bus takes a long time in state-of-the-art DRAM
design, RowClone [88] (a). Our work, LISA, enables fast intersubarray data movement with a low-cost substrate (b). Reproduced from [10].

While it is clear that fast inter-subarray data movement can
have several applications that improve system performance
and memory energy efficiency [6, 37, 55, 74, 82, 85, 88, 89, 110],
there is currently no mechanism that performs such data
movement quickly and efficiently. This is because no wide
datapath exists today between subarrays within the same bank
(i.e., the connectivity of subarrays is low in modern DRAM).
Our goal is to design a low-cost DRAM substrate that enables
fast and energy-efficient data movement across subarrays.

3. Applications of LISA
We exploit LISA’s fast inter-subarray movement capability
to enable many applications that can improve system performance and energy efficiency. In our HPCA 2016 paper [10],
we implement and evaluate three applications of LISA, which
significantly improve system performance in different ways.

2. Low-Cost Inter-Linked Subarrays (LISA)
We make two key observations that allow us to improve the
connectivity of subarrays within each bank in modern DRAM.
First, accessing data in DRAM causes the transfer of an entire
row of DRAM cells to a buffer (i.e., the row buffer, where the
row data temporarily resides while it is read or written) via
the subarray’s bitlines. Each bitline connects a column of cells
to the row buffer, interconnecting every row within the same
subarray (Figure 1a). Therefore, the bitlines essentially serve
as a very wide bus that transfers a row’s worth of data (e.g.,
8K bits in a chip) at once. Second, subarrays within the same
bank are placed in close proximity to each other. Thus, the
bitlines of a subarray are very close to (but are not currently
connected to) the bitlines of neighboring subarrays (as shown
in Figure 1a).
Key Idea. Based on these two observations, we introduce a new DRAM substrate, called Low-cost Inter-linked
SubArrays (LISA). LISA enables low-latency, high-bandwidth
inter-subarray connectivity by linking neighboring subarrays’
bitlines together with isolation transistors, as illustrated in Figure 1b. We use the new inter-subarray connection in LISA to
develop a new DRAM operation, row buffer movement (RBM),
which moves data that is latched in an activated row buffer in
one subarray into an inactive row buffer in another subarray,
without having to send data through the narrow internal data
bus in DRAM. RBM exploits the fact that the activated row
buffer has enough drive strength to induce charge perturbation within the idle (i.e., precharged) bitlines of neighboring
subarrays, allowing the destination row buffer to sense and
latch this data when the isolation transistors are enabled. We
describe the detailed operation of RBM in our HPCA 2016
paper [10].

3.1. Rapid Inter-Subarray Bulk Data Copying
(LISA-RISC)
Due to the narrow memory channel width, bulk copy operations used by applications and operating systems are performance limiters in today’s systems [35,37,55,88,110]. These
operations are commonly performed due to the memcpy and
memmov. Recent work reported that these two operations consume 4-5% of all of Google’s data center cycles [37], making
them an important target for lightweight hardware acceleration.
Our goal is to design a new mechanism that enables lowlatency and energy-efficient memory copy between rows in
different subarrays within the same bank. To this end, we
propose a new in-DRAM copy mechanism that uses LISA to
exploit the high-bandwidth links between subarrays. The
key idea, step by step, is to: (1) activate a source row in a
subarray; (2) rapidly transfer the data in the activated source
row buffers to the destination subarray’s row buffers, through
LISA’s RBM operation; and (3) activate the destination row,
which enables the contents of the destination row buffers to be
latched into the destination row. We call this inter-subarray
row-to-row copy mechanism LISA-Rapid Inter-Subarray Copy
(LISA-RISC).
3.1.1. DRAM Latency and Energy Consumption. Figure 2 shows the DRAM latency and DRAM energy consumption of memcpy (i.e, the baseline system), RowClone [88]
(state-of-the-art work), and LISA-RISC for copying a row of
data (8KB). The exact latency and energy numbers are listed
2

64

SA

15 hops
1 7

0

200

IS
t of L
emen

SC

A-RI

ov

Impr

In
tra

Energy (µJ)

7
6
5
4
3
2
1
0

400

3.2. In-DRAM Caching Using
Heterogeneous Subarrays (LISA-VILLA)

memcpy
RowClone
InterSA LISA-RISC

Our second application aims to reduce the DRAM access latency for frequently-accessed (hot) data. We propose to introduce heterogeneity within a bank by designing heterogeneouslatency subarrays. We call this heterogeneous DRAM design
VarIabLe LAtency DRAM (VILLA-DRAM). To design a lowcost fast subarray, we take an approach similar to prior work,
attaching fewer cells to each bitline to reduce the parasitic capacitance and resistance. This reduces the latency of the three
fundamental DRAM operations–activation, precharge, and restoration–when accessing data in the fast subarrays [57,67,94].
Activation “opens” a row of DRAM cells to access stored data.
Precharge “closes” an activated row. Restoration restores the
charge level of each DRAM cell in a row to prevent data loss.
Together, these three operations predominantly define the
latency of a memory request [8, 9, 10, 11, 21, 22, 39, 41, 42, 43, 44,
45, 54, 55, 56, 57, 58, 60, 61, 75, 88, 89]. In this work, we focus on
managing the fast subarrays in hardware, as doing so offers
better adaptivity to dynamic changes in the hot data set.
In order to take advantage of VILLA-DRAM, we rely on
LISA-RISC to rapidly copy rows across subarrays, which significantly reduces the caching latency. We call this synergistic
design, which builds VILLA-DRAM using LISA, LISA-VILLA.
Nonetheless, the cost of transferring data to a fast subarray
is still non-negligible, especially if the fast subarray is far
from the subarray where the data to be cached resides. Therefore, an intelligent cost-aware mechanism is required to
make astute decisions on which data to cache and when.
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Figure 2: Latency and DRAM energy of 8KB copy. Reproduced from [10].

Copy Commands (8KB)

Latency (ns)

Energy (µJ)

memcpy (via mem. channel) 1366.25
6.2
RC-InterSA / Bank / IntraSA 1363.75 / 701.25 / 83.75 4.33 / 2.08 / 0.06
LISA-RISC (1 / 7 / 15 hops) 148.5 / 196.5 / 260.5
0.09 / 0.12 / 0.17

Table 1: Copy latency and DRAM energy. Reproduced from
[10].

in Table 1. For LISA-RISC, we define a hop as the number of
subarrays that LISA-RISC needs to copy data across to move
the data from the source subarray to the destination subarray.
For example, if the source and destination subarrays are adjacent to each other, the number of hops is 1. The DRAM chips
we evaluate have 16 subarrays per bank, so the maximum
number of hops is 15.
We make two observations from these numbers. First, although inter-subarray RowClone (RC-InterSA) incurs similar
latencies as memcpy, it consumes 1.43x less energy, as it does
not transfer data over the channel and DRAM I/O for each
copy operation. However, as we discuss in Section 4.1 of our
HPCA 2016 paper [10], RC-InterSA incurs a higher system
performance penalty because it is a blocking long-latency memory command. Second, copying between subarrays using
LISA reduces the copy latency by 9x and copy energy by
48x compared to RowClone, even though the total latency
of LISA-RISC grows linearly with the hop count. An additional benefit of using LISA-RISC is that its inter-subarray
copy operations are performed completely inside a bank. As
the internal DRAM data bus is untouched, other banks can
concurrently serve memory requests, exploiting bank-level
parallelism.

3.2.1. Caching Policy for LISA-VILLA. We design a simple
epoch-based caching policy to evaluate the benefits of caching
a row in LISA-VILLA. Every epoch, we track the number of
accesses to rows by using a set of 1024 saturating counters
for each bank.2 The counter values are halved every epoch
to prevent staleness. At the end of an epoch, we mark the 16
most frequently-accessed rows as hot, and cache them when
they are accessed the next time. For our cache replacement
policy, we use the benefit-based caching policy proposed by
Lee et al. [57]. Specifically, it uses a benefit counter for each
row cached in the fast subarray: whenever a cached row is
accessed, its counter is incremented. The row with the least
benefit is replaced when a new row needs to be inserted. Note
that a large body of work proposes various caching policies
(e.g., [20, 23, 26, 34, 38, 59, 66, 78, 79, 87, 91, 100, 104, 106]), each
of which can potentially be used with LISA-VILLA.

3.1.2. Evaluation. We briefly summarize the system performance improvement due to LISA-RISC on a quad-core
system. We evaluate our system using Ramulator [41, 83], an
open-source cycle-accurate DRAM simulator, driven by traces generated from Pin [64]. Our workload evaluation results
show that LISA-RISC outperforms RowClone and memcpy:
its average performance improvement and energy reduction
over the best performing inter-subarray copy mechanism
(i.e., memcpy) are 66.2% and 55.4%, respectively, on a quadcore system, across 50 workloads that perform bulk copies.
We refer the reader to Section 9 of our HPCA 2016 paper [10]
for detailed evaluation and analysis.

3.2.2. Evaluation. Figure 3 shows the system performance
improvement of LISA-VILLA over a baseline without any fast
subarrays in a four-core system. It also shows the hit rate
in VILLA-DRAM, i.e., the fraction of accesses that hit in the
fast subarrays. We make two main observations. First, by
2 The hardware cost of these counters is low, requiring only 6KB of
storage in the memory controller (see Section 7.1 of our HPCA 2016 paper [10]).
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together on a four-core system. Figure 4 shows the system
performance improvement of adding LISA-VILLA to LISARISC, as well as combining all three optimizations, compared
to our baseline using memcpy and standard DDR3-1600 memory across 50 workloads. We refer the reader to our full
paper [10] for the detailed configuration and workloads. We
draw several key conclusions. First, the performance benefits
from each scheme are additive. On average, adding LISAVILLA improves performance by 16.5% over LISA-RISC alone,
and adding LISA-LIP further provides an 8.8% gain over LISA(RISC+VILLA). Second, although LISA-RISC alone provides a
majority of the performance improvement over the baseline
(59.6% on average), the use of both LISA-VILLA and LISA-LIP
further improves performance, resulting in an average performance gain of 94.8% and memory energy reduction (not
plotted) of 49.0%. Taken together, these results indicate that
LISA is an effective substrate that enables a wide range of
high-performance and energy-efficient applications in the
DRAM system.
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exploiting LISA-RISC to quickly cache data in VILLA-DRAM,
LISA-VILLA improves system performance for a wide variety
of workloads — by up to 16.1%, with a geometric mean of
5.1%. This is mainly due to reduced DRAM latency of accesses
that hit in the fast subarrays. The performance improvement
heavily correlates with the VILLA cache hit rate. Second, the
VILLA-DRAM design, which consists of heterogeneous subarrays, is not practical without LISA. Figure 3 shows that using
RC-InterSA (i.e., RowClone copying data across subarrays)
to move data into the cache reduces performance by 52.3%
due to slow data movement, which overshadows the benefits
of caching. The results indicate that LISA is an important
substrate to enable not only fast bulk data copy, but also a
fast in-DRAM caching scheme.

Figure 3: Performance improvement and hit rate with LISAVILLA, and performance comparison to using RC-InterSA
with VILLA-DRAM. Reproduced from [10].

3.3. Fast Precharge Using Linked Precharge Units
(LISA-LIP)
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Figure 4: Combined weighted speedup (WS) [14, 93] improvement of LISA applications. Reproduced from [10].

Our third application aims to accelerate the process of precharge. The precharge time for a subarray is determined
by the drive strength of the precharge unit (i.e., a circuitry
in a subarray’s row buffer for precharging the connected
subarray). We observe that in modern DRAM, while a subarray is being precharged, the precharge units (PUs) of other
subarrays remain idle.
We propose to exploit these idle PUs to accelerate a precharge operation by connecting them to the subarray that is
being precharged. Our mechanism, LISA-LInked Precharge
(LISA-LIP), precharges a subarray using two sets of PUs: one
from the row buffer that is being precharged, and a second set
from a neighboring subarray’s row buffer (which is already
in the precharged state), by enabling the links between the
two subarrays.
To evaluate the accelerated precharge process, we use the
same DRAM circuit model described in Section 2 and simulate the linked precharge operation in SPICE. Our SPICE
simulation reports that LISA-LIP significantly reduces the
precharge latency by 2.6x compared to the baseline (5ns vs.
13ns). Our system evaluation shows that LISA-LIP improves
performance by 10.3% on average, across 50 four-core workloads. We refer the reader to Section 6 of our HPCA 2016
paper [10] for a detailed analysis of LISA-LIP.

We conclude that LISA is an effective substrate that can greatly improve system performance and reduce system energy
consumption by synergistically enabling multiple different
applications. Our HPCA 2016 paper [10] provides many more
experimental results and analyses confirming this finding.

4. Related Work
To our knowledge, this is the first work to propose a DRAM
substrate that supports fast data movement between subarrays in the same bank, which enables a wide variety of applications for DRAM systems. We now discuss prior works that
focus on each of the optimizations that LISA enables.

4.1. Bulk Data Transfer Mechanisms
Prior works [7, 16, 17, 36, 108] propose to add scratchpad
memories to reduce CPU pressure during bulk data transfers,
which can also enable sophisticated data movement (e.g.,
scatter-gather [90]), but they still require data to first be
moved on-chip. A patent proposes a DRAM design that can
copy a page across memory blocks [84], but lacks concrete
analysis and evaluation of the underlying copy operations.
Intel I/O Acceleration Technology [27] allows for memory-tomemory DMA transfers across a network, but cannot transfer
data within main memory.
Zhao et al. [110] propose to add a bulk data movement
engine inside the memory controller to speed up bulk-copy
operations. Jiang et al. [35] design a different copy engine,

3.4. Evaluation: Putting Everything Together
As all of the three proposed applications are complementary to each other, we evaluate the effect of putting them
4
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placed within the cache controller, to alleviate pipeline and
cache stalls that occur when these transfers take place. However, these works do not directly address the problem of
data movement across the narrow memory channel.
A concurrent work by Lu et al. [63] proposes a heterogeneous DRAM design similar to VILLA-DRAM, called
DAS-DRAM, but with a very different data movement mechanism from LISA. It introduces a row of migration cells into
each subarray to move rows across subarrays. Unfortunately,
the latency of DAS-DRAM is not scalable with movement distance, because it requires writing the migrating row into each
intermediate subarray’s migration cells before the row reaches its destination, which prolongs data transfer latency. In
contrast, LISA provides a direct path to transfer data between
row buffers between adjacent subarrays without requiring
intermediate data writes into any subarray.

or programmers. Unfortunately, this approach cannot adapt
to program phase changes, limiting its performance gains.
If it were to adopt dynamic hot data management, CHARM
would incur high migration costs over the narrow 64-bit bus
that internally connects the fast and slow banks.
TL-DRAM [57] provides heterogeneity within a subarray
by dividing it into fast (near) and slow (far) segments that have
short and long bitlines, respectively, using isolation transistors. The fast segment can be managed as an OS-transparent
hardware cache. The main disadvantage is that it needs to
cache each hot row in two near segments as each subarray
uses two row buffers on opposite ends to sense data in the
open-bitline architecture (as discussed in our HPCA 2016
paper [10]). This prevents TL-DRAM from using the full
near segment capacity. As we can see, neither CHARM nor
TL-DRAM strike a good design balance for heterogeneouslatency DRAM. Our proposal, LISA-VILLA, is a new heterogeneous DRAM design that offers fast data movement with a
low-cost and easy-to-implement design.
Temporal Heterogeneity. Prior work observes that
DRAM latency can vary depending on when an access occurs.
The key observation is that a recently-accessed or refreshed
row has nearly full electrical charge in the cells, and thus
the following access to the same row can be performed faster [21, 22, 92]. We briefly describe two state-of-the-art works
that focus on providing heterogeneous latency temporally.
ChargeCache [22] enables faster access to recently-accessed
rows in DRAM by tracking the addresses of recently-accessed
rows. NUAT [92] enables accesses to recently-refreshed rows
at low latency because these rows are already highly-charged.
In contrast to ChargeCache and NUAT, LISA does not require
data to be recently-accessed/refreshed in order to reduce
DRAM latency. Adaptive-Latency DRAM (AL-DRAM) [56]
adapts the DRAM latency of each DRAM module to temperature, observing that each module can be operated faster at
lower temperatures. LISA is orthogonal to AL-DRAM. The
ideas of LISA can be employed in conjunction with works
that exploit the temporal heterogeneity of DRAM latency.

4.2. Cached DRAM
Several prior works (e.g., [20,23,26,38,109]) propose to add
a small SRAM cache to a DRAM chip to lower the access latency for data that is kept in the SRAM cache (e.g., frequently
or recently used data). There are two main disadvantages of
these works. First, adding an SRAM cache into a DRAM chip
is very intrusive: it incurs a high area overhead (38.8% for
64KB in a 2Gb DRAM chip) and design complexity [45, 57].
Second, transferring data from DRAM to SRAM uses a narrow global data bus, internal to the DRAM chip, which is
typically 64-bit wide. Thus, installing data into the DRAM
cache incurs high latency. Compared to these works, our
LISA-VILLA design enables low latency without significant
area overhead or complexity.

