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Guest Editor Introduction:
Recent Advances in Overcoming Bottlenecks in Memory Systems
and Managing Memory Resources in GPU Systems
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Memory and storage systems are a fundamental system
performance, energy, and reliability bottleneck in modern
systems [5, 6, 7, 25, 28, 29]. 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 research group,
SAFARI [33,39], on (1) various critical problems in memory systems and (2) how memory system bottlenecks affect graphics
processing unit (GPU) systems. As more applications share a
single system, operations from each application can contend
with each other at various shared components within the
system. If left unmitigated, such contention can undermine
many of the benefits of parallelism, by slowing down each
application or thread of execution [24, 26, 27, 28, 29]. The compound effect of contention, high memory latency and access
overheads, as well as inefficient management of resources,
greatly degrades performance, quality-of-service (QoS), and
energy efficiency. The ten works featured in this issue study
several aspects of (1) inter-application interference in multicore systems, heterogeneous systems, and GPUs; (2) the
growing overheads and expenses associated with growing
memory densities and latencies; and (3) performance, programmability, and portability issues in modern GPUs, especially those related to memory system resources.
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These works rely on real system characterizations and
simulation to develop a rigorous understanding of the interference and bottlenecks, and to provide solutions. Our analyses
have shown key scaling and performance bottlenecks, proposed new solutions, and have inspired the research community
to develop further investigations (e.g., on interference and
fairness in main memory [41,42,43,45], subarray-level parallelism [8, 13], low-cost memory reliability [21], hybrid memory
management [20,22,23,32,50]). In order to aid future research,
we have released our flexible and extensible memory system
simulator, Ramulator, as open-source software [15, 38], and
have released open-source simulators that accurately model memory interference in multicore systems [34, 36] and
memory resource bottlenecks in GPU systems [35, 37].
In each work that is featured in this issue, based on our
rigorous studies and analyses, we propose novel solutions
that mitigate many of these problems. We examine GPUs
as a special example because they enable massively parallel
processing on a single chip and, as a result, are limited greatly by the bottlenecks in the memory system. 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 three of our works that manage interference
and contention in main memory. When multiple applications
(or multiple threads of one or more applications) concurrently issue memory requests, these requests often contend
with each other in the main memory system, increasing the
average memory access latency and reducing per-application
or per-thread parallelism. This contention becomes especially
problematic when a highly-memory-intensive application issues many more requests than other applications, causing
requests from the other applications to unfairly wait for very
long times as the memory system takes time to service all of
the requests from the highly-memory-intensive application.
To mitigate the interference that each application induces on
the other applications, memory systems must adopt new mechanisms to regulate the available memory bandwidth among
all applications and/or reduce the amount of memory-level
contention. Doing so can enable systems that are higher performance, more predictable, and more energy efficient at the
same time. The first three works featured in this issue enable
new mechanisms to more efficiently manage interference and
contention in main memory.
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The first paper in the issue describes Memory Interferenceinduced Slowdown Estimation (MISE), which originally appeared in HPCA 2013 [43]. This work (1) develops a model
called MISE, which predicts the impact of interference in
DRAM on the overall system performance; and (2) uses this
model to design new memory schedulers that improve fairness and QoS among concurrently-executing applications.
The work finds that various MISE-based memory schedulers
can (1) provide predictable performance to designated applications and (2) significantly improve the overall system
throughput.
The second paper in the issue describes Staged Memory
Scheduling, which originally appeared in ISCA 2012 [3]. This
work analyzes the high impact of interference between the
CPU and GPU in a heterogeneous system (e.g., a system-onchip), showing that the GPU can overwhelm CPU performance and sometimes vice versa. Based on this finding, the
work develops a new memory controller that provides fair
memory access for both CPU and GPU applications, improving the performance of CPU applications without affecting
the throughput of GPU applications.
The third paper in the issue describes Subarray-Level Parallelism (SALP), which originally appeared in ISCA 2012 [13].
This work exploits the subarrays (i.e., sub-banking) in DRAM
architectures to greatly increase the amount of memory parallelism available to applications. SALP proposes three new
mechanisms to expose the subarrays to the memory controller at low cost, improving row locality and reducing the
number of high-latency bank conflicts that occur when multiple requests access the same memory bank. The reduced bank
conflicts and the improved row locality significantly improve
overall system performance and reduce energy consumption.
Next, we look at several of our works that address the
growing overheads and expenses associated with growing
main memory densities and latencies. As systems execute
more applications in parallel, and as applications process
larger amounts of data, DRAM manufacturers have relied on
aggressive technology scaling to increase the density of each
DRAM device. Unfortunately, such scaling has introduced a
number of key challenges [25, 28, 29], which we methodically
address in the next four works.
Our fourth paper in the issue describes DSARP, which originally appeared in HPCA 2014 [8]. This work explores how
increasing memory density will cause DRAM refresh operations to become a bigger performance bottleneck, preventing
the DRAM from effectively servicing outstanding memory
requests with low latency. The work proposes new memory
controller policies that almost completely eliminate the performance overhead of DRAM refresh by performing refresh
operations in the background via low-cost changes to the
DRAM architecture and the memory controller.
Our fifth paper in the issue describes ChargeCache, which
originally appeared in HPCA 2016 [12]. This work finds
that many applications must reopen memory rows soon after