4.3. Heterogeneous-Latency DRAM
Prior works propose DRAM architectures that provide heterogeneous latency either spatially (dependent on where in
the memory an access targets) or temporally (dependent on
when an access occurs).
Spatial Heterogeneity. Prior work introduces spatial heterogeneity into DRAM, where one region has a fast access
latency but fewer DRAM rows, while the other has a slower
access latency but many more rows [57, 94]. Recent works
show that latency heterogeneity inherent in DRAM chips
due to process or design-induced variation can also naturally
enable such heterogeneous-latency substrates [9, 54]. The
fast region in DRAM can be utilized as a caching area, for
the frequently or recently accessed data. We briefly describe
two state-of-the-art works that offer different heterogeneouslatency DRAM designs.
CHARM [94] introduces heterogeneity within a rank by
designing a few fast banks with (1) shorter bitlines for faster
data sensing, and (2) closer placement to the chip I/O for faster
data transfers. To exploit these low-latency banks, CHARM
uses an OS-managed mechanism to statically map hot data to
these banks, based on profiled information from the compiler

4.4. Other Latency Reduction Mechanisms
Many prior works propose memory scheduling techniques,
which generally reduce latency to access DRAM [3, 13, 15,
29, 43, 44, 51, 52, 53, 68, 69, 71, 72, 96, 97, 98, 102]. Other works
propose mechanisms to perform in-memory computation to
reduce data movement and access latency [1, 2, 5, 6, 18, 24, 25,
40, 46, 62, 76, 77, 88, 89, 95, 107]. LISA is complementary to
these works, and it can work synergistically with in-memory
computation mechanisms by enabling fast aggregation of
data.

5. Significance
Our HPCA 2016 paper [10] proposes a new DRAM substrate that significantly improves the performance and efficiency of bulk data movement in modern systems. In this
5
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section, we briefly discuss the expected future impact of our
work, and discuss several research directions that our work
motivates.

row’s data in all the intermediate subarrays’ row buffer. As a
result, activating these intermediate subarrays would copy
their row buffers’ data into the specified row within these
subarrays. By extending LISA to perform multi-point (1-toN) copy or move operations, we can significantly increase
system performance of several commonly-used system operations. For example, forking multiple child processes can
utilize 1-to-N copy operations to efficiently copy memory
pages from the parent’s address space to all the children. As
another example, LISA can extend the range of in-DRAM
bulk bitwise operations [85, 89]. Thus, LISA can efficiently
enable architectural support to a new, useful system and programming primitive: 1-to-N bulk memory copy/movement.
In-Memory Computation with LISA. One important
requirement of efficient in-memory computation is being
able to move data from its stored location to the computation
units with very low latency and energy. We believe using
the LISA substrate can enable a new in-memory computation framework. The idea is to add a small computation unit
inside each or a subset of banks, and connect these computation units to the neighboring subarrays which store the data.
Doing so allows the system to utilize LISA to move bulk data
from the subarrays to the computation units with low latency
and low area overhead.
Extending LISA to Non-Volatile Memory. In this work,
we only focus on the DRAM technology. A class of emerging
memory technology is non-volatile memory (NVM), which
has the capability of retaining data without power supply. We
believe that the LISA substrate can be extended to NVM (e.g.,
PCM [48, 49, 50, 80, 81, 104, 105] and STT-MRAM [12, 19, 47])
since the memory organization of NVM mostly resembles
that of DRAM. A potential application of LISA in NVM is an
efficient file copy operation that does not incur costly I/O
data transfer. We believe LISA can provide further benefits
when main memory becomes persistent [65].

5.1. Potential Industry Impact
We believe that our LISA substrate can have a large impact
on mobile systems as well as data centers that consume a
significant amount of cycle time performing bulk data movement. A recent study [37] by Google reports that memcpy()
and memmove() library functions alone represent 4-5% of their
data center cycles even though Google has a significant workload diversity running within their data centers. Another recent study shows that 62.7% of system energy is spent on data
movement on consumer devices (e.g., smartphones, wearable devices, web-based computers such as Chromebooks) [6].
In this work, we demonstrate that one potential application
of using the LISA substrate is to accelerate memcpy() and
memmove(), as discussed in Section 3.1. Our detailed DRAM circuit model reports that LISA reduces the latency and DRAM
energy of these functions by 9x and 69x compared to today’s
systems, respectively. Hence, we expect LISA can improve
the efficiency and performance of both mobile and data center
systems.

5.2. Future Research Directions
This work opens up several avenues of future research
directions. In this section, we describe several directions that
can enable researchers to tackle other problems related to
memory systems based on the LISA substrate.
Reducing Subarray Conflicts via Remapping. When
two memory requests access two different rows in the same
bank, they have to be served serially, even if they are to
different subarrays. To mitigate such bank conflicts, Kim
et al. [45] propose subarray-level parallelism (SALP), which
enables multiple subarrays to remain activated at the same
time. However, if two accesses are to the same subarray, they
still have to be served serially. This problem is exacerbated
when frequently-accessed rows reside in the same subarray.
To help alleviate such subarray conflicts, LISA can enable
a simple mechanism that efficiently remaps or moves the
conflicting rows to different subarrays by exploiting fast RBM
operations.
Enabling LISA to Perform 1-to-N Memory Copy or
Move Operations. A typical memcpy or memmove call only
allows the data to be copied from one source location to one
destination location. To copy or move data from one source
location to multiple different destinations, repeated calls are
required. The problem is that such repeated calls incur long
latency and high bandwidth consumption. One potential
application that can be enabled by LISA is performing memcpy
or memmove from one source location to multiple destinations
completely in DRAM without requiring multiple calls of these
operations.
By using LISA, we observe that moving data from the
source subarray to the destination subarray latches the source

6. Conclusion
We present a new DRAM substrate, low-cost inter-linked
subarrays (LISA), that expedites bulk data movement across
subarrays in DRAM. LISA achieves this by creating a new
high-bandwidth datapath at low cost between subarrays, via
the insertion of a small number of isolation transistors. We
describe and evaluate three applications that are enabled by
LISA. First, LISA significantly reduces the latency and memory energy consumption of bulk copy operations between
subarrays over state-of-the-art mechanisms [88]. Second,
LISA enables an effective in-DRAM caching scheme on a new
heterogeneous DRAM organization, which uses fast subarrays for caching hot data in every bank. Third, we reduce
precharge latency by connecting two precharge units of adjacent subarrays together using LISA. We experimentally show
that the three applications of LISA greatly improve system
performance and memory energy efficiency when used indi6
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vidually or together, across a variety of workloads and system
configurations.
We conclude that LISA is an effective substrate that enables
several effective applications. We believe that this substrate,
which enables low-cost interconnections between DRAM
subarrays, can pave the way for other applications that can
further improve system performance and energy efficiency
through fast data movement in DRAM. We greatly encourage
future work to 1) investigate new applications and benefits of
LISA, and 2) develop new low-cost interconnection substrates
within a DRAM chip to improve internal connectivity and
data transfer ability.
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turb noise [3, 4, 5, 6, 15, 91], cell-to-cell program interference
noise [3, 4, 5, 6, 8, 11, 14], and program/erase (P/E) cycling
noise [3, 4, 5, 8, 9]. These are sources of errors that can significantly degrade NAND flash memory reliability.
A traditional solution to overcome flash errors, regardless
of their source, is to use error-correcting codes (ECC) [3, 4, 5,
30,66]. By storing a certain amount of redundant bits per unit
data, ECC can detect and correct a limited number of raw bit
errors. With the help of ECC, flash memory can hide these
errors from the users until the number of errors per unit data
exceeds the correction capability of the ECC. Flash memory
designers have been relying on stronger ECC to compensate
for lifetime reductions due to technology scaling. However,
stronger ECC, which has higher capacity and implementation
overhead, has diminishing returns on the amount of flash
lifetime improvement [12, 13]. As such, we intend to look for
more efficient ways of reducing flash errors.
Retention errors, caused by charge leakage over time after
a flash cell is programmed, are the dominant source of flash
memory errors [3, 4, 5, 8, 12, 13, 109]. The amount of charge
stored in a flash memory cell determines the threshold voltage
level of the cell, which in turn represents the logical data value
stored in the cell. As illustrated in Figure 1, the threshold
voltage (Vth ) range of a 2-bit MLC NAND flash cell is divided
into four regions by three read reference voltages, Va , Vb , and
Vc . The region in which the threshold voltage of a flash cell
falls represents the cell’s current state, which can be ER (or
erased), P1, P2, or P3. Each state decodes into a 2-bit value
that is stored in the flash cell (e.g., 11, 10, 00, or 01).1

This paper summarizes our work on experimentally characterizing, mitigating, and recovering data retention errors in
multi-level cell (MLC) NAND flash memory, which was published in HPCA 2015 [10], and examines the work’s significance
and future potential. Retention errors, caused by charge leakage
over time, are the dominant source of flash memory errors. Understanding, characterizing, and reducing retention errors can
significantly improve NAND flash memory reliability and endurance. In this work, we first characterize, with real 2Y-nm MLC
NAND flash chips, how the threshold voltage distribution of
flash memory changes with different retention ages – the length
of time since a flash cell was programmed. We observe from
our characterization results that 1) the optimal read reference
voltage of a flash cell, using which the data can be read with
the lowest raw bit error rate (RBER), systematically changes
with its retention age, and 2) different regions of flash memory
can have different retention ages, and hence different optimal
read reference voltages.
Based on our findings, we propose two new techniques. First,
Retention Optimized Reading (ROR) adaptively learns and applies the optimal read reference voltage for each flash memory
block online. The key idea of ROR is to periodically learn a
tight upper bound of the optimal read reference voltage, and
from there approach the optimal read reference voltage. Our
evaluations show that ROR can extend flash memory lifetime by
64% and reduce average error correction latency by 10.1%, with
only 768 KB storage overhead in flash memory for a 512 GB
flash-based SSD. Second, Retention Failure Recovery (RFR) recovers data with uncorrectable errors offline by identifying and
probabilistically correcting flash cells with retention errors. Our
evaluation shows that RFR reduces RBER by 50%, which essentially doubles the error correction capability, and thus can
effectively recover data from otherwise uncorrectable flash errors.

Va

ER
(11)

Vb

P1
(10)

Vc

P2
(00)

Vpass

P3
(01)

Vth

Figure 1: Threshold voltage distribution in 2-bit MLC NAND
flash memory. Stored data values are represented as the tuple
(LSB, MSB). Reproduced from [15].

1. Introduction
Over the past decade, the capacity of NAND flash memory
has been increasing continuously, as a result of aggressive process scaling and the advent of multi-level cell (MLC) technology. This trend has enabled NAND flash memory to replace
spinning disks for a wide range of applications – from high
performance clusters and large-scale data centers to consumer PCs, laptops, and mobile devices. Unfortunately, as flash
density increases, flash memory cells become more vulnerable
to various types of device and circuit level noise [3, 4, 5, 8, 86]
– e.g., retention noise [3, 4, 5, 8, 12, 13, 70, 80, 91], read dis-

As the manufacturing process technology for NAND flash
memory scales to smaller feature sizes, the capacitance of
a flash cell, and the number of electrons stored in the cell,
decrease. State-of-the-art MLC flash memory cells can store
only ∼100 electrons [10, 81]. Gaining or losing several electrons in a flash cell can significantly change the cell’s voltage
1 A detailed background on NAND flash memory design and operation,
and on data retention errors in NAND flash memory, can be found in our
prior works [3, 4, 5, 11, 12].
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level and eventually alter the state of the cell. In addition,
MLC technology reduces the size of the threshold voltage
window [9], i.e., the span of threshold voltage values corresponding to each logical state, in order to store more states
in a single cell. This also makes the state of a cell more likely
to shift due to charge loss caused by retention noise. As such,
for NAND flash memory, retention errors are one of the most
important limiting factors of more aggressive process scaling
and MLC technology.
One way to reduce retention errors is to periodically read,
correct, and reprogram the flash memory before the number
of errors accumulated over time exceed the error correction
capability of the ECC, i.e., the maximum number of raw bit
errors tolerable by the ECC [12,13,69,90]. However, this flash
correct and refresh (FCR) technique has two major limitations:
1) FCR uses a fixed read reference voltage to read data under
different retention ages, which is suboptimal, and 2) FCR
requires the flash controller to be consistently powered on
so that errors can be corrected, limiting its applicability to
enterprise deployments that have always-on power supplies.
In our HPCA 2015 paper [10], we pursue a better understanding of retention error behavior to improve NAND flash
reliability and lifetime, and find better (and complementary)
ways to mitigate flash retention errors. We characterize 1) the
distortion of threshold voltage distribution at different retention ages, i.e., the idle time after the data is programmed to
the flash memory, for state-of-the-art 2Y-nm (20- to 24-nm)
NAND flash memory chips at room temperature, and 2) the
retention age distribution of flash pages using disk traces
taken from real workloads. Our key findings are:
1. Due to threshold voltage distribution distortion, the optimal read reference voltages of flash cells, at which the
minimum raw bit error rate (RBER) can be achieved, systematically shift to lower values as retention age increases.
2. Pages within the same flash block (the granularity at which
flash memory can be erased) tend to have similar retention
ages and hence similar optimal read reference voltages,
whereas pages across different flash blocks have different
optimal read reference voltages.
Based on our findings, we propose two mechanisms to
mitigate data retention errors. First, we propose an online
technique called Retention Optimized Reading (ROR). They
key idea of ROR is to reduce the raw bit error rate by adaptively learning and applying the optimal read reference voltage
for each flash block. Our evaluations show that ROR extends
flash lifetime by 64% and reduces average error correction
latency by 10.1%, with only 768 KB storage overhead for a
512 GB flash-based SSD. Second, we propose an offline error
recovery technique called Retention Failure Recovery (RFR).
The key idea of RFR is to identify fast- and slow-leaking
cells and probabilistically determine the original value of an
erroneous cell based on its leakage-speed property and its
threshold voltage. Our evaluations show that RFR can effectively reduce the average raw bit error rate (RBER) by 50%,

essentially doubling the error correction capability of flash
memory, and allowing for the recovery of data otherwise
uncorrectable by ECC.
We first summarize our experimental characterization results (Section 2), and then introduce the Retention Optimized
Reading (Section 3) and Retention Failure Recovery (Section 4)
techniques.

2. Flash Data Retention Characterization
We use an FPGA-based flash memory testing platform to
characterize real state- of-the-art 2Y-nm NAND flash memory chips [7, 8]. As absolute threshold voltage values are
proprietary information to NAND flash vendors, we present
our results using normalized voltages, where the nominal
maximum value of Vth is equal to 512 in our normalized scale,
and where 0 represents GND. Section 3.1 of our HPCA 2015
paper [10] provides a detailed description of our experimental
methodology.
Figure 2 shows the threshold voltage distribution of flash
memory at different retention ages for 8,000 P/E cycles. We
make two observations from the figure. First, for the highervoltage states (P2 and P3), their threshold voltage distributions systematically shift to lower voltage values as the retention age grows. Second, the distributions of each state
become wider with higher retention age, and that the distributions of states at higher voltage (e.g., P3) shift faster than
Characterized
threshold
distribution
those of states
at lower voltage
(e.g., voltage
P1).

0-day

40-day

0-day

40-day

P1

P2

P3

Figure 2: Threshold voltage distribution of 2Y-nm MLC
NAND
flashCell’s
memory
vs. retention
age, at 8Kover
P/Etime
cycles unFinding:
threshold
voltage decreases
der room temperature. Reproduced from [10].
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We find that these changes due to retention leakage have
an impact to the optimal read reference voltage (OPT), which is
the read reference voltage between two states that minimizes
the raw bit error rate (RBER). Figure 3 shows the optimal
read reference voltage over retention age. We make two
observations from the figure. First, Figure 3a shows a slightly
decreasing trend of P1–P2 OPT (the optimal read reference
voltage used to distinguish between cells in the P1 state and
cells in the P2 state) over retention age. Second, we observe
that P2–P3 OPT decreases much more rapidly with retention
age than P1–P2 OPT, as shown in Figure 3b.
As the distributions continue to shift with growing retention age, the OPT for one retention age will be different than
the OPT for a different age, suggesting that a dynamically
changing OPT is ideal. To quantify how the choice of read
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(a) P1-P2 OPT

8. The lifetime of NAND flash memory can be extended if
the optimal read reference voltage that corresponds to the
retention age of the data is used.

(b) P2-P3 OPT

3. Retention Optimized Reading (ROR)
To optimize flash memory performance without compromising flash lifetime, we first breakdown and analyze the components of the flash memory read latency. A read operation
typically makes use of the read-retry operation [3, 4, 5, 9, 28],
which performs multiple data read attempts using different
read reference voltages until the read succeeds (i.e., ECC
successfully corrects all of the raw bit errors). A detailed
analysis of the flash memory read latency can be found in
Section 4.1 of our HPCA 2015 paper [10]. We summarize the
following four observations from this analysis:
• The read latency of NAND flash memory can be reduced
by minimizing the number of reads performed during readretry.
• The number of reads can be reduced by using a closer-tooptimal starting read reference voltage in the read-retry
process.
• The optimal read reference voltages of pages in the same
block are close, while those of pages in different blocks are
not always close.
• The optimal read reference voltage of pages in a block is
upper-bounded by the optimal read reference voltage of
the page in the block that was programmed last.
Based on these observations, we propose Retention Optimized Reading (ROR), which consists of two components: 1) an
online pre-optimization algorithm that learns the starting
read reference voltage for each block, and 2) an improved
read-retry technique that uses the starting read reference
voltage to reduce the search space of OPT (i.e., the optimal
read reference voltage) for the block. Section 4.2 of our HPCA
2015 paper [10] provides a detailed description of the components of ROR. We briefly summarize the components below.
The first component, the online pre-optimization algorithm, is triggered both daily and after power-on for each
block. This algorithm consists of the following four steps:
• Step 1: The flash controller first reads the highestnumbered page in a flash block (e.g., page 255 in a block
that contains 256 pages), with any default read reference
voltage Vdefault , and attempts to correct the errors in the
raw data read from the page. We chose the highestnumbered page in the block because it is programmed
last, and, thus, has the lowest retention age and the highest OPT value within the block. Hence, we use the OPT
for the highest-numbered page as a tight upper bound of
OPT for the block. Next, we record the number of raw
bit errors as the current lowest error count (NERR ), and
the applied read reference voltage as Vref = Vdefault . If we
cannot find the error count (i.e., the error is uncorrectable),
we record the maximum number of errors correctable by
ECC as NERR .

Figure 3: Effect of retention age on the optimal read reference voltage between (a) the P1 and P2 states, and (b) the
P2 and P3 states. Reproduced from [10].

Normalized RBER

reference voltage affects RBER, we apply the optimal read
reference voltages (OPTs) determined for {0, 1, 2, 6, 9, 17,
21, 28}-day retention ages to read 28-day-old data. Figure 4
shows the RBER obtained when reading the 28-day-old data
with different OPTs, normalized to the RBER obtained when
reading the data with the 28-day OPT. This figure shows
that picking the correct value of OPT for each retention age
results in a lower RBER. In turn, this allows us to extend the
lifetime (i.e., the number of P/E cycles the device can tolerate)
of the NAND flash memory if we always use the correct OPT
based on the retention age of the data that is being read.
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Figure 4: Normalized RBER when reading 28-day-old data
with different optimal read reference voltages (normalized
to 28-day OPT). Reproduced from [10].

In Section 3 of our HPCA 2015 paper [10], we perform
several other experimental characterization studies of flash
memory data retention behavior, and make the following
eight new findings:
1. The threshold voltage distributions of the P2 and P3 states
systematically shift to lower voltages with retention age.
2. The threshold voltage distribution of each state becomes
wider with higher retention age.
3. The threshold voltage distribution of a higher-voltage state
shifts faster than that of a lower-voltage state.
4. Both P1–P2 OPT and P2–P3 OPT become smaller over
retention age.
5. P2–P3 OPT changes more significantly over retention age
than P1–P2 OPT.
6. The optimal read reference voltage corresponding to one
retention age is suboptimal (i.e., it results in a higher RBER)
for reading data with a different retention age.
7. RBER becomes lower when the retention age for which the
used read reference voltage is optimized becomes closer
to the actual retention age of the data.
3
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• Step 2: The controller tries to read the page using a lower
read reference voltage. Since we want to find the optimal
read reference voltage for the highest-numbered page in
the block, we approach it from the current starting read
reference voltage step by step. Since OPT typically decreases over retention age, we first attempt to lower the read
reference voltage. We decrease the read reference voltage
to (Vref – ∆V ) and read the highest-numbered page. If the
number of corrected errors in the new data is less than or
equal to the old NERR , we update NERR and Vref with the
new values. We repeat Step 2 until the number of corrected
errors in the new data is greater than the previous value
of NERR , or the lowest possible read reference voltage is
reached.
• Step 3: The controller tries to read the page using a higher
read reference voltage. Since the optimal threshold voltage
might increase in rare cases, we also attempt to increase
the read reference voltage. We increase the read reference
voltage to (Vref + ∆V ) and read the highest-numbered
page in the block. Again, if the number of corrected errors
in the new data is less than or equal to NERR , we update
NERR and Vref with the new values. We repeat Step 3 until
the number of corrected errors in the new data is greater
than the previous value of NERR , or the highest possible
read reference voltage is reached.
• Step 4: Record the optimal read reference voltage. After
Step 3, the most recently-used value of Vref is the optimal read reference voltage for the highest-numbered page.
Thus, we record this voltage as the upper bound of the
optimal read reference voltages for the block.
The second component is an improved read-retry technique that takes advantage of the recorded starting read reference voltage. During a normal read operation, the flash
controller first attempts to read the data with the recorded
starting read reference voltage. Then, since the recorded starting read reference voltage is the upper bound of the OPTs
within the block, we iteratively decrease the read reference
voltage until the read operation succeeds. Note that the starting read reference voltages are accessed frequently (on each
read operation) by the flash controller, so we store them in
the SSD’s DRAM buffer to allow fast access.
Our key evaluation results show that ROR achieves the
same flash lifetime improvements as naive read-retry, which
has a read latency that is 64% longer than a baseline that uses
a fixed read reference voltage. Due to a reduction in raw bit
error rate, ROR reduces the ECC decoding latency by 10.1%
on average compared to the baseline, which is equivalent to
a 2.4% reduction in overall flash read latency. Compared with
the original read-retry technique, which we explain in detail
in Section 4.1 of our HPCA 2015 paper [10], ROR reduces
the read-retry operation count by 70.4%, and thus reduces
the overall read latency by the same fraction. This reduction
is due to two reasons: 1) ROR starts the read-retry process
at a close-to-optimal starting read reference voltage that is

estimated and recorded daily and upon power-on; and 2) ROR
approaches OPT in a known, informed direction from this
starting read reference voltage.
Section 4.4 of our HPCA 2015 paper [10] provides more
results from our evaluation of ROR. In our HPCA 2015 paper, we show that the performance overhead of ROR, which
is periodically triggered by an online pre-optimization algorithm, can be largely hidden by executing the algorithm only
when the SSD is idle, or in the background at a lower priority.
This is because, even considering the worst-case scenario, we
obtain an estimated pre-optimization latency of 3, 15, and 23
seconds for flash memory with a 1-day, 7-day, and 30-dayequivalent retention age, respectively. Since the flash pages
within a block is programmed at similar times, the optimal
read reference voltages of these pages are close. So we store
one byte per block for each starting read reference voltage
learned for the ER-P1 OPT, the P1–P2 OPT, and the P2–P3
OPT. We also show that ROR requires only 768 KB of storage
overhead, to store the entire read reference voltage table for
an assumed 512 GB flash drive.

4. Retention Failure Recovery (RFR)
Even with ROR, the retention error rate will eventually
exceed the ECC limit as retention age keeps increasing. At
that point, some reads will have more raw errors than can be
corrected by ECC, preventing the drive from returning the
data to the user. Traditionally, this would be the point of data
loss and thus the end of flash memory lifetime.
We show that retention failure is avoidable under various
circumstances. In Section 5.1 of our HPCA 2015 paper [10],
we show that high temperature can significantly increase the
number of retention errors in a short period of time, which
leads to unexpected data loss. For example, if the required
refresh period of the flash memory is one week at room temperature, uncorrectable errors may start to accumulate after
a mere 36 minutes. We also discuss why completely avoiding
such retention failure is unrealistic. No previous technique
can prevent data loss after retention failure happens.
We introduce Retention Failure Recovery (RFR), which enables us to recover data from a failed flash page offline after
the number of errors in the page exceed the total number of
errors that ECC can correct. Due to process variation, different flash cells on the same chip can have different charge
leakage speeds. We describe a technique to classify fast- and
slow-leaking cells in just a few days, which enables RFR to
probabilistically infer the original value stored in each flash
cell. Our evaluation, based on data from real NAND flash
chips, shows that RFR can reduce raw bit error rate by 50%,
and thus ECC can then be used to recover a majority of the
data in pages with retention failures.
Figure 5 shows how the threshold voltage of a retentionprone cell (i.e., a fast-leaking cell, labeled P in the figure)
decreases over time (i.e., the cell shifts to the left) due to
retention leakage, while the threshold voltage of a retention4
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Probability Density

resistant cell (i.e., a slow-leaking cell, labeled R in the figure)
does not change significantly over time. Retention Failure
Recovery (RFR) uses this classification of retention-prone
versus retention-resistant cells to correct the data from the
failed page without the assistance of ECC. Without loss of
generality, let us assume that we are studying susceptible cells
near the intersection of two threshold voltage distributions
X and Y, where Y contains higher voltages than X. Figure 5
highlights the region of cells considered susceptible by RFR
using a box, labeled Susceptible. A susceptible cell within
the box that is retention prone likely belongs to distribution
Y, as a retention-prone cell shifts rapidly to a lower voltage
(see the circled cell labeled P within the susceptible region in
the figure). A retention-resistant cell in the same susceptible
region likely belongs to distribution X (see the boxed cell
labeled R within the susceptible region in the figure).
Read as X
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Figure 6: (a) Classification of risky (i.e., susceptible) cells to
identify misread bits, (b) cells before additional retention
loss, and (c) cells after additional retention loss. Reproduced
from [10].

Programmed to Y

We evaluate RFR on data programmed to random values
that has 28-day equivalent retention age. In Step 3, we introduce an additional 12 days’ worth of equivalent retention age.
Figure 7 shows the resulting raw bit error rate of RFR over a
range of P/E cycles (compared to that of the baseline). This
figure shows that RFR reduces the RBER by 50%, averaged
across all evaluated wearout levels (P/E cycles). Thus, we
expect the number of raw bit errors to be halved, increasing
the chances that these errors are correctable by ECC.
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• Step 4: Selectively flip bits based on the identification results from Step 3. Using the leakage speed information,
we now know that type 2 and type 3 cells are likely misread. Thus, we simply flip those cells to correct these likely
errors.

Vth

Figure 5: Some retention-prone (P) and retention-resistant
(R) cells are incorrectly read after charge leakage due to retention time. RFR identifies and corrects the incorrectly read
cells based on their leakage behavior. Reproduced from [3].

RFR identifies fast- vs. slow-leaking cells, and uses selective
bit flipping to correct retention failures, thus reducing RBER.
With reduced raw bit errors, the read data may be reconstructed by ECC with a higher probability. RFR consists of
the following four offline steps, which are triggered when an
uncorrectable error is found:

Baseline (no RFR)
RFR

• Step 1: Identify data with a retention failure. Once the flash
controller fails to read a flash page, a retention failure is
identified on that page.
• Step 2: Identify susceptible cells using three read operations. We read the failed page using three read reference
voltages: OPT (the optimal read reference voltage) minus
some margin δ (Step 2.1), OPT (Step 2.2), and OPT plus
δ (Step 2.3). The value of δ is large enough to include
the entire Susceptible region shown in Figure 5. Figure 6a
illustrates the identification of susceptible (i.e., risky) cells,
which are denoted as type 1 , type 2 , type 3 , and type 4
cells.
• Step 3: Identify fast- and slow-leaking cells. We compare
the threshold voltage of susceptible cells before and after
several days of retention to classify them as fast- and slowleaking cells. Figures 6b and 6c illustrate how the cells
shift differently after additional retention loss. Among the
susceptible cells, type 1 and type 2 cells are slow-leaking
cells, whereas type 3 and type 4 cells are fast-leaking
cells.

× 104

Figure 7: Effect of the RFR technique on raw bit error rate.
Reproduced from [10].

5. Related Work
To our knowledge, our HPCA 2015 paper [10] is the first to
1) experimentally characterize and comprehensively analyze
how the threshold voltage distribution changes over different
retention ages, as well as the implication of these changes on
the read reference voltage and lifetime, using real state-of-theart 2Y-nm MLC NAND flash memory chips; and 2) proposes
two novel techniques to mitigate the impact of retention age
online and to recover from data loss by exploiting retention
behavior. In this section, we briefly discuss various related
works.
5
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the retention loss speed and program variation of 3D charge
trap NAND flash memory, and proposes techniques to mitigate these issues to improve flash memory lifetime. Recent
work [113] characterizes the latency and raw bit error rate of
3D NAND flash memory devices based on floating gate cells,
and makes similar observations as those for planar NAND
flash memory devices based on floating gate cells. Prior works
have reported several differences between 3D NAND and planar NAND through circuit level measurements, including
the fact that 3D NAND flash cells exhibit 1) smaller program
variation at high P/E cycle [92], 2) smaller program interference [92], and 3) early retention loss [22, 22, 82]. The field
(both academia and industry) is currently in much need of
detailed rigorous experimental characterization and analysis
of state-of-the-art 3D NAND flash memory devices.
Retention Error Mitigation Using Periodic Refresh.
Prior works [12, 13, 69, 90] propose to use periodic refresh
to mitigate retention errors. Cai et al. [12, 13] introduce
1) remapping-based refresh, which periodically reads data
from each valid flash block, corrects any data errors, and
remaps the data to a different physical location, 2) in-place refresh, which incrementally replenishes the lost charge of each
page at its current location, and 3) adaptive refresh, which
allows the controller to adaptively adjust the rate that the refresh mechanisms are invoked based on the wearout (i.e., the
current P/E cycle count) of the NAND flash memory [12, 13];
or the temperature of the SSD [8, 10]. However, these techniques 1) require the system to be consistently powered on,
and 2) are unaware of the fact that the optimal read reference
voltage changes with different retention age. Note that these
works always apply a fixed read reference voltage regardless
of the retention age of the cell, which is suboptimal for reading flash blocks at different retention ages. In contrast, our
ROR technique optimizes the read reference voltage of each
flash block based on its retention age, leading to significant
lifetime improvements. Several works [23, 70, 104] find that
refresh operations consume a large number of P/E cycles,
and propose techniques that exploit workload write-hotness
to relax the guaranteed retention time of NAND flash memory without requiring refresh. For example, WARM [70]
partitions write-hot and write-cold data using a lightweight
mechanism designed for flash memory, and eliminates the
need to refresh write-hot data, leading to significant lifetime
improvements over existing periodic refresh mechanisms.
Our techniques can be combined with such refresh elimination techniques for higher lifetime and performance.
Read Reference Voltage Optimization.
A few
works [11, 14, 91] propose optimizing the read reference
voltage. Cai et al. [14] propose a technique to calculate the
optimal read reference voltage from the mean and variance of
the threshold voltage distributions, which are characterized
by the read-retry technique [9]. The cost of such a technique is relatively high, as it requires periodically reading flash
memory with all possible read reference voltages to discover

5.1. Works on NAND Flash Memory
NAND Flash Memory Retention Error Characterization. Multiple prior works characterize NAND flash data
retention, but mainly in terms of RBER [8, 12, 13, 80]. These
works show that 1) retention errors are the dominant errors
in NAND flash memory, and 2) the retention error rate increases with the retention age and the P/E cycle. Papandreou et
al. [91] characterize the retention effect on threshold voltage
distributions under high temperature baking, and find that
the distribution shifts to lower voltage over retention time,
and so does the optimal read reference voltage. In contrast,
our HPCA 2015 paper [10] characterizes data retention under
room temperature, which is closer to how NAND flash memories are typically used [10]. Our recent work characterizes
how data retention affects the threshold voltage distribution
for TLC NAND flash memory [3,4,5], making similar findings
as our HPCA 2015 paper [10].
NAND Flash Memory Error Characterization. Prior
works study different types of NAND flash memory errors
in MLC, planar NAND flash memory, including P/E cycling
errors [9, 71, 80, 91, 93], programming errors [6, 71, 93], cellto-cell program interference errors [9, 11, 14], retention errors [9,10,12,80,91], and read disturb errors [15,80,91]. These
works characterize how raw bit error rate and threshold
voltage distributions change with various types of noise. Our
recent work characterizes the same types of errors in planar
TLC NAND flash memory and has similar findings [3, 4, 5].
Thus, we believe that most of the findings on MLC NAND
flash memory can be generalized to any types of planar NAND
flash memory devices (e.g., SLC, MLC, TLC, or QLC). Recent
works [77, 89, 101] have also studied SSD errors in the field,
and have shown the system-level implications of these errors in large-scale data centers. Unlike our characterization,
these in-the-field studies do not have access to the underlying
NAND flash memory within the SSDs that they test, and, thus,
are unable to show detailed data retention behavior.
3D NAND Flash Memory Error Characterization. Recently, manufacturers have begun to produce SSDs that contain three-dimensional (3D) NAND flash memory [36, 42, 78,
79, 92, 117]. In 3D NAND flash memory, multiple layers of
flash cells are stacked vertically to increase the density and
to improve the scalability of the memory [117]. In order to
achieve this stacking, manufacturers have changed a number
of underlying properties of the flash memory design. We
refer readers to our prior work for a detailed comparison
between 3D NAND flash memory and planar NAND flash
memory [3, 4, 5]. Previous works [22, 82] compare the retention loss between 3D charge trap NAND flash memory and
planar NAND flash memory through real device characterization, and find that 3D charge trap cells leak charge faster
than planar NAND cells and thus experience the phenomenon of early retention loss. Our recent work [72] characterizes
the impact of dwell time, i.e., the idle time between consecutive program cycles, and environmental temperature on
6
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the threshold voltage distributions. Papandreou et al. [91]
propose to apply a per-block close-to-optimal read reference
voltage by periodically sampling and averaging 6 OPTs within
each block, learned by exhaustively trying all possible read reference voltages. In contrast, ROR can find the actual optimal
read reference voltage at a much lower latency, thanks to the
new findings and observations in our HPCA 2015 paper [10].
We show that ROR greatly outperforms naive read-retry. The
latter is significantly simpler than the mechanism proposed
in [91].
Recently, Luo et al. [71] propose to accurately predict the
optimal read reference voltage using an online flash channel
model for each chip learned online. Cai et al. [15] propose
a new technique called Vpass tuning, which tunes the passthrough voltage, i.e., a high reference voltage applied to turn
on unread cells in a block, to mitigate read disturb errors. Du
et al. [27] propose to tune the optimal read reference voltages for ECC soft decoding to improve the ECC correction
capability (i.e., the maximum number of errors that ECC can
correct). Fukami et al. [28] propose to use read-retry to improve the reliability of the chip-off forensic analysis of NAND
flash memory devices. Our proposals are complementary to
all these techniques.
Error Recovery. To our knowledge, our HPCA 2015 paper [10] proposes the first mechanism that can recover data
even after ECC is unable to successfully correct all of the
errors due to retention loss. One of our works [15] builds
on our HPCA 2015 paper and adapts the RFR mechanism to
opportunistically recover from read disturb errors instead of
retention errors. FlashDefibrillator (FD) [39] improves upon
RFR to recover from data retention errors online. FD recovers data retention errors online by applying a sequence of
diagnostic pulses that recharge the fast-leaking cells. This
helps recover otherwise uncorrectable errors in two ways:
(1) fast-leaking cells may be recharged back to the correct
state, (2) fast-leaking cells recharge faster than slow-leaking
cells, thus fast-leaking cells can be identified as the cells
whose threshold voltages increase faster during the diagnostic pulses. These two more recent works [15,39] directly build
upon our HPCA 2015 paper.