they are closed because of interference (i.e., bank conflicts),
incurring a high access latency. ChargeCache is a new mechanism that takes advantage of the high charge held within
a recently-closed row to reduce the access latency to such a
row when it is accessed again soon in the future. The work
shows that ChargeCache significantly improves the overall
system performance and energy consumption.
Our sixth paper in the issue describes heterogeneousreliability memory (HRM), which originally appeared in DSN
2014 [21]. This work demonstrates on real machines that
many data center applications can tolerate errors in large
regions of their memory address spaces without affecting
correctness. The work uses this observation to lower the
cost of memory subsystems for data centers, by introducing
a new memory system framework, HRM, where the memory
system consists of different modules with different types and
amounts of error correction/detection capabilities. By employing many DRAM modules without error correction and
intelligently mapping error-tolerant memory regions to these
modules and error-vulnerable memory regions to DRAM modules with error correction, HRM significantly reduces the
cost of a data center system, while still providing high overall
reliability and availability.
Our seventh paper in the issue describes row buffer locality
aware (RBLA) caching, which originally appeared in ICCD
2012 [50]. This work proposes a new technique to manage
data placement in hybrid memory systems, which combine
conventional DRAM with emerging memory technologies to
provide the benefits of both in a scalable yet cost-effective
manner. Exploiting the key observation that row buffer hits
are of the same cost in both DRAM and emerging memory
technologies, RBLA avoids migrating data from the emerging memory to conventional DRAM (and vice versa) when
the migration would not yield a significant benefit, thereby
preserving the precious DRAM space for data that really benefits from the low access latency of DRAM arrays. The work
shows that RBLA improves both system performance and
energy consumption as a result.
Finally, we examine how to manage memory resources
within GPUs. For many general-purpose GPU (GPGPU) applications, programmers are responsible for explicitly managing
all memory resources, including registers, by specifying in
programs how much each application should get of each resource. Our solutions automatically manage these resources
in both hardware and software, and sometimes cooperatively
between the hardware and software, transparently to the
programmer. The solutions lift the burden of resource management from the programmer, and improve the performance
and efficiency of GPGPU applications.
Our eighth paper in the issue describes Zorua, which originally appeared in MICRO 2016 [46]. Current GPU systems
require programmers to discover and explicitly specify the
quantities of each resource that are assigned to a thread, in order to avoid significant performance penalties. This work pro2
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poses a new resource virtualization mechanism for GPGPU
applications, called Zorua, which can assign resources to each
thread dynamically at runtime based on the thread’s needs
and the available resources in the GPU, with only annotations
provided by the compiler. With its effective resource virtualization, Zorua improves (1) programmability, by removing the
existing burden on programmers to tune the thread resource
allocation; (2) portability, by removing the need to retune
the resource allocation when an application tuned for one
GPU architecture is executed on a different GPU architecture;
and (3) performance, by ensuring the careful allocation and
oversubscription of resources to best utilize the hardware.
Our ninth paper in the issue describes Memory Divergence
Correction (MeDiC), which originally appeared in PACT
2015 [4], This work finds that different warps (i.e., groups of
threads that execute in lockstep) exhibit different levels of
memory divergence, where some, but not all, threads stall
on long-latency memory accesses, which prevents forward
progress for all threads in the warp. MeDiC consists of three
new mechanisms that work together to optimize cache and
memory resource management in a GPU, based on the divergence behavior of the warps belonging to an application.
These three mechanisms provide significant performance
improvements for GPGPU applications.
Our tenth paper in the issue describes Mosaic, which originally appeared in MICRO 2017 [1]. In contemporary GPUs,
limited resources for memory virtualization can cause a single operation (e.g., an address translation that misses in the
GPU’s translation lookaside buffer) to often stall hundreds of
threads for long latencies, leading to significant underutilization of the GPU. The memory virtualization bottleneck can
be alleviated by changing the page size, but a major hurdle
to this is the key trade-off between two costly operations:
demand paging (which benefits from small page sizes) and
address translation (which benefits from large page sizes).
This work proposes a new hardware mechanism that takes
advantage of GPGPU memory access patterns to enable the
efficient support of multiple page sizes transparently to the
programmer. By efficiently supporting multiple page sizes,
Mosaic alleviates the high contention for memory virtualization resources, which in turn significantly improves the
performance of GPGPU applications.
Throughout all of these works, we (1) identify various
points of interference, contention, and resource bottlenecks
in memory systems and GPUs; and (2) appropriately modify
the systems to mitigate these issues at low cost and low overhead. These works improve the performance, fairness, energy
consumption, and/or programmability of a system, and often
improve scalability as more applications execute concurrently
on the system. Even though the works presented are described in the context of DRAM, the dominant memory technology of today, we believe many of the basic ideas and concepts
can be applied or adapted to emerging memory technologies [22], e.g., phase-change memory [17, 18, 19, 31, 48, 49, 51],