capacitor and access transistor [67]. As a result, the retention
time of the cells within a single DRAM chip vary significantly,
resulting in strong cells that have high retention times and
weak cells that have low retention times within each chip. The
operating temperature affects the rate at which charge leaks
from the capacitor. As the operating temperature increases,
the retention time of a DRAM cell decreases exponentially [29,
67].
Due to the rapid charge leakage from DRAM cells, a
DRAM controller periodically refreshes all DRAM cells in
place [17, 38, 44, 67, 68, 94, 97] (similar to the periodic refresh
techniques used in NAND flash memory, but at a much smaller time scale). DRAM standards require a DRAM cell to be
refreshed once every 64 ms [38]. As the density of DRAM continues to increase over successive product generations (e.g.,
by 128x between 1999 and 2017 [16, 18]), enabled by the scaling of DRAM to smaller manufacturing process technology
nodes [73, 84, 85, 87], the performance and energy overheads
required to refresh an entire DRAM module have grown significantly [17, 68, 84, 85, 87]. It is expected that the refresh
problem will get significantly worse and limit DRAM density scaling, as described in a recent work by Samsung and
Intel [43] and by our group [68]. Prior analysis shows that
when DRAM chip density reaches 64 Gbit, nearly 50% of the
data throughput is lost due to the high amount of time spent
on refreshing all of the rows in the chip, and nearly 50% of the
DRAM chip power is spent on refresh operations [68]. Thus,
data retention problems and refresh pose a clear challenge to
DRAM scalability.
Various experimental studies of real DRAM chips (e.g.,
[32, 44, 45, 50, 62, 67, 68, 94, 97]) have studied the data retention
time of DRAM cells in modern chips, and have shown that
the vast majority of DRAM cells can retain data without loss
for much longer than the 64 ms retention time specified by
DRAM standards. A number of works take advantage of
this variability in data retention time behavior across DRAM
cells, by reducing the frequency at which the vast majority
of DRAM rows within a module are refreshed (e.g., [2, 37, 44,
46, 67, 68, 94, 97, 110]), or by reducing the interference caused
by refresh requests on demand requests (e.g., [17, 83, 108]).
More findings on the nature of DRAM data retention and
associated errors, as well as relevant experimental data from
modern DRAM chips, can be found in our prior works [16, 17,
32, 44, 45, 46, 47, 62, 67, 68, 84, 94, 97]. We also refer the readers
to prior works on the design and operation of the underlying
DRAM architecture [17, 18, 19, 20, 32, 33, 49, 51, 52, 53, 54, 55, 60,
61, 62, 63, 64, 67, 68, 94, 102, 103].

5.2. Data Retention Errors in DRAM
DRAM uses the charge within a capacitor to represent one
bit of data. Much like the floating gate within NAND flash
memory, charge leaks from the DRAM capacitor over time,
leading to data retention issues. Unlike a NAND flash cell,
where leakage typically leads to data loss after several days
to years of retention time, leakage from a DRAM cell leads to
data loss after a retention time on the order of milliseconds to
seconds [67].
The retention time of a DRAM cell depends upon several
factors [67], including (1) manufacturing process variation
and (2) temperature. Manufacturing process variation affects
the amount of current that leaks from each DRAM cell’s

5.3. Errors in Emerging Nonvolatile Memory
Technologies
DRAM operations are several orders of magnitude faster
than SSD operations, but DRAM has two major disadvantages.
First, DRAM offers orders of magnitude less storage density
than NAND-flash-memory-based SSDs. Second, DRAM is
7
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volatile (i.e., the stored data is lost on a power outage). Emerging nonvolatile memories, such as phase-change memory
(PCM) [57, 58, 59, 76, 98, 112, 115, 121], spin-transfer torque
magnetic RAM (STT-RAM or STT-MRAM) [56, 88], metaloxide resistive RAM (RRAM) [111], and memristors [26, 107],
are expected to bridge the gap between DRAM and SSDs,
providing DRAM-like access latency and energy, and at
the same time SSD-like large capacity and nonvolatility
(and hence SSD-like data persistence). These technologies
are also expected to be used as part of hybrid memory systems (also called heterogeneous memory systems), where
one part of the memory consists of DRAM modules and
another part consists of modules of emerging technologies [21, 24, 25, 41, 65, 74, 75, 95, 98, 99, 100, 115, 116, 118, 119].
PCM-based devices are expected to have a limited lifetime, as PCM can only endure a certain number of writes [57, 98, 112], similar to the P/E cycling errors in NANDflash-memory-based SSDs (though PCM’s write endurance
is higher than that of SSDs). PCM suffers from (1) resistance
drift [35, 96, 112], where the resistance used to represent the
value becomes higher over time (and eventually can introduce a bit error), similar to how charge leakage in NAND
flash memory and DRAM lead to retention errors over time;
and (2) write disturb [40], where the heat generated during
the programming of one PCM cell dissipates into neighboring cells and can change the value that is stored within the
neighboring cells. STT-RAM suffers from (1) retention failures, where the value stored for a single bit (as the magnetic
orientation of the layer that stores the bit) can flip over time;
and (2) read disturb (a conceptually different phenomenon
from the read disturb in DRAM and flash memory), where
reading a bit in STT-RAM can inadvertently induce a write
to that same bit [88].
Due to the nascent nature of emerging nonvolatile memory
technologies and the lack of availability of large-capacity devices built with them, extensive and dependable experimental
studies have yet to be conducted on the reliability of real PCM,
STT-RAM, RRAM, and memristor chips. However, we believe
that error mechanisms conceptually or abstractly similar to
those we discussed for flash memory and DRAM are likely to
be prevalent in emerging technologies as well (as supported
by some recent studies [1, 40, 48, 88, 105, 106, 120]), albeit with
different underlying mechanisms and error rates. We expect
that the ROR and RFR techniques we propose in our HPCA
2015 paper [10] can be easily adapted to NVM technologies.

6.1. Long-Term Impact
We believe our work will have long-term impact for the
following three reasons. First, as NAND flash memory becomes denser in the future, data retention will become a bigger
issue, and thus a better understanding of its implication and
characteristics will be important to help maintain NAND
flash reliability after scaling [3, 4, 5, 84]. Second, we propose
an online technique that reduces flash read latency, and we
give insights into the flash read-retry algorithm, thereby hopefully inspiring future works to further optimize flash read
latency. Third, we propose an offline technique that leverages
underlying flash characteristics to enable recovery from a
retention failure even after the drive fails to correct it, thereby
hopefully inspiring future works to look for more ways to
prevent data loss.
Data Retention. Our work provides a comprehensive analysis of the retention loss effect on real NAND flash memory
chips, which enhances the understanding of the retention loss
effect in the research community. We hope that our analysis
and solutions can inspire more works to handle data retention in better ways. As planar NAND flash memory becomes
denser, each flash memory cell holds less charge and becomes more vulnerable to retention loss [8, 12]. Thus, in the
future, we expect data retention to become a more important
problem [3, 4, 5, 84], and expect that industry will be more
open to adapt new solutions like our proposals, ROR and RFR.
In fact, several flash-based SSDs currently use refresh as a
solution to mitigate retention errors [31, 34, 114]. Our work
shows that we can go significantly beyond refresh to tolerate
the data retention problem in NAND flash memory.
Read Performance Optimization. The read performance advantage of flash memory over hard disk drives makes flash-based SSDs more appealing than hard disk drives.
However, many existing solutions, such as read-retry [9, 28],
trade off flash performance for reliability. Our HPCA 2015 paper [10] is the first to point out the read performance problem,
and to provide a detailed analysis and new solution to this
problem. We hope that our work can enhance the research
community’s understanding of flash read performance and
bring more attention to flash read performance, which is critically important to overall system performance. Techniques
that are developed in DRAM to reduce read latency [17,18,19,
20, 33, 51, 52, 53, 54, 60, 61, 62, 63, 64, 68, 94, 102, 103] can prompt
inspiration for NAND flash memory.
Data Recovery. Prior to our work, after a retention failure
happens, an uncorrectable error and resulting data corruption
was considered to be unrecoverable from, resulting in data
loss. To our knowledge, our HPCA 2015 paper [10] is the first
to show that it is actually possible to recover this data using
our RFR mechanism. As the reliability of NAND flash memory decreases, and the popularity of flash-based SSDs increases, SSD failures are expected to increase, creating a greater
need for recovery techniques that can retrieve previouslyunrecoverable data. In light of this, recent works [15,39] have

6. Significance
Our HPCA 2015 paper [10] provides extensive characterization data and proposes novel mechanisms to mitigate
retention errors in modern NAND flash memory and recover
data when ECC fails. We believe that our characterization and
mechanisms will have a significant impact on the community,
as evidenced by multiple recent works directly building upon
our HPCA 2015 paper [15, 39, 72].
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directly built upon RFR to provide additional data recovery
mechanisms. We hope that our work draws more attention
to flash memory data recovery, and inspires further solutions
to this important problem.
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6.2. New Research Directions
Our HPCA 2015 paper [10] presents characterization results for data retention in real NAND flash chips. By making
such data and knowledge available, we believe that the flash
memory and SSD research communities can have a better
understanding of data retention, and can therefore develop
better solutions to tackle the retention problem in the future. We hope that our work will continue to inspire future
works in flash memory that can provide a comprehensive
characterization and analysis of other NAND flash memory
behavior using real chips, such as program/erase cycling and
cell-to-cell program disturbance. We also hope that our ROR
and RFR techniques bring more attention to both the flash
read performance problem and data recovery problem, and
that they will inspire researchers from both academia and
industry to develop and adopt new solutions.

7. Conclusion
Our HPCA 2015 paper [10] comprehensively characterizes and analyzes how the threshold voltage distribution and
the optimal read reference voltages of state-of-the-art 2Y-nm
MLC NAND flash memory change over different retention
ages. Based on these analyses, the paper proposes two new
techniques. Retention Optimized Reading (ROR) improves
reliability, lifetime, and performance of MLC NAND flash memory at modest storage cost by optimizing the read reference
voltage of each flash memory block based on its retention age.
We demonstrate significant benefits with ROR in terms of
reduced RBER, extended flash lifetime, and reduction in flash
read latency. Retention Failure Recovery (RFR) recovers data
with uncorrectable errors by identifying and probabilistically
correcting flash cells with retention errors. We demonstrate
large raw bit error rate reductions with RFR. We hope that
our comprehensive characterization of data retention in flash
memory will enable better understanding of flash retention
errors and motivate other new techniques to overcome these
errors. We believe the importance of our two new techniques
(ROR and RFR) will grow as NAND flash memory scales to
smaller feature sizes and becomes even less reliable in the
future.
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Among all of these types of noise, read disturb noise has largely been understudied in the past for MLC NAND flash,
with no open-literature work available prior to our DSN 2015
paper [16] that characterizes and analyzes the read disturb
phenomenon.

This paper summarizes our work on experimentally characterizing, mitigating, and recovering read disturb errors in
multi-level cell (MLC) NAND flash memory, which was published in DSN 2015 [16], and examines the work’s significance and
future potential. NAND flash memory reliability continues to
degrade as the memory is scaled down and more bits are programmed per cell. A key contributor to this reduced reliability
is read disturb, where a read to one row of cells impacts the
threshold voltages of unread flash cells in different rows of the
same block. Such disturbances may shift the threshold voltages
of these unread cells to different logical states than originally
programmed, leading to read errors that hurt endurance.
For the first time in open literature, this work experimentally characterizes read disturb errors on state-of-the-art 2Y-nm
(i.e., 20-24 nm) MLC NAND flash memory chips. Our findings
(1) correlate the magnitude of threshold voltage shifts with
read operation counts, (2) demonstrate how program/erase cycle
count and retention age affect the read-disturb-induced error
rate, and (3) identify that lowering pass-through voltage levels
reduces the impact of read disturb and extend flash lifetime.
Particularly, we find that the probability of read disturb errors
increases with both higher wear-out and higher pass-through
voltage levels.
We leverage these findings to develop two new techniques.
The first technique mitigates read disturb errors by dynamically
tuning the pass-through voltage on a per-block basis. Using real
workload traces, our evaluations show that this technique increases flash memory endurance by an average of 21%. The second
technique recovers from previously-uncorrectable flash errors
by identifying and probabilistically correcting cells susceptible
to read disturb errors. Our evaluations show that this recovery
technique reduces the raw bit error rate by 36%.

One reason for this prior neglect has been the heretofore
low occurrence of read-disturb-induced errors in older flash
technologies. In single-level cell (SLC) NAND flash, read disturb errors were only expected to appear after an average of
one million reads to a single flash block [26, 54]. Even with
the introduction of MLC NAND flash, first-generation MLC
devices were expected to exhibit read disturb errors after
100,000 reads [29, 54]. As a result of manufacturing process
technology scaling, some modern MLC NAND flash devices
are now prone to read disturb errors after as few as 20,000
reads, with this number expected to drop even further with
continued scaling [29, 54]. The exposure of these read disturb
errors can be exacerbated by the uneven distribution of reads
across flash blocks in contemporary workloads [65,89], where
certain flash blocks experience high temporal locality and
can, therefore, more rapidly exceed the read count at which
read disturb errors are induced. We refer the reader to our
prior works for a more detailed background [4, 5, 6, 16].
Read disturb errors are an intrinsic result of the flash architecture. Inside each flash cell, data is stored as the threshold
voltage of the cell, based on the logical value that the cell
represents. As shown in Figure 1, during a read operation
to the cell, a read reference voltage (i.e., Va , Vb , or Vc ) is applied to the transistor corresponding to this cell. If this read
reference voltage is higher than the threshold voltage of the
cell, the transistor is turned on. The region in which the
threshold voltage of a flash cell falls represents the cell’s current state, which can be ER (or erased), P1, P2, or P3. Each
state decodes into a 2-bit value that is stored in the flash cell
(e.g., 11, 10, 00, or 01). Note that the threshold voltage of
all flash cells in a chip is bounded by an upper limit, Vpass ,
which is the pass-through voltage. More detailed explanations
of how NAND flash memory cells work and the data retention errors in NAND flash memory can be found in our prior
works [4, 5, 6, 10].

1. Introduction
NAND flash memory currently sees widespread usage as a
storage device, having been incorporated into systems ranging from mobile devices and client computers to data center storage, as a result of its increasing capacity and decreasing cost per bit. The increasing capacity and lower cost
are mainly driven by aggressive transistor scaling and multilevel cell (MLC) technology, where a single flash cell can
store more than one bit of data. However, as NAND flash
memory capacity increases, flash memory suffers from different types of circuit-level noise, which greatly impact its
reliability. These include program/erase cycling noise [8, 9],
cell-to-cell program interference noise [8, 11, 14], retention
noise [8,10,12,13,49,59], and read disturb noise [19,26,59,87].

Within a flash block, the transistors of multiple cells, each
from a different flash page, are tied together as a single bitline,
which is connected to a single output wire. Only one cell is
read at a time per bitline. In order to read one cell (i.e., to
determine whether it is turned on or off ), the transistors for
the cells not being read must be kept on to allow the value from
the cell being read to propagate to the output. This requires
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flash lifetime by 21%. Second, we propose Read Disturb Recovery (RDR), a mechanism that exploits the differences in the
susceptibility of different cells to read disturb to extend the effective correction capability of error-correcting codes (ECC).
RDR probabilistically identifies and corrects cells susceptible to read disturb errors. Our evaluations show that RDR
reduces the raw bit error rate by 36%.

Vpass

P3
(01)

Vth

Figure 1: Threshold voltage distribution in 2-bit MLC NAND
flash. Stored data values are represented as the tuple (LSB,
MSB). Reproduced from [16].

2. Characterizing Read Disturb in
Real NAND Flash Memory Chips

the transistors to be powered with a pass-through voltage,
which is a read reference voltage guaranteed to be higher than
any stored threshold voltage (see Figure 1). Though these
other cells are not being read, this high pass-through voltage
induces electric tunneling that can shift the threshold voltages
of these unread cells to higher values, thereby disturbing the
cell contents on a read operation to a neighboring page. As we
scale down the size of flash cells, the transistor oxide becomes
thinner, which in turn increases this tunneling effect. With
each read operation having an increased tunneling effect,
it takes fewer read operations to neighboring pages for the
unread flash cells to become disturbed (i.e., shifted to higher
threshold voltages) and move into a different logical state.
In light of the increasing sensitivity of flash memory to
read disturb errors, our goal is to (1) develop a thorough understanding of read disturb errors in state-of-the-art MLC
NAND flash memories, by performing experimental characterization of such errors on existing commercial 2Y-nm (i.e.,
20-24 nm) flash memory chips, and (2) develop mechanisms
that can tolerate read disturb errors, making use of insights
gained from our read disturb error characterization. The key
findings from our quantitative characterization are:
• The effect of read disturb on threshold voltage distributions
and raw bit error rates increases with both the number of reads to neighboring pages and the number of program/erase
cycles on a block.
• Cells with lower threshold voltages are more susceptible
to errors as a result of read disturb.
• As the pass-through voltage decreases, (1) the read disturb
effect of each individual read operation becomes smaller,
but (2) the read errors can increase due to reduced ability
in allowing the read value to pass through the unread cells.
• If a page is recently written, a significant margin within the
ECC correction capability (i.e., the total number of bit errors
it can correct for a single read) is unused (i.e., the page
can still tolerate more errors), which enables the page’s
pass-through voltage to be lowered safely).
We exploit these studies on the relation between the read
disturb effect and the pass-through voltage (Vpass ), to design
two mechanisms that reduce the reliability impact of read disturb. First, we propose a low-cost dynamic mechanism called
Vpass Tuning, which, for each block, finds the lowest passthrough voltage that retains data correctness. Vpass Tuning
extends flash endurance by exploiting the finding that a lower
Vpass reduces the read disturb error count. Our evaluations
using real workload traces show that Vpass Tuning extends

We use an FPGA-based NAND flash testing platform in
order to characterize read disturb on state-of-the-art flash
chips [4,5,6,7]. We use the read-retry operation present within
MLC NAND flash devices to accurately read the cell threshold
voltage [4, 5, 6, 9, 10, 11, 12, 14, 15, 22, 69]. As threshold voltage
values are proprietary information, we present our results
using a normalized threshold voltage, where the nominal value
of Vpass is equal to 512 in our normalized scale, and where 0
represents GND.
One limitation of using commercial flash devices is the inability to alter the Vpass value, as no such interface currently
exists. We work around this by using the read-retry mechanism, which allows us to change the read reference voltage
Vref one wordline at a time. Since both Vpass and Vref are
applied to wordlines, we can mimic the effects of changing
Vpass by instead changing Vref and examining the impact on
the wordline being read. We perform these experiments on
one wordline per block, and repeat them over ten different
blocks.
We present our major findings below. For a complete description of all of our observations, we refer the reader to our
DSN 2015 paper [16].

2.1. Quantifying Read Disturb Perturbations
First, we quantify the amount by which read disturb shifts
the threshold voltage, by measuring threshold voltage values
for unread cells after 0, 250K, 500K, and 1 million read operations to other cells within the same flash block. Figure 2a
shows the distribution of the threshold voltages for cells in
a flash block after 0, 250K, 500K, and 1 million read operations. Figure 2b zooms in on this to illustrate the distribution
for values in the ER state. We find that the magnitude of the
threshold voltage shift for a cell due to read disturb (1) increases
with the number of read disturb operations, and (2) is higher if
the cell has a lower threshold voltage.

2.2. Effect of Read Disturb on Raw Bit Error Rate
Second, we aim to relate these threshold voltage shifts to
the raw bit error rate (RBER), which refers to the probability
of reading an incorrect state from a flash cell. We measure
whether flash cells that are more worn out (i.e., cells that
have been programmed and erased more times) are impacted
differently due to read disturb. Figure 3 shows the RBER over
an increasing number of read disturb operations for different
2
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Figure 2: (a) Threshold voltage distribution of all programmed states before and after read disturb; (b) Threshold voltage
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Figure 3: Raw bit error rate vs. read disturb count under different levels of program and erase (P/E) wear. Reproduced
from [16].

Figure 4: Raw bit error rate vs. read disturb count for different Vpass values, for flash memory under 8K program/erase
cycles of wear. Reproduced from [16].

amounts of P/E cycle wear (i.e., the amount of wearout in
P/E cycles) on flash blocks. Each level shows a linear RBER
increase as the read disturb count increases. We find that
(1) for a given amount of P/E cycle wear on a block, the raw bit
error rate increases roughly linearly with the number of read
disturb operations, and that (2) the effects of read disturb are
greater for cells that have experienced a larger number of P/E
cycles.

Unlike read disturb errors, these bitline propagation errors
(or read errors) do not alter the threshold voltage of the flash
cell.

2.4. Effect of Pass-Through Voltage on
Raw Bit Error Rate
Fourth, setting Vpass to a value slightly lower than the
maximum Vth leads to a trade-off. On the one hand, it can
substantially reduce the effects of read disturb. On the other
hand, it causes a small number of unread cells to incorrectly
stay off instead of passing through a value, potentially leading
to a read error. Therefore, if the number of read disturb errors
can be dropped significantly by lowering Vpass , the small
number of read errors introduced may be warranted. If too
many read errors occur, we can always fall back to using the
maximum threshold voltage for Vpass without consequence.
Naturally, this trade-off depends on the magnitude of these
error rate changes. We now explore the gains and costs, in
terms of overall RBER, for relaxing Vpass below the maximum
threshold voltage of a block.
To identify the extent to which relaxing Vpass affects the
raw bit error rate, we experimentally sweep over Vpass , reading the data after a range of different retention ages, as
shown in Figure 5. First, we observe that across all of our
studied retention ages, Vpass can be lowered to some degree without inducing any read errors. For greater relaxations, though,

2.3. Pass-Through Voltage Impact on
Read Disturb
Third, we show that the cause of read disturb can be reduced by reducing (i.e., relaxing) the pass-through voltage
using a circuit-level model of the flash cell, and verify this
observation using real measurements. Figure 4 shows the
measured change in RBER as a function of the number of
read operations, for selected relaxations of Vpass . Note that
the x-axis uses a log scale. For a fixed number of reads, even a
small decrease in the Vpass value can yield a significant decrease in RBER. As an example, at 100K reads, lowering Vpass by
2% can reduce the RBER by as much as 50%. Conversely, for
a fixed RBER, a decrease in Vpass exponentially increases the
number of tolerable read disturbs. However, decreasing Vpass
can prevent some cells’ values from propagating correctly
along the bitline on a read, as an unread flash cell transistor
may be incorrectly turned off, thus generating new errors.
3
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Addl. RBER Due to Relaxed Vpass

the error rate increases as more unread cells are incorrectly
turned off during read operations. We also note that, for a
given Vpass value, the additional read error rate is lower if the
read is performed a longer time after the data is programmed
into the flash (i.e., if the retention age is longer). This is because
of the retention loss effect, where cells slowly leak charge
and thus have lower threshold voltage values over time. Naturally, as the threshold voltage of every cell decreases, a
relaxed Vpass becomes more likely to correctly turn on the
unread cells.
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Figure 6: Overall raw bit error rate and tolerable Vpass reduction vs. retention age, for a flash block with 8K P/E cycles
of wear. Reproduced from [16].
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3. Mitigation: Pass-Through Voltage Tuning
To minimize the effect of read disturb, we propose a mechanism called Vpass Tuning, which learns the minimum passthrough voltage for each block, such that all data within the
block can be read correctly with ECC. Figure 7 provides an
exaggerated illustration of how the unused ECC capability
changes over the retention period (i.e., the refresh interval).
At the start of each retention period, there are no retention
errors or read disturb errors, as the data has just been restored. In these cases, the large unused ECC capability allows us
to design an aggressive read disturb mitigation mechanism,
as we can safely introduce correctable errors. Thanks to read
disturb mitigation, we can reduce the effect of each individual
read disturb, thus lowering the total number of read disturb
errors accumulated by the end of the refresh interval. This
reduction in read disturb error count leads to lower error
count peaks at the end of each refresh interval, as shown in
Figure 7 by the distance between the solid black line and the
dashed red line. Since flash lifetime is dictated by the number
of data errors (i.e., when the total number of errors exceeds
the ECC correction capability, the flash device has reached
the end of its life), lowering the error count peaks extends
lifetime by extending the time before these peaks exhaust the
ECC correction capability.

510

Figure 5: Additional raw bit error rate induced by relaxing
Vpass , shown across a range of data retention ages. Reproduced from [16].

2.5. Error Correction with Reduced
Pass-Through Voltage

Error Rate

Fifth, while we have shown, in Section 3.6 of our DSN
2015 paper [16], that Vpass can be lowered to some degree
without introducing new raw bit errors, we would ideally
like to further decrease Vpass to lower the read disturb impact
more. This can enable flash devices to tolerate many more
reads. The ECC used for NAND flash memory can tolerate
an RBER of up to 10–3 [12, 13], which occurs only during
worst-case conditions such as long retention time. Our goal
is to identify how many additional raw bit errors the current
level of ECC provisioning in flash chips can sustain. Figure 6
shows how the expected RBER changes over a 21-day period
for our tested flash chip without read disturb, using a block
with 8,000 P/E cycles of wear. An RBER margin (20% of the
total ECC correction capability) is reserved to account for
variations in the distribution of errors and other potential
errors (e.g., program and erase errors). For each retention
age, the maximum percentage of safe Vpass reduction (i.e.,
the lowest value of Vpass at which all read errors can still
be corrected by ECC) is listed on the top of Figure 6. As we
can see, by exploiting the previously-unused ECC correction
capability, Vpass can be safely reduced by as much as 4% when
the retention age is low (less than 4 days).
Our key insight from this study is that a lowered Vpass
can reduce the effects of read disturb, and that the read errors
induced from lowering Vpass can be tolerated by the built-in
error correction mechanism within modern flash controllers.
More results and more detailed analysis are in our DSN 2015
paper [16].

ECC Correc�on Capability
Error Reduc�on
Block Refreshed
from Mi�ga�on

Refresh Interval

Time
Figure 7: Exaggerated example of how read disturb mitigation reduces error rate peaks for each refresh interval. Solid
black line is the unmitigated error rate, and dashed red line is
the error rate after mitigation. (Note that the error rate does
not include read errors introduced by reducing Vpass , as the
unused error correction capability can tolerate errors caused
by Vpass Tuning.) Reproduced from [16].

Our learning mechanism works online and is triggered on
a daily basis. Vpass Tuning can be fully implemented within
the flash controller, and has two components:
4
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1. It first finds the size of the ECC margin M (i.e., the unused
correction capability within ECC) that can be exploited to
tolerate additional read errors for each block. In order to do
this, our mechanism discovers the page with approximately
the highest number of raw bit errors.
2. Once it knows the available margin M, our mechanism
calibrates the pass-through voltage Vpass on a per-block
basis to find the lowest value of Vpass that introduces no
more than M additional raw errors.
The first component of our mechanism must first approximately discover the page with the highest error count, which
we call the predicted worst-case page. After manufacturing,
we statically find the predicted worst-case page by programming pseudo-randomly generated data to each page within
the block, and then immediately reading the page to find the
error count, as prior work on error analysis has done [8]. For
each block, we record the page number of the page with the
highest error count. Our mechanism obtains the error count,
which we define as our maximum estimated error (MEE), by
performing a single read to this page and reading the error count provided by ECC (once a day). We conservatively
reserve 20% of the spare ECC correction capability in our
calculations. Thus, if the maximum number of raw bit errors correctable by ECC is C, we calculate the available ECC
margin for a block as M = (1 – 0.2) × C – MEE.
The second component of our mechanism identifies the
greatest Vpass reduction that introduces no more than M raw
bit errors. The general Vpass identification process requires
three steps:

Action 2: When a block is refreshed, all retention and read
disturb errors accumulated during the previous refresh interval are corrected. At this time, our mechanism checks how
much Vpass can be lowered by.
Our mechanism repeats the Vpass identification process for
each block that contains valid data to learn the minimum passthrough voltage we can use. It also repeats the entire Vpass
learning process daily to adapt to threshold voltage changes due to retention loss [11, 14]. As such, the pass-through
voltage of all blocks in a flash drive can be fine-tuned continuously to reduce read disturb and thus improve overall
flash lifetime. Our DSN 2015 paper [16] describes this mechanism in more detail, and discusses a fallback mechanism
for extreme cases where the additional errors accumulating
between tunings exceed our 20% margin of unused error correction capability. For more detail, we refer the reader to
Section 4 of our DSN 2015 paper [16].
Our mechanism can reduce Vpass by as much as 4%.
Through a series of optimizations, described in more detail in
Section 4 of our DSN 2015 paper [16], it only incurs an average
daily performance overhead of 24.34 sec for a 512GB SSD,
and uses only 128KB storage overhead to record per-block
data.
We evaluate Vpass Tuning with I/O traces collected from a
wide range of real workloads with different use cases [38, 43,
65, 83, 89]. Figure 8 shows how our mechanism can increase
the endurance (measured as the number of program/erase
cycles that take place before the NAND flash memory can
no longer be used). We find that for a variety of our workloads, our Vpass tuning mechanism increases flash memory
endurance by an average of 21.0%, thanks to its success in
reducing the number of raw bit errors that occur due to read
disturb.

Step 1: Aggressively reduce Vpass to Vpass – ∆, where ∆ is the
smallest resolution by which Vpass can change.

P/E Cycle Endurance

Step 2: Apply the new Vpass to all wordlines in the block.
Count the number of 0’s read from the page (i.e., the number
of bitlines incorrectly switched off ) as N . If N ≤ M (recall
that M is the extra available ECC correction margin), the
read errors resulting from this Vpass value can be corrected by
ECC, so we repeat Steps 1 and 2 to try to further reduce Vpass .
If N > M, it means we have reduced Vpass too aggressively,
so we proceed to Step 3 to roll back to an acceptable value of
Vpass .
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Figure 8: Endurance improvement with Vpass Tuning. Reproduced from [16].

Step 3: Increase Vpass to Vpass + ∆, and verify that the introduced read errors can be corrected by ECC (i.e., N ≤ M). If
this verification fails, we repeat Step 3 until the read errors
are reduced to an acceptable range.

4. Read Disturb Oriented Error Recovery
Even if we mitigate the impact of read disturb errors, a
flash device will eventually exhaust its lifetime. At that point,
some reads will have more raw errors to correct than can be
corrected by ECC, preventing the drive from returning the
correct data to the user. Traditionally, this is referred to as
the point of data loss.
We propose to take advantage of our understanding of
read disturb behavior, by designing a mechanism that can
recover data even after the device has exceeded its lifetime.

The implementation can be simplified greatly in practice,
as the error rate changes are relatively slow over time. Over
the course of the seven-day refresh interval, our mechanism
must perform one of two actions each day:
Action 1: When a block is not refreshed, our mechanism
checks once daily if Vpass should increase, to accommodate the
slowly-increasing number of errors due to dynamic factors
(e.g., retention errors, read disturb errors).
5
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This mechanism, which we call Read Disturb Recovery (RDR),
(1) identifies flash cells that are susceptible to generating errors
due to read disturb (i.e., disturb-prone cells), and (2) probabilistically corrects the data stored in these cells without the
assistance of ECC. After these probabilistic corrections, the
number of errors for a read will be brought back down, to a
point at which ECC can successfully correct the remaining
errors and return valid data to the user.

We evaluate how the overall RBER changes when we use
RDR. Fig. 10 shows experimental results for error recovery in
a flash block with 8,000 P/E cycles of wear. When RDR is applied, the reduction in overall RBER grows with the read disturb
count, from a few percent for low read disturb counts up to 36%
for 1 million read disturb operations. As data experiences a
greater number of read disturb operations, the read disturb
error count contributes to a significantly larger portion of
the total error count, which our recovery mechanism targets
and reduces. We therefore conclude that RDR can provide a
large effective extension of the ECC correction capability.

To understand why identifying disturb-prone cells can
help with correcting errors, we study why read disturb errors
occur to begin with. Figure 9a shows the state of four flash
cells before read disturb happens. The two blue cells are
both programmed with a two-bit value of 11, and the two
red cells are programmed with a two-bit value of 00, with
each two-bit value being assigned to a different range of
threshold voltages (Vth ). Between each assigned range is
a margin. When read disturb occurs, the blue cells, which
are disturb-prone, experience large Vth shifts upwards, while
the blue cells, which are disturb-resistant, do not shift much,
as shown in Figure 9b. Now that the distributions of these
two-bit values overlap, a read error will occur for these four
cells.
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Figure 10: Raw bit error rate vs. number of read disturb operations, with and without RDR, for a flash block with 8,000
P/E cycles of wear. Reproduced from [16].

5. Related Work
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We break down related work on NAND flash memory
(Section 5.1) into six major categories: (1) read disturb error
characterization, (2) NAND flash memory error characterization, (3) 3D NAND error characterization, (4) read disturb
error mitigation, (5) voltage optimization, and (6) error recovery. We then introduce related work on read disturb errors
in DRAM (Section 5.2) and emerging memory technologies
(Section 5.3).

Vth

(b) After some read disturb

Figure 9: Vth distributions before and after read disturb. Reproduced from [16].

Identifying Susceptible Cells. In order to identify
susceptible cells, RDR induces a significant number of additional read disturbs (e.g., 100K) within the flash cells that
contain uncorrectable errors. We do this by characterizing
the degree of the threshold voltage shift (∆Vth ) induced by
the additional read disturbs, and comparing the shift to a delta
threshold voltage (∆Vref ) at the intersection of the two probability density functions. We classify cells with a higher threshold voltage change (∆Vth > ∆Vref ) as disturb-prone cells.
We classify cells with a lower or negative threshold voltage
change (∆Vth < ∆Vref ) as disturb-resistant cells. Section 5.2
of our DSN 2015 paper [16] provides more detailed results
and analysis of disturb-prone and disturb-resistant cells.

5.1. Related Works on NAND Flash Memory
Read Disturb Error Characterization. Prior to this
work [16], the read disturb phenomenon for NAND flash
memory has not been well explored in openly-available literature. Prior work [42] experimentally characterizes and
proposes solutions for read disturb errors in DRAM. The mechanisms for disturbance and techniques to mitigate them
are different between DRAM and NAND flash due to devicelevel differences [61]. Recent work has characterized concentrated read disturb effect and find that there are more read
disturb errors on the direct neighbors to the page being repeatedly read [97]. Recent work has found that read disturb
errors significantly reduce the reliability of unprogrammed
and partially-programmed wordlines within a flash block,
and can cause security vulnerabilities [15, 67]. These unprogrammed and partially programmed wordlines have lower
threshold voltages (e.g., all cells in unprogrammed wordlines
are in erased state), they are more sensitive to read disturb effect. When the wordlines are fully-programmed, NAND flash
memory chip cannot correct any of these read disturb errors
and thus program the misread flash cells into an incorrect
state.