STT-MRAM [11, 16, 30], and memristors/RRAM [10, 40, 47].
We hope that the works featured in this special issue inspire readers to explore other sources of interference, contention, performance, and programmability issues in modern
systems, and to develop new solutions that can enable fair,
high-performance, energy-efficient systems for the future.
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This paper summarizes the ideas and key concepts of MISE
(Memory Interference-induced Slowdown Estimation), which
was published in HPCA 2013 [97], and examines the work’s
significance and future potential. Applications running concurrently on a multicore system interfere with each other at
the main memory. This interference can slow down different
applications differently. Accurately estimating the slowdown
of each application in such a system can enable mechanisms
that can enforce quality-of-service. While much prior work
has focused on mitigating the performance degradation due
to inter-application interference, there is little work on accurately estimating slowdown of individual applications in a multiprogrammed environment. Our goal is to accurately estimate
application slowdowns, towards providing predictable performance.
To this end, we first build a simple Memory Interferenceinduced Slowdown Estimation (MISE) model, which accurately
estimates slowdowns caused by memory interference. We then
leverage our MISE model to develop two new memory scheduling
schemes: 1) one that provides soft quality-of-service guarantees,
and 2) another that explicitly attempts to minimize maximum
slowdown (i.e., unfairness) in the system. Evaluations show that
our techniques perform significantly better than state-of-the-art
memory scheduling approaches to address the above problems.
Our proposed model and techniques have enabled significant
research in the development of accurate performance models [35,
59, 98, 110] and interference management mechanisms [66, 66,
99, 100, 108, 119, 120].
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memory interleaving [38], source throttling [3, 7, 17, 19, 102],
and thread scheduling [14,101,106,121] techniques. However,
few previous works (notably [15, 17, 19, 76]) have attempted
to estimate individual application slowdowns online with the
goal of providing predictable performance.
Our goal in our HPCA 2013 paper [97] is to provide predictable performance for individual applications. To this
end, we first design a model to accurately estimate memoryinterference-induced slowdowns of applications running concurrently on a multicore system. We then leverage this model
to design effective mechanisms to enforce quality-of-service
(QoS) and achieve fairness.