Correcting Susceptible Cells. For flash cells with threshold voltages close to the boundary between two different
data values, RDR predicts that the disturb-prone cells belong
to the lower of the two voltage distributions (ER in Figure 9).
Likewise, disturb-resistant cells near the boundary likely belong to the higher voltage distribution (P1 in Figure 9). This
does not eliminate all errors, but decreases the raw bit errors
in disturb-prone cells. RDR attempts to correct the remaining raw bit errors using ECC. Section 5.3 of our DSN 2015
paper [16] provides more detail on the RDR mechanism.
6
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NAND Flash Memory Error Characterization. There
are many past works from us and other research groups that
analyze many different types of NAND flash memory errors in MLC, planar NAND flash memory, including P/E cycling errors [9, 52, 59, 68, 72], programming errors [15, 52, 72],
cell-to-cell program interference errors [9, 11, 14], retention
errors [9, 10, 12, 59, 68], and read disturb errors [16, 59, 68],
and propose many different mitigation mechanisms. These
works complement our DSN 2015 paper. A survey of these
works (and many other related ones) can be found in our
recent works [4, 5, 6]. These works characterize how raw bit
error rate and threshold voltage change over various types
of noise. Our recent work characterizes the same types of
errors in TLC, planar NAND flash memory and has similar
findings [4,5,6]. Thus, we believe that most of the findings on
MLC NAND flash memory can be generalized to any types
of planar NAND flash memory devices (e.g., SLC, MLC, TLC,
or QLC). Recent work has also studied SSD errors in the field,
and has shown the system-level implications of these errors
to large-scale data centers [56, 66, 77].
3D NAND Error Characterization. Recently, manufacturers have begun to produce SSDs that contain threedimensional (3D) NAND flash memory [33, 37, 57, 58, 70, 96].
In 3D NAND flash memory, multiple layers of flash cells are
stacked vertically to increase the density and to improve
the scalability of the memory [96]. In order to achieve this
stacking, manufacturers have changed a number of underlying properties of the flash memory design. However, the internal organization of a flash block remains unchanged. Thus,
read disturb errors are similar in 3D NAND flash memory.
But the rate of read disturb errors are significantly reduced
in today’s 3D NAND because it currently uses a larger manufacturing process technology [23, 25]. We refer the reader to
our prior work for a more detailed comparison between 3D
NAND and planar NAND [4, 5, 6]. Recent work characterizes
the latency and raw bit error rate of 3D NAND devices based
on floating gate cells [94] and make similar observations as
in planar NAND devices based on floating gate cells. Recent
work has reported several differences between 3D NAND
and planar NAND through circuit level measurements. These
differences include 1) smaller program variation at high P/E
cycle [70], 2) smaller program interference [70], 3) early retention loss [17, 17, 60]. We characterize the impact of dwell
time, i.e., idle time between consecutive program cycles, and
environment temperature on the retention loss speed and programming accuracy in 3D charge trap NAND flash cells [53].
The field (both academia and industry) is currently in much
need of rigorous experimental characterization and analysis
of 3D NAND flash memory devices.
Read Disturb Error Mitigation. Prior work proposes to
mitigate read disturb errors by caching recently read data to
avoid a read operation [85]. Prior work also proposes to mitigate read disturb errors using an idea similar to remappingbased refresh [12], known as read reclaim. The key idea

of read reclaim is to remap the data in a block to a new
flash block, if the block has experienced a high number of reads [21,29,30,40]. To bound the number of read disturb errors,
some flash vendors specify a maximum number of tolerable
reads for a flash block, at which point read reclaim rewrites
the data to a new block (just as is done for remapping- based
refresh).
Two mechanisms are currently being implemented within
Yaffs (Yet Another Flash File System) to handle read disturb
errors, though they are not yet available [54]. The first mechanism is similar to read reclaim [29], where a block is rewritten
after a fixed number of page reads are performed to the block
(e.g., 50,000 reads for an MLC chip). The second mechanism
periodically inserts an additional read (e.g., a read every 256
block reads) to a page within the block, to check whether that
page has experienced a read disturb error, in which case the
page is copied to a new block.
Recent work proposes to remap read-hot pages to blocks
configured as SLC, which are resistant to read disturb [48,100].
Ha et al. combine this read-hot page mapping technique with
our Vpass Tuning technique and read reclaim [30] to further
reduce read disturb errors. This shows that the techniques
proposed by prior work are orthogonal to our read disturb
mitigation techniques, and can be combined with our work
for even greater protection.
Voltage Optimization. While the pass-through voltage
optimization is specific to read disturb error mitigation, a
few works that propose optimizing the read reference voltage
have the same spirit [11, 14, 68]. Cai et al. propose a technique to calculate the optimal read reference voltage from the
mean and variance of the threshold voltage distributions [14],
which are characterized by the read-retry technique [9]. The
cost of such a technique is relatively high, as it requires periodically reading flash memory with all possible read reference
voltages to discover the threshold voltage distributions. Papandreou et al. propose to apply a per-block close-to-optimal
read reference voltage by periodically sampling and averaging 6 OPTs within each block, learned by exhaustively trying
all possible read reference voltages [68]. In contrast, ROR
can find the actual optimal read reference voltage at a much
lower latency, thanks to the new findings and observations
in our DSN 2015 paper [10]. We already showed in our DSN
2015 paper that ROR greatly outperforms naive read-retry,
which is significantly simpler than the mechanism proposed
in [68].
Recently, Luo et al. propose to accurately predict the optimal read reference voltage using an online flash channel
model for each chip learned online [52]. Cai et al. proposes
a new technique called Vpass tuning, which tunes the passthrough voltage, i.e., a high reference voltage applied to turn
on unread cells in a block, to mitigate read disturb errors [16].
Du et al. proposes to tune the optimal read reference voltages for ECC code soft decoding to improve ECC correction
capability [20]. Fukami et al. proposes to use read-retry to
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improve the reliability of chip-off forensic analysis of NAND
flash memory devices [22].
Error Recovery. To our knowledge, no prior work other
than our DSN 2015 paper can recover the data from an uncorrectable error that is beyond the error correction capability
of ECC caused by read disturb [16]. We have proposed a
mechanism called RFR to opportunistically recover from uncorrectable data retention errors [4, 5, 6, 16]. RFR, similar to
RDR proposed in this work, identifies fast- and slow-leaking
cells, rather than disturb-prone and disturb-resistant cells,
and probabilistically correct uncorrectable retention errors
offline.
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Figure 11: RowHammer error rate vs. manufacturing dates
of 129 DRAM modules we tested. Reproduced from [42].

5.2. Read Disturb Errors in DRAM

of the number of rows. Despite these differences, we find
that this DRAM failure mode affects more than 80% of the
DRAM chips we tested [42]. As indicated above, this read
disturb error mechanism in DRAM is popularly called RowHammer [61].

Count

Commodity DRAM chips that are sold and used in the field
today exhibit read disturb errors [42], also called RowHammer-induced errors [61], which are conceptually similar to
the read disturb errors found in NAND flash memory. Repeatedly accessing the same row in DRAM can cause bit flips
in data stored in adjacent DRAM rows. In order to access
data within DRAM, the row of cells corresponding to the
requested address must be activated (i.e., opened for read
and write operations). This row must be precharged (i.e., closed) when another row in the same DRAM bank needs to be
activated. Through experimental studies on a large number
of real DRAM chips, we show that when a DRAM row is
activated and precharged repeatedly (i.e., hammered) enough
times within a DRAM refresh interval, one or more bits in
physically-adjacent DRAM rows can be flipped to the wrong
value [42].
We tested 129 DRAM modules manufactured by three
major manufacturers (A, B, and C) between 2008 and 2014,
using an FPGA-based experimental DRAM testing infrastructure [31] (more detail on our experimental setup, along with
a list of all modules and their characteristics, can be found in
our original RowHammer paper [42]). Figure 11 shows the
rate of RowHammer errors that we found, with the 129 modules that we tested categorized based on their manufacturing
date. We find that 110 of our tested modules exhibit RowHammer errors, with the earliest such module dating back to 2010.
In particular, we find that all of the modules manufactured
in 2012–2013 that we tested are vulnerable to RowHammer.
Like with many NAND flash memory error mechanisms, especially read disturb, RowHammer is a recent phenomenon
that especially affects DRAM chips manufactured with more
advanced manufacturing process technology generations.
Figure 12 shows the distribution of the number of rows
(plotted in log scale on the y-axis) within a DRAM module
that flip the number of bits along the x-axis, as measured for
example DRAM modules from three different DRAM manufacturers [42]. We make two observations from the figure.
First, the number of bits flipped when we hammer a row
(known as the aggressor row) can vary significantly within
a module. Second, each module has a different distribution
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Figure 12: Number of victim cells (i.e., number of bit errors)
when an aggressor row is repeatedly activated, for three representative DRAM modules from three major manufactuyyww
, where X is
rers. We label the modules in the format Xn
the manufacturer (A, B, or C), yyww is the manufacture year
(yy) and week of the year (ww), and n is the number of the
selected module. Reproduced from [42].

Various recent works show that RowHammer can be
maliciously exploited by user-level software programs to
(1) induce errors in existing DRAM modules [42, 61] and
(2) launch attacks to compromise the security of various systems [2, 3, 27, 28, 34, 61, 74, 76, 78, 79, 90, 93]. For example,
by exploiting the RowHammer read disturb mechanism, a
user-level program can gain kernel-level privileges on real
laptop systems [78, 79], take over a server vulnerable to RowHammer [28], take over a victim virtual machine running
on the same system [2], and take over a mobile device [90].
Thus, the RowHammer read disturb mechanism is a prime
(and perhaps the first) example of how a circuit-level failure
mechanism in DRAM can cause a practical and widespread
system security vulnerability.
Note that various solutions to RowHammer exist [41,42,61],
but we do not discuss them in detail here. Our recent
work [61] provides a comprehensive overview. A very promising proposal is to modify either the memory controller
or the DRAM chip such that it probabilistically refreshes the
physically-adjacent rows of a recently-activated row, with
very low probability. This solution is called Probabilistic Ad8
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jacent Row Activation (PARA) [42]. Our prior work shows
that this low-cost, low-complexity solution, which does not
require any storage overhead, greatly closes the RowHammer
vulnerability [42].
The RowHammer effect in DRAM worsens as the manufacturing process scales down to smaller node sizes [42,61,62,63].
More findings on RowHammer, along with extensive experimental data from real DRAM devices, can be found in our
prior works [41, 42, 61].

Our DSN 2015 paper [16] is the first openly-available
work to (1) characterize the impact of read disturb errors
on commercially-available NAND flash memory devices, and
(2) propose novel solutions to the read disturb errors that
minimize them or recover them after error occurrence. We
believe that our characterization results, analyses, and mechanisms can have a wide impact on future research on read
disturb and NAND flash memory reliability.

5.3. Errors in Emerging Memory Technologies

6.1. Long-Term Impact

Emerging nonvolatile memories [55], such as phase-change
memory (PCM) [45, 46, 47, 75, 92, 95, 99], spin-transfer torque
magnetic RAM (STT-RAM or STT-MRAM) [44, 64], metaloxide resistive RAM (RRAM) [91], and memristors [18, 84], are
expected to bridge the gap between DRAM and NAND-flashmemory-based SSDs, providing DRAM-like access latency
and energy, and at the same time SSD-like large capacity and
nonvolatility (and hence SSD-like data persistence). While
their underlying designs are different from DRAM and NAND
flash memory, these emerging memory technologies have
been shown to exhibit similar types of errors.
PCM-based devices are expected to have a limited lifetime,
as PCM can only endure a certain number of writes [45,75,92],
similar to the P/E cycling errors in SSDs (though PCM’s write
endurance is higher than that of SSDs). PCM suffers from
(1) resistance drift [32, 73, 92], where the resistance used to
represent the value becomes higher over time (and eventually can introduce a bit error), similar to how charge leakage
in NAND flash memory and DRAM lead to retention errors
over time; and (2) write disturb [35], where the heat generated during the programming of one PCM cell dissipates
into neighboring cells and can change the value that is stored
within the neighboring cells, similar in concept to cell-to-cell
program interference in NAND flash memory.
STT-RAM suffers from (1) retention failures, where the
value stored for a single bit (as the magnetic orientation of
the layer that stores the bit) can flip over time [36, 82, 86]; and
(2) read disturb (a conceptually different phenomenon from
the read disturb in DRAM and flash memory), where reading
a bit in STT-RAM can inadvertently induce a write to that
same bit [64].
Due to the nascent nature of emerging nonvolatile memory
technologies and the lack of availability of large-capacity devices built with them, extensive and dependable experimental
studies have yet to be conducted on the reliability of real PCM,
STT-RAM, RRAM, and memristor chips. However, we believe
that error mechanisms conceptually or abstractly similar to
those for flash memory and DRAM are likely to be prevalent in emerging technologies as well (as supported by some
recent studies [1, 35, 39, 64, 80, 81, 98]), albeit with different
underlying mechanisms and error rates.

As flash devices continue to become more pervasive,
there is renewed concern about the fewer number of writes that these flash devices can endure as they continue to
scale [19, 29, 54]. This lower write endurance is a result of
the larger number of errors introduced from manufacturing
process technology scaling, and the use of multi-level cell
technology. Today’s planar NAND flash devices can endure
only on the order of 100 program and erase cycles [71] without the assistance of aggressive error mitigation techniques
such as data refresh [12, 50].
While there are several solutions for other types of NAND
flash memory errors, read disturb has in the past been largely
neglected because it has only become a significant problem
at these smaller process technology nodes [29, 54]. Our work
has the potential to change this relative lack of attention to
read disturb for several reasons:
• We demonstrate on existing devices that read disturb is a
significant problem today, and that it contributes a large
number of errors that further reduce NAND flash memory
endurance.
• We provide key insights as to why these errors occur, as
well as why they will only worsen as technology scaling
progresses.
• We show that it is possible to develop lightweight solutions
that can alleviate the impact of read disturb.
Unfortunately, unless error mitigation techniques for read
disturb are deployed in production NAND flash memory,
read disturb will continue to negatively impact flash lifetime.
While today’s 3D NAND flash devices use larger process
technologies that are less prone to read disturb effects [6,
51], future 3D NAND flash chips are expected to return to
using smaller process technologies that remain susceptible
to read disturb, as manufacturers continue to aggressively
increase flash device densities [24, 88, 96]. With flash devices
expected to remain a large component of the storage market
for the foreseeable future, and with continued demand for
higher flash densities, we expect that our work on read disturb
can inspire manufacturers and researchers to adopt effective
solutions to the read disturb problem.
The recovery mechanism that we propose, RDR, provides a
new protective scheme for data storage that people have not
considered before. Today, an increasingly larger volume of
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data is stored in data centers belonging to cloud service providers, who must provide a strong guarantee of data integrity
for their end users. With flash storage continuing to expand
in data centers [56, 66, 77], RDR (as well as other recovery
solutions that RDR might inspire) can reduce the probability of unrecoverable data loss for high-density storage. In
fact, the availability of a recovery mechanism like RDR can
also influence more data centers to adopt flash memory for
storage.

necessary as continued flash memory scaling leads to greater
susceptibility to read disturb. We also hope that our results
will motivate NAND flash manufacturers to add pass-through
voltage controls to next-generation chips, allowing flash controller designers to exploit our findings and design controllers
that tolerate read disturb more effectively.
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6.2. New Research Directions
In our DSN 2015 paper [16], we present a number of new
quantitative results on the impact of read disturb errors on
NAND flash reliability, as well as how several key factors affect the number of errors induced by read disturb, such as the
pass-through voltage, the number of program/erase cycles,
and the retention age. Such a detailed characterization was
not openly available in the past. We believe that by releasing
our characterization data, researchers in both academia and
industry will be able to use the data to develop further mechanisms for read disturb recovery and mitigation. In addition,
by exposing the importance of the read disturb problem in
contemporary NAND flash devices, we expect that our work
will draw more attention to the problem, and will inspire
other researchers to further characterize and understand the
read disturb phenomenon.
In fact, one of our recent works builds on our DSN 2015
paper and shows that read disturb errors can potentially cause
security vulnerabilities in modern SSDs [15].
We also expect that RDR, our recovery approach, will inspire researchers to design other data recovery mechanisms
for NAND flash memory that also leverage the intrinsic properties of flash devices. To our knowledge, our new data
recovery mechanism is the first to do so, by discovering and
exploiting the variation in read disturb shifts that arise from
the underlying process variation within a flash chip.
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This paper summarizes our work on experimentally analyzing, exploiting, and addressing vulnerabilities in multi-level
cell NAND flash memory programming, which was published
in the industrial session of HPCA 2017 [9], and examines the
work’s significance and future potential. Modern NAND flash
memory chips use multi-level cells (MLC), which store two bits
of data in each cell, to improve chip density. As MLC NAND
flash memory scaled down to smaller manufacturing process
technologies, manufacturers adopted a two-step programming
method to improve reliability. In two-step programming, the
two bits of a multi-level cell are programmed using two separate
steps, in order to minimize the amount of cell-to-cell program
interference induced on neighboring flash cells.
In this work, we demonstrate that two-step programming
exposes new reliability and security vulnerabilities in state-ofthe-art MLC NAND flash memory. We experimentally characterize contemporary 1X-nm (i.e., 15–19nm) flash memory
chips, and find that a partially-programmed flash cell (i.e., a
cell where the second programming step has not yet been performed) is much more vulnerable to cell-to-cell interference and
read disturb than a fully-programmed cell. We show that it
is possible to exploit these vulnerabilities on solid-state drives
(SSDs) to alter the partially-programmed data, causing (potentially malicious) data corruption. Based on our observations,
we propose several new mechanisms that eliminate or mitigate
these vulnerabilities in partially-programmed cells, and at the
same time increase flash memory lifetime by 16%.

a row of cells is connected together by a common wordline,
which typically spans 32K–64K cells. Each wordline contains
two pages of data, where a page is the granularity at which
the data is read and written (i.e., programmed). The most
significant bits (MSBs) of all cells on the same wordline are
combined to form an MSB page, and the least significant bits
(LSBs) of all cells on the wordline are combined to form an
LSB page [13].