2. The Memory Interference-Induced
Slowdown Estimation (MISE) Model
The slowdown of an application indicates the performance
of the application, when it is sharing resources with other
applications, relative to when the application is run alone.
Slowdown can be expressed as
Slowdown of an App. =

alone-performance
shared-performance

(1)

Hence, estimating the slowdown of an individual application
requires two pieces of information: 1) the performance of
the application when it is run concurrently with other applications (i.e., shared-performance), and 2) the performance
of the application when it is run alone on the same system
(i.e., alone-performance). While the former can be directly
measured, the key challenge is to estimate the performance
the application would have if it were running alone while
it is actually running alongside other applications. This requires quantifying the effect of interference on application
performance.

1. Problem: Unpredictable Slowdowns
In a multicore system, multiple applications are consolidated on the same machine. While consolidation may enable
better resource utilization, it results in interference between
applications at the shared resources, slowing down each application to a different degree. Specifically, main memory
is a heavily contended shared resource between applications in a multicore system. Each application accessing the
memory experiences different and unpredictable slowdowns
depending on the available memory bandwidth and the other
concurrently running applications.
A large body of work proposed several different approaches
to mitigate memory interference between applications with
the goal of improving overall system performance. This includes memory scheduling [2, 18, 27, 32, 42, 43, 50, 72, 76, 77, 80, 99,
100, 103, 117], memory channel/bank partitioning [36, 64, 74],

2.1. Key Observations
In this work, we make two observations that lead to a
simple and effective model to estimate the slowdown of individual applications.
Observation 1: The performance of a memory-bound application is roughly proportional to the rate at which its memory requests are served. This observation stems from a
memory-bound application’s characteristic to spend an overwhelmingly large fraction of its execution time stalling on

5

Normalized Performance
(norm. to performance when run alone)

memory accesses. Therefore, the rate at which such an application’s requests are served has significant impact on its
performance.
To validate this observation, we conducted a real-system
experiment where we ran a memory-bound application from
the SPEC CPU2006 benchmark suite [96] alongside three
copies of a microbenchmark whose memory intensity can
be varied, on a 4-core Intel Core i7 [31].1 By varying the
memory intensity, i.e., the last-level cache (LLC) miss rate, of
the microbenchmark, we can change the rate at which the
requests of the SPEC application are served. Figure 1 plots
the results of this experiment for three memory-intensive
benchmarks, mcf, omnetpp, and astar. The figure shows the
performance of each application versus the rate at which its
requests are served.
1

a length of time and measure the application’s ARSR. While
this approach might provide an estimate of the application’s
ARSR, it would significantly slow down other applications in
the system and is prone to incorrect estimations due to phase
fluctuations in the application. Our second observation helps
us to address this problem.
Observation 2: The ARSR of an application can be estimated
by giving the requests of the application the highest priority in
accessing memory.
Giving an application’s requests the highest priority in
accessing memory results in very little interference from
the requests of other applications. Therefore, requests of
the application are served almost as if the application were
the only one running on the system. Based on the above
observation, the ARSR of an application can be estimated as:

mcf
omnetpp
astar

0.9

ARSR

0.8

0.6
0.5
0.4
0.3
0.3

0.4
0.5
0.6
0.7
0.8
0.9
1
Normalized Request Service Rate
(norm. to request service rate when run alone)

Figure 1: Request service rate vs. performance. Reproduced
from [97].