1. Introduction

Two-step programming stores each bit within an MLC flash
memory cell using two separate, partial programming steps,
as shown in Figure 1. An unprogrammed cell starts in the erased (ER) state. The first programming step programs the LSB
page: for each flash cell within the page, the cell is partially
programmed depending on the LSB being written to the cell.
If the LSB of the cell should be 0, the cell is programmed into
a temporary program state (TP); otherwise, it remains in the
ER state. The maximum voltage of a partially-programmed
cell is approximately half of the maximum possible threshold voltage of a fully-programmed flash cell. In its second
step, two-step programming programs the MSB page: it reads
the LSB value into a buffer inside the flash chip (called the
internal LSB buffer) to determine the partially-programmed
state of the cell’s threshold voltage, and then partially programs the cell again, depending on whether the MSB of the
cell is a 0 or a 1. The second programming step moves the

To precisely control the threshold voltage of a flash cell, the
flash memory device uses incremental step pulse programming
(ISPP) [20, 37, 63, 114]. ISPP applies multiple short pulses of
a high programming voltage to each cell in the wordline
being programmed, with each pulse increasing the threshold
voltage of the cell by some small amount. SLC and older
MLC devices programmed the threshold voltage in one shot,
issuing all of the pulses back-to-back to program both bits
of data at the same time. However, as flash memory scales
down to smaller technology nodes, the distance between
neighboring flash cells decreases, which in turn increases the
program interference that occurs due to cell-to-cell coupling.
This program interference causes errors to be introduced into
neighboring cells during programming [13,16,29,66,68,92]. To
reduce this interference by half [13], manufacturers have been
using two-step programming for MLC NAND flash memory
since the 40nm technology node [92]. A large fraction of
SSDs on the market today use sub-40nm MLC NAND flash
memory.

Solid-state drives (SSDs), which consist of NAND flash
memory chips, are widely used for storage today due to significant decreases in the per-bit cost of NAND flash memory,
which, in turn, have driven great increases in SSD capacity.
These improvements have been enabled by both aggressive
process technology scaling and the development of multilevel cell (MLC) technology. NAND flash memory stores data
by changing the threshold voltage of each flash cell, where a
cell consists of a floating-gate transistor [44, 74, 81]. In singlelevel cell (SLC) flash memory, the threshold voltage range
could represent only a single bit of data. A multi-level cell
uses the same threshold voltage range to represent two bits
of data within a single cell (i.e., the range is split up into four
windows, known as states, where each state represents one
of the data values 00, 01, 10, or 11), thereby doubling storage
capacity [11,20,37,63,92,114]. In a NAND flash memory chip,
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We briefly discuss two sources of errors that can corrupt
LSB data, and characterize their impact on real state-of-theart 1X-nm (i.e., 15-19nm) MLC NAND flash chips. We perform
our characterization using an FPGA-based flash testing platform [10,11] that allows us to issue commands directly to raw
NAND flash memory chips. In order to determine the threshold voltage stored within each cell, we use the read-retry
mechanism built into modern SSD controllers [13,17,108,130].
Throughout this work, we present normalized voltage values,
as actual voltage values are proprietary information to flash
manufacturers. Our complete characterization results can be
found in our HPCA 2017 paper [9].
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Figure 2: In the second step of two-step programming, LSB
data does not go to the controller, and is not corrected when
read into the internal LSB buffer, resulting in program errors.
Reproduced from [9].
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threshold voltage from the partially-programmed state to
the desired final state (i.e., ER, P1, P2, or P3). By breaking
MLC programming into two separate steps, manufacturers
halve the program interference of each programming operation [13, 68]. The SSD controller employs shadow program
sequencing [6, 7, 8, 13, 25, 91], which interleaves the partial
programming steps of a cell with the partial programming
steps of neighboring cells to ensure that a fully-programmed
cell experiences interference only from a single neighboring
partial programming step.1

Final Vth

Figure 1: Starting (after erase), temporary (after LSB programming), and final (after MSB programming) states for
two-step programming. Reproduced from [9].

2. Error Sources in Two-Step Programming

2.1. Cell-to-Cell Program Interference

In our HPCA 2017 paper [9], we demonstrate that two-step
programming introduces new possibilities for flash memory
errors that can corrupt some of the data stored within flash
cells without accessing them, and that these errors can be
exploited to design malicious attacks. As there is a delay
between programming the LSB and the MSB of a single cell
due to the interleaved writes to neighboring cells, raw bit
errors can be introduced into the already-programmed LSB
page before the MSB page is programmed. These errors can
cause a cell to be programmed to an incorrect state in the
second programming step. During the second step, both the
MSB and LSB of each cell are required to determine the final
target threshold voltage of the cell. As shown in Figure 2,
the data to be programmed into the MSB is loaded from the
SSD controller to the internal MSB buffer ( 1 in the figure).
Concurrently, the LSB data is loaded into the internal LSB
buffer from the flash memory wordline ( 2 ). By buffering the
LSB data inside the flash chip and not in the SSD controller,
flash manufacturers avoid data transfer between the chip and
the controller during the second programming step, thereby
reducing the step’s latency. Unfortunately, this means that
the errors loaded from the internal LSB buffer cannot be corrected as they would otherwise be during a read operation,
because the error correction (ECC) engine resides only inside the controller ( 3 ), and not inside the flash chip. As a
result, the final cell voltage can be incorrectly set during MSB
programming, permanently corrupting the LSB data.

The first error source, cell-to-cell program interference,
introduces errors into a flash cell when neighboring cells
are programmed, as a result of parasitic capacitance coupling [6,7,8,13,16,28,29,32,68]. While two-step programming
reduces program interference for fully-programmed cells, we
find that interference during two-step programming is a significant error source for partially-programmed cells. As an
example, we look at a flash block in the commonly-used allbit-line (ABL) flash architecture [13,19,20], which is shown in
Figure 3. After the LSB page on Wordline 1 (Page 1 in Figure 3)
is programmed, the next two pages that are programmed (Pages 2 and 3) reside on directly-adjacent wordlines. Therefore,
before the MSB page on Wordline 1 (Page 4) is programmed,
the LSB page (Page 1) could be susceptible to program interference when Pages 2 and 3 are programmed.
Page 6 (MSB)
Page 3 (LSB)
Page 4 (MSB)
Page 1 (LSB)
Page 2 (MSB)
Page 0 (LSB)

Bitline
. . .
. . .
. . .

Wordline 2

Wordline
Wordline 1

Wordline 0

Flash Cell

Internal
MSB Buffer MSB 0 MSB 1 . . . MSB n
Internal LSB 0 LSB 1
LSB n
LSB Buffer
Figure 3: Internal architecture of a block of all-bit-line (ABL)
flash memory. Reproduced from [9].

1 We refer the reader to our prior works [6, 7, 8, 9, 11, 12, 14, 14, 15, 16, 17,
18, 72] for a detailed background on NAND flash memory. Our recent survey
paper [6, 7, 8] provides an extensive survey of the state-of-the-art in NAND
flash memory.

Figure 4 shows the measured raw bit error rate for Page 1
in real NAND flash memory devices after four different times,
normalized to the error rate just after Page 1 is programmed:
2
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Just after Page 1 is programmed (no interference),
Page 2 is programmed with pseudo-random data,
Pages 2 and 3 are programmed with pseudo-random data,
Pages 2 and 3 are programmed with a data pattern that
induces the worst-case program interference.
We observe that the amount of interference is especially high
when Pages 2 and 3 in Figure 3 are written with the worst-case
data pattern, after which the raw bit error rate of Page 1 is
4.9x the rate before interference. Note that the worst-case data
pattern that we write to Pages 2 and 3 requires no knowledge
of the data stored within Page 1 [9].
Normalized RBER

A.
B.
C.
D.

5
4
3

3.1. Sketch of Program Interference Based Exploit
In this exploit, a malicious application can induce a significant amount of program interference onto a flash page that
belongs to another, benign victim application, corrupting the
page and shortening the SSD lifetime. Recall from Section 2.1
that writing the worst-case data pattern can induce 4.9x the
number of errors into a neighboring page (with respect to
an interference-free page). The goal of this exploit is for a
malicious application to write this worst-case data pattern
in a way that ensures that the page that is disrupted belongs
to the victim application, and that the page that is disrupted experiences the greatest amount of program interference
possible. Figure 5 illustrates the contents of the pages within
neighboring 8KB wordlines (rows of flash cells within a block).
The SSD controller uses shadow program sequencing to interleave partial programming steps to pages in ascending order
of the page numbers shown on the left side of the figure. A
malicious application can write a small 16KB file with all 1s
to prepare for the attack ( 1 in the figure), and then waits
for the victim application to write its data to Wordline n ( 2 ).
Once the victim writes its data, the malicious application then
writes all 0s to a second 16KB file ( 3a and 3b ). This induces
the largest possible change in voltage on the victim data, and
can be used to flip bits within the data. In our HPCA 2017 paper [9], we discuss how a malicious application can (1) work
around SSD scrambling and (2) monitor victim application
data writes.

A: Before
interference
B: Page 2,
random data

2
1
0

correction capacity and limiting the SSD lifetime. Second,
the vulnerabilities can potentially allow (malicious) applications to aggressively corrupt and change data belonging to
other programs and further hurt the SSD lifetime. We present
two example sketches of potential exploits in our HPCA 2017
paper [9], which we briefly summarize here.

C: Pages 2+3,
random data

A
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C

D

Interference Due to Writes

D: Pages 2+3,
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Figure 4: Normalized raw bit error rate of partiallyprogrammed Page 1, before and after cell-to-cell program interference. Adapted from [9].

2.2. Read Disturb
The second error source, read disturb, disrupts the contents
of a flash cell when another cell is read [6, 7, 8, 18, 28, 32, 35,
77, 90, 115]. NAND flash memory cells are organized into
multiple flash blocks (two-dimensional cell arrays), where
each block contains a set of bitlines that connect multiple
flash cells in series. To accurately read the value from one
cell, the SSD controller applies a pass-through voltage to turn
on the unread cells on the bitline, which allows the value
to propagate through the bitline. Unfortunately, this passthrough voltage induces a weak programming effect on an
unread cell: it slightly increases the cell threshold voltage [6,
7,8,18]. As more neighboring cells within a block are read, an
unread cell’s threshold voltage can increase enough to change
the data value stored in the cell [6, 7, 8, 18, 35, 90]. In two-step
programming, a partially-programmed cell is more likely to
have a lower threshold voltage than a fully-programmed cell,
and the weak programming effect is stronger on cells with
a lower threshold voltage. Measuring errors in real NAND
flash memory devices, we find that the raw bit error rates for
an LSB page in a partially-programmed or unprogrammed
wordline is an order of magnitude greater than the rate for an
LSB page in a fully-programmed wordline. However, existing
read disturb management solutions are designed to protect
fully-programmed cells [18, 31, 35, 36, 52, 105], and offer little
mitigation for partially-programmed cells.

Page 2n + 4 (MSB)
Page 2n + 1 (LSB)

3b

Malicious File B (all 0s)

Page 2n + 2 (MSB)
Page 2n – 1 (LSB)

2

Page Under Attack (Victim)
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1

Page 2n – 2 (MSB)
Page 2n – 5 (LSB)

Malicious File A (all 1s)

Wordline n – 2

Figure 5: Layout of data within a flash block during a program interference based exploit. Reproduced from [9].

3.2. Sketch of Read Disturb Based Exploit

3. Exploiting Two-Step Programming Errors

In this exploit, a malicious application can induce a significant amount of read disturb onto several flash pages that
belong to other, benign victim applications. Recall from
Section 2.2 that the error rate after read disturb for an LSB
page in a partially-programmed wordline is an order of mag-

Two major issues arise from the program interference and
read disturb vulnerabilities of partially-programmed and unprogrammed cells. First, the vulnerabilities induce a large
number of errors on these cells, exhausting the SSD’s error
3
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nitude greater than the error rate for an LSB page in a fullyprogrammed wordline. The goal of this exploit is for a malicious application to quickly perform a large number of read
operations in a very short amount of time, to induce read
disturb errors that corrupt both pages already written to
partially-programmed wordlines and pages that have yet to
be written. The malicious application writes an 8KB file, with
arbitrary data, to the SSD. Immediately after the file is written,
the malicious application repeatedly forces the file system
to send a new read request to the SSD. Each request induces
read disturb on the other wordlines within the flash block,
causing the cell threshold voltages of these wordlines to increase. After the malicious application finishes performing
the repeated read requests, a victim application writes data
to a file. As the SSD is unaware that an attack took place,
it does not detect that the data cannot be written correctly
due to the increased cell threshold voltages. As a result, bit
flips can occur in the victim application’s data. Unlike the
program interference exploit, which attacks a single page, the
read disturb exploit can corrupt multiple pages with a single
attack, and the corruption can affect pages written at a much
later time than the attack if the host write rate is low.

of sending the LSB data from the controller to the internal
LSB buffer inside flash memory.
A: Send LSB

Step 1 data to internal
LSB buffer

Step 2
C: Is LSB YES
in DRAM
buffer?

E: Send LSB
data to internal
LSB buffer

Program
LSB page

F: Send MSB
data to internal
MSB buffer

Program
MSB page

H: Correct LSB
data using
ECC engine

Figure 6: Modified two-step programming, using a DRAM
buffer for LSB data (modifications shown in shaded boxes).
Reproduced from [9].

The two other mechanisms that we develop largely mitigate (but do not fully eliminate) the probability of two-step
programming errors at much lower latency impact. Our second mechanism adapts the LSB read operation to account
for threshold voltage changes induced by program interference and read disturb. It adaptively learns an optimized
read reference voltage for LSB data, lowering the probability
of an LSB read error. Our third mechanism greatly reduces the errors induced during read disturb, by customizing
the pass-through voltage for unprogrammed and partiallyprogrammed flash cells. State-of-the-art SSDs apply a single pass-through voltage (Vpass ) to all of the unread cells, as
shown in Figure 7a. This leaves a large gap between the
pass-through voltage and the threshold voltage of a partiallyprogrammed or unprogrammed cell, which greatly increases
the impact of read disturb [9, 18]. To minimize this gap, and,
thus, the impact of read disturb, we propose to use three
erase for unpass-through voltages, as shown in Figure 7b: Vpass

We propose three mechanisms to eliminate or mitigate
the program interference and read disturb vulnerabilities of
partially-programmed and unprogrammed cells due to twostep programming. Table 1 summarizes the cost and benefits
of each mechanism. We briefly discuss our three mechanisms
here, and provide more detail on them in our HPCA 2017
paper [9].

partial

programmed cells, Vpass for partially-programmed cells,
and the same pass-through voltage as before (Vpass ) for fullyprogrammed cells. This mechanism decreases the number of
errors induced by read operations to neighboring cells by 72%,
which translates to a 16% increase in NAND flash memory
lifetime (see Section 6.3 of our HPCA 2017 paper [9] for more
detail).
We conclude that, by eliminating or reducing the probability of introducing errors during two-step programming, our
solutions completely close or greatly reduce the exposure to
reliability and security vulnerabilities.

Table 1: Summary of our proposed protection mechanisms.
Reproduced from [9].

Buffering LSB Data
in the Controller
Adaptive LSB Read
Reference Voltage
Multiple Pass-Through
Voltages

D: Retrieve
LSB data from
DRAM buffer

G: Retrieve LSB
data from
flash chip

NO

4. Protection and Mitigation Mechanisms

Mechanism

B: Keep copy
of LSB in
DRAM buffer

Protects
Error Rate
Overhead
Against
Reduction
interference
2MB storage
100%
read disturb 1.3–15.7% latency
interference
64B storage
21–33%
read disturb
0.0% latency
0B storage
read disturb
72%
0.0% latency

Our first mechanism buffers LSB data in the SSD controller,
eliminating the need to read the LSB page from flash memory
at the beginning of the second programming step, thereby
completely eliminating the vulnerabilities. It maintains a copy
of all partially-programmed LSB data within DRAM buffers
that exist in the SSD near the controller. Doing so ensures
that the LSB data is read without any errors from the DRAM
buffer, where it is free from the vulnerabilities (instead of
from the flash memory, where it incurs errors that are not
corrected), in the second programming step. Figure 6 shows a
flowchart of our modified two-step programming algorithm.
This solution increases the programming latency of the flash
memory by 4.9% in the common case, due to the long latency
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Figure 7: (a) Applying single Vpass to all unread wordlines;
(b) Our multiple pass-through voltage mechanism, where different voltages are applied based on the the wordline’s programming status, to minimize the effects of read disturb. Reproduced from [9].
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5. Related Work

106
Errors per 109 Cells

To our knowledge, our HPCA 2017 paper [9] is the first
to (1) experimentally characterize both program interference
and read disturb errors that occur due to the two-step programming method commonly used in MLC NAND flash memory; (2) reveal new reliability and security vulnerabilities
exposed by two-step programming in flash memory; and
(3) develop novel solutions to reduce these vulnerabilities.
We briefly describe related works in the areas of DRAM and
NAND flash memory. We note that a thorough survey of
error mechanisms in NAND flash memory is provided in our
recent works [6, 7, 8].
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Figure 8: RowHammer error rate vs. manufacturing dates of
129 DRAM modules we tested. Reproduced from [55].

5.1. Read Disturb Errors in DRAM

First, the number of bits flipped when we hammer a row
(known as the aggressor row) can vary significantly within
a module. Second, each module has a different distribution
of the number of rows. Despite these differences, we find
that this DRAM failure mechanism affects more than 80%
of the DRAM chips we tested [55]. As indicated above, this
read disturb error mechanism in DRAM is popularly called
RowHammer [82].

Count

Commodity DRAM chips that are sold and used in the field
today exhibit read disturb errors [55], also called RowHammerinduced errors [82], which are conceptually similar to the read
disturb errors found in NAND flash memory (see Section 2.2).
Repeatedly accessing the same row in DRAM can cause bit
flips in data stored in adjacent DRAM rows. In order to access
data within DRAM, the row of cells corresponding to the
requested address must be activated (i.e., opened for read
and write operations). This row must be precharged (i.e.,
closed) when another row in the same DRAM bank needs
to be activated. Through experimental studies on a large
number of real DRAM chips, we show that when a DRAM
row is activated and precharged repeatedly (i.e., hammered)
enough times within a DRAM refresh interval, one or more
bits in physically-adjacent DRAM rows can be flipped to the
wrong value [55].
In our original RowHammer paper [55], we tested
129 DRAM modules manufactured by three major manufacturers (A, B, and C) between 2008 and 2014, using an FPGAbased experimental DRAM testing infrastructure [38] (more
detail on our experimental setup, along with a list of all modules and their characteristics, can be found in our original
RowHammer paper [55]). Figure 8 shows the rate of RowHammer errors that we found, with the 129 modules that we
tested categorized based on their manufacturing date. We
find that 110 of our tested modules exhibit RowHammer errors, with the earliest such module dating back to 2010. In
particular, we find that all of the modules manufactured in
2012–2013 that we tested are vulnerable to RowHammer. Like
with many NAND flash memory error mechanisms, especially read disturb, RowHammer is a recent phenomenon that
especially affects DRAM chips manufactured with more advanced manufacturing process technology generations [82].
The phenomenon is due to reliability problems caused by
DRAM technology scaling [82, 83, 84, 85].
Figure 9 shows the distribution of the number of rows (plotted in log scale on the y-axis) within a DRAM module that
flip the number of bits shown along the x-axis, as measured
for example DRAM modules from three different DRAM manufacturers [55]. We make two observations from the figure.
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Figure 9: Number of victim cells (i.e., number of bit errors)
when an aggressor row is repeatedly activated, for three representative DRAM modules from three major manufactuyyww
rers. We label the modules in the format Xn
, where X is
the manufacturer (A, B, or C), yyww is the manufacture year
(yy) and week of the year (ww), and n is the number of the
selected module. Reproduced from [55].

Various recent works show that RowHammer can be
maliciously exploited by user-level software programs to
(1) induce errors in existing DRAM modules [55, 82] and
(2) launch attacks to compromise the security of various systems [3, 4, 33, 34, 82, 101, 106, 107, 117, 123]. For example,
by exploiting the RowHammer read disturb mechanism, a
user-level program can gain kernel-level privileges on real
laptop systems [106, 107], take over a server vulnerable to
RowHammer [34], take over a victim virtual machine running
on the same system [3], and take over a mobile device [117].
Thus, the RowHammer read disturb mechanism is a prime
(and perhaps the first) example of how a circuit-level failure
mechanism in DRAM can cause a practical and widespread
system security vulnerability.
Note that various solutions to RowHammer exist [53,55,82],
but we do not discuss them in detail here. Our recent
work [82] provides a comprehensive overview. A very promising proposal is to modify either the memory controller
5
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or the DRAM chip such that it probabilistically refreshes the
physically-adjacent rows of a recently-activated row, with
very low probability. This solution is called Probabilistic Adjacent Row Activation (PARA) [55]. Our prior work shows
that this low-cost, low-complexity solution, which does not
require any storage overhead, greatly closes the RowHammer
vulnerability [55].
The RowHammer effect in DRAM worsens as the manufacturing process scales down to smaller node sizes [55, 82].
More findings on RowHammer, along with extensive experimental data from real DRAM devices, can be found in our
prior works [53, 55, 82].

eventually can introduce a bit error), similar to how charge
leakage in NAND flash memory and DRAM lead to retention errors over time; and (2) write disturb [43], where the
heat generated during the programming of one PCM cell
dissipates into neighboring cells and can change the value
that is stored within the neighboring cells, similar in concept
to cell-to-cell program interference in NAND flash memory.
STT-RAM suffers from (1) retention failures, where the value
stored for a single bit (as the magnetic orientation of the layer
that stores the bit) can flip over time; and (2) read disturb (a
conceptually different phenomenon from the read disturb in
DRAM and flash memory), where reading a bit in STT-RAM
can inadvertently induce a write to that same bit [86].
Due to the nascent nature of emerging nonvolatile memory
technologies and the lack of availability of large-capacity devices built with them, extensive and dependable experimental
studies have yet to be conducted on the reliability of real PCM,
STT-RAM, RRAM, and memristor chips. However, we believe
that error mechanisms conceptually or abstractly similar to
those for flash memory and DRAM are likely to be prevalent
in emerging technologies as well (as supported by some recent studies [2, 43, 50, 86, 109, 110, 128]), albeit with different
underlying mechanisms and error rates.

5.2. Cell-to-Cell Interference Errors in DRAM
Like NAND flash memory cells, DRAM cells are susceptible to cell-to-cell interference. In DRAM, one important
way in which cell-to-cell interference exhibits itself is the
data-dependent retention behavior, where the retention time
of a DRAM cell is dependent on the values written to nearby DRAM cells [46, 47, 48, 49, 70, 82, 97]. This phenomenon is called data pattern dependence (DPD) [70]. Data pattern dependence in DRAM is similar to the data-dependent
nature of program interference that exists in NAND flash
memory (see Section 2.1). Within DRAM, data pattern dependence occurs as a result of parasitic capacitance coupling
(between DRAM cells). Due to this coupling, the amount
of charge stored in one cell’s capacitor can inadvertently
affect the amount of charge stored in an adjacent cell’s capacitor [46, 47, 48, 49, 70, 82, 97]. As DRAM cells become smaller
with technology scaling, cell-to-cell interference worsens
because parasitic capacitance coupling between cells increases [46, 70]. More findings on cell-to-cell interference and
the data-dependent nature of cell retention times in DRAM,
along with experimental data obtained from modern DRAM
chips, can be found in our prior works [46,47,48,49,70,82,97].

5.4. Other Related Works
Memory Error Characterization and Understanding.
Prior works study various types of NAND flash memory errors derived from circuit-level noise, such as data retention
noise [6,7,8,11,12,14,15,73,77,79], read disturb noise [6,7,8,18,
77, 90], cell-to-cell program interference noise [11, 13, 15, 16],
and P/E cycling noise [6, 7, 8, 11, 15, 17, 72, 77, 96]. Other prior
works examine the aggregate effect of these errors on large
sets of SSDs that are deployed in the production data centers
of Facebook [75], Google [103], and Microsoft [87]. None
of these works characterize how program interference and
read disturb significantly increase errors within the unprogrammed or partially-programmed cells of an open block due
to the vulnerabilities in two-step programming, nor do they
develop mechanisms that exploit or mitigate such errors.
A concurrent work by Papandreou et al. [89] characterizes the impact of read disturb on partially-programmed and
unprogrammed cells in state-of-the-art MLC NAND flash
memory. The authors come to similar conclusions as we
do about the impact of read disturb. However, unlike our
work, they do not (1) characterize the impact of cell-to-cell
program interference on partially-programmed cells, (2) propose exploits that can take advantage of the vulnerabilities in
partially-programmed cells, or (3) propose mechanisms that
mitigate or eliminate the vulnerabilities.
Similar to the characterization studies performed for
NAND flash memory, DRAM latency, reliability, and variation have been experimentally characterized at both a small
scale (e.g., hundreds of chips) [21, 22, 23, 38, 46, 47, 48, 49, 51, 53,

5.3. Errors in Emerging Memory Technologies
Emerging nonvolatile memories, such as phase-change memory (PCM) [60, 61, 62, 100, 122, 125, 129], spin-transfer torque
magnetic RAM (STT-RAM or STT-MRAM) [57, 86], metaloxide resistive RAM (RRAM) [121], and memristors [26, 113],
are expected to bridge the gap between DRAM and NANDflash-memory-based SSDs, providing DRAM-like access latency and energy, and at the same time SSD-like large capacity and nonvolatility (and hence SSD-like data persistence).
While their underlying designs are different from DRAM and
NAND flash memory, these emerging memory technologies
have been shown to exhibit similar types of errors. PCMbased devices are expected to have a limited lifetime, as PCM
can only sustain a limited number of writes [60, 100, 122],
similar to the P/E cycling errors in SSDs (though PCM’s write
endurance is higher than that of SSDs [60]). PCM suffers
from (1) resistance drift [41, 98, 122], where the resistance
used to represent the value becomes higher over time (and
6
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Using Flash Memory for Security Applications. Some
prior works studied how flash memory can be used to enhance the security of applications. One work [119] uses flash
memory as a secure channel to hide information, such as
a secure key. Other works [118, 124] use flash memory to
generate random numbers and digital fingerprints. None of
these works study vulnerabilities that exist within the flash
memory.
Based on our HPCA 2017 paper [9], recent work [58] demonstrates how an attack can be performed on a real SSD
using our program interference based exploit (see Section 3.1).
The authors use our exploit to perform a file system level
attack on a Linux machine, using the attack to gain root
privileges.

55,64,65,67,70,97,99] and a large scale (e.g., tens of thousands
of chips) [40, 76, 104, 111, 112].
Program Interference Error Mitigation Mechanisms.
Prior works [13, 16] model the behavior of program interference, and propose mechanisms that estimate the optimal
read reference voltage once interference has occurred. These
works minimize program interference errors only for fullyprogrammed wordlines, by modeling the change in the threshold voltage distribution as a result of the interference. These
models are fitted to the distributions of wordlines after both
the LSB and MSB pages are programmed, and are unable
to determine and mitigate the shift that occurs for wordlines that are partially programmed. In contrast, we propose
mechanisms that specifically address the program interference resulting from two-step programming, and reduce the
number of errors induced on LSB pages in both partiallyprogrammed and unprogrammed wordlines.

Two-Step vs. One-Shot Programming. One-shot programming shifts flash cells directly from the erased state to
their final target state in a single step. For smaller transistors with less distance between neighboring flash cells, such
as those in sub-40nm planar (i.e., 2D) NAND flash memory,
two-step programming has replaced one-shot programming
to alleviate the coupling capacitance resulting from cell-tocell program interference [92]. 3D NAND flash memory
currently uses one-shot programming [94, 95, 127], as 3D
NAND flash memory chips use larger process technology
nodes (i.e., 30–50 nm) [102, 126] and employ charge trap transistors [30, 42, 45, 56, 93, 116, 120] for flash cells, as opposed
to the floating-gate transistors used in planar NAND flash
memory. However, once the number of 3D-stacked layers
reaches its upper limit [59, 69], 3D NAND flash memory is
expected to scale to smaller transistors [126], and we expect
that the increased program interference will again require
partial programming (just as it happened for planar NAND
flash memory in the past [54, 92]). More detail on 3D NAND
flash memory is provided in a recent survey article [8].

Read Disturb Error Mitigation Mechanisms. One patent [31] proposes a mechanism that uses counters to monitor the total number of reads to each block. Once a block’s
counter exceeds a threshold, the mechanism remaps and rewrites all of the valid pages within the block to remove the
accumulated read disturb errors [31]. Another patent [105]
proposes to monitor the MSB page error rate to ensure that
it does not exceed the ECC error correction capability, to
avoid data loss. Both of these mechanisms monitor pages
only from fully-programmed wordlines. Unfortunately, as we
observed, LSB pages in partially-programmed and unprogrammed wordlines are twice as susceptible to read disturb
as pages in fully-programmed wordlines (see Section 2.2). If
only the MSB page error rate is monitored, read disturb may
be detected too late to correct some of the LSB pages.
Our earlier work [18] dynamically changes the passthrough voltage for each block to reduce the impact of read
disturb. As a single voltage is applied to the whole block, this
mechanism does not help significantly with the LSB pages
in partially-programmed and unprogrammed wordlines. In
contrast, our read disturb mitigation technique (see Section 4)
specifically targets these LSB pages by applying multiple different pass-through voltages in an open block, optimized to
the different programmed states of each wordline, to reduce
read disturb errors.

6. Long-Term Impact
As we discuss in Section 5, our HPCA 2017 paper [9] makes
several novel contributions on characterizing, exploiting, and
mitigating vulnerabilities in the two-step programming algorithm used in state-of-the-art MLC NAND flash memory. We
believe that these contributions are likely to have a significant
impact on academic research and industry.

6.1. Exposing the Existence of Errors

Other prior works [35,36,52] propose to use read reclaim to
mitigate read disturb errors. The key idea of read reclaim is to
remap the data in a block to a new flash block, if the block has
experienced a high number of reads [35, 36, 52]. Read reclaim
is similar to the remapping-based refresh mechanism [14, 15,
71, 80, 88] employed by many modern SSDs to mitigate data
retention errors [6, 7, 8]. Read reclaim can remap the contents
of a wordline only after the wordline is fully programmed,
and does not mitigate the impact of read disturb on partiallyprogrammed or unprogrammed wordlines.

NAND flash manufacturers use two-step programming widely in their contemporary MLC NAND flash devices. Prior
to our HPCA 2017 paper [9] and concurrent work by Papandreou et al. [89], there was no publicly-available knowledge
about how two-step programming introduced new error sources that did not exist in the prior one-shot programming approach. Using real off-the-shelf contemporary NAND flash
memory chips, our HPCA 2017 paper exposes the fact that
fundamental limitations of the two-step programming met7
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hod introduce program errors that reduce the lifetime of SSDs
available on the market today.
Through a rigorous characterization, our HPCA 2017 paper [9] analyzes two major sources of these errors, program interference and read disturb, demonstrating how they
can corrupt data stored in a partially-programmed flash cell.
While prior works have addressed both program interference
(e.g. [13, 29, 68, 92]) and read disturb (e.g., [18, 31, 35, 105]) errors in the past, we find that none of these existing solutions
are able to protect the vulnerable partially-programmed pages produced during two-step programming. We expect that
by exposing these errors and the unique vulnerabilities of
partially-programmed cells, our work will (1) provide NAND
flash memory manufacturers and the academic community
with significant insight into the problem; (2) foster the development of new solutions that can reduce or eliminate this
vulnerability; and (3) inspire others to search for other reliability and security vulnerabilities that exist in NAND flash
memory.

our three solutions completely eliminates the vulnerabilities,
albeit with a small increase in flash programming latency. We
expect our work to have a direct impact on the NAND flash
memory industry, as manufacturers will likely incorporate
solutions such as the ones we propose to mitigate or eliminate these vulnerabilities in their new SSDs. We also expect
manufacturers and researchers to explore new mechanisms,
inspired by our work and by our solutions, that can eliminate
these or other vulnerabilities and exploits due to NAND flash
memory reliability errors.

7. Conclusion
Our HPCA 2017 paper [9] shows that the two-step programming mechanism commonly employed in modern MLC
NAND flash memory chips opens up new vulnerabilities
to errors, based on an experimental characterization of modern 1X-nm MLC NAND flash chips. We show that the root
cause of these vulnerabilities is the fact that when a partiallyprogrammed cell is set to an intermediate threshold voltage,
it is much more susceptible to both cell-to-cell program interference and read disturb. We demonstrate that (1) these
vulnerabilities lead to errors that reduce the overall reliability
of flash memory, and (2) attackers can potentially exploit
these vulnerabilities to maliciously corrupt data belonging
to other programs. Based on our experimental observations
and the resulting understanding, we propose three new mechanisms that can remove or mitigate these vulnerabilities,
by eliminating or reducing the errors introduced as a result
of the two-step programming method. Our experimental evaluation shows that our new mechanisms are effective: they
can either eliminate the vulnerabilities with modest/low latency overhead, or drastically reduce the vulnerabilities and
reduce errors with negligible latency or storage overhead.
We hope that the vulnerabilities we analyzed and exposed
in this work, along with the experimental data we provided,
open up new avenues for mitigation as well as for exposure of
other potential vulnerabilities due to internal flash memory
operation.

6.2. Security Implications for Flash Memory
Our HPCA 2017 paper [9] proposes two sketches of new
potential security exploits based on errors arising from twostep programming. Malicious applications can be developed
to use these (or other similar) exploits to corrupt data belonging to other applications. For example, our paper has
already enabled the development and demonstration of a file
system based attack by IBM security researchers [58]. In that
work, the researchers built upon our program interference
based exploits to show how to use the file system to acquire
root privileges on a real machine. The work confirms that
our exploit sketches are likely viable on a real system, and
that the threat of maliciously exploiting vulnerabilities in
two-step programming is real (and needs to be addressed).
As was the case for RowHammer attacks in DRAM (see
Section 5.1), our findings have already generated significant
interest and concern in the broader technology community
(e.g., [5, 24, 27, 39]). The reason behind the broader impact of
our work is that many existing drives in the field today can
be attacked. After IBM researchers demonstrated the ability
to perform such attacks on a real system [58], there has been
further interest in NAND flash memory attacks (e.g., [1, 78]).
We hope and expect that other researchers will take our
cue and begin to investigate how other reliability issues in
NAND flash memory can be exploited by applications to
perform malicious attacks. We believe that this is a new area
of research that will grow in importance as SSDs and flash
memory become even more widely used.
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