The results of this experiment validate our observation.
The performance of a memory-bound application is directly
proportional to the rate at which its requests are served. This
suggests that we can use the request-service-rate of an application as a proxy for its performance. More specifically, we
can estimate the slowdown of an application, i.e., the ratio
of its performance when it is run alone on a system vs. its
performance when it is run alongside other applications on
the same system, as follows:
alone-request-service-rate
shared-request-service-rate

# Requests with Highest Priority
# Cycles with Highest Priority

(3)

where # Requests with Highest Priority is the number of requests served when the application is given highest priority, and
# Cycles with Highest Priority is the number of cycles an application is given highest priority by the memory controller.
The memory controller can use Equation 3 to periodically
estimate the ARSR of an application. We add an interference
counter to capture the remaining interference cycles. The
details of the mechanisms we add to increase the accuracy
of the model are described in Section 4 of our HPCA 2013
paper [97]. Once we estimate ARSR, Equation 2 can be used
to estimate the slowdown of the application.

0.7

Slowdown of an App. =

of an App. =

2.2. MISE Model for Non-Memory-Bound
Applications
So far, we have described the key observations of the MISE
model for a memory-bound application. We find that the
model presented above has low accuracy for non-memorybound applications. This is because a non-memory-bound
application spends a significant fraction of its execution time
in the compute phase (when the core is not stalled waiting for
memory). Hence, varying the request service rate for such
an application will not affect the length of the large compute
phase. Therefore, we take into account the duration of the
compute phase to make the model accurate for non-memorybound applications.
Let α be the fraction of time spent by an application stalling at memory. Therefore, the fraction of time spent by the
application in the compute phase is 1 – α. Since changing
the request service rate affects only the memory phase, we
augment Equation 2 to take into account α as follows:

(2)

Estimating the shared-request-service-rate (SRSR) of an application is straightforward. It only requires the memory
controller to keep track of how many requests of the application are served in a given number of cycles. However, the
challenge is to estimate the alone-request-service-rate (ARSR)
of an application while it is run alongside other applications.
A naive way of estimating ARSR of an application would be
to prevent all other applications from accessing memory for

Slowdown of an App. = (1 – α) + α

1 The microbenchmark streams through a large region of memory (one
block at a time). The memory intensity of the microbenchmark (last-level
cache misses per kilo-instruction, i.e., LLC MPKI) is varied by changing the
amount of computation performed between memory operations.

ARSR
SRSR

(4)

In addition to estimating ARSR and SRSR required by Equation 2, the above equation requires estimating the parameter
α, the fraction of time spent in the memory phase. However,
2

6

precisely computing α for a modern out-of-order processor
is a challenge since such a processor overlaps computation
with memory accesses. The processor stalls waiting for memory only when the oldest instruction in the reorder buffer
is waiting on a memory request. For this reason, we estimate
α as the fraction of time the processor spends stalling for
memory:
α=

# Cycles spent stalling on memory requests
Total number of cycles

our simulator implementing the MISE model is available online [90]. As can be observed, MISE’s slowdown estimates
are much closer to the actual slowdown than STFM’s estimates. This is because the MISE model eliminates a significant
portion of the interference received by an application while
estimating slowdown, by prioritizing it in the memory controller. On the other hand, STFM estimates slowdown while
an application is experiencing interference.
4

(5)

Actual
STFM
MISE

3.5
Slowdown

More details of our MISE slowdown estimation model are
described in Sections 3 and 4 of our HPCA 2013 paper [97].
More recently, we used this model to expand slowdown estimation to a memory hierarchy that also includes shared
caches, as part of the Application Slowdown Model [98].

3
2.5
2
1.5

3. Evaluation of the MISE Model

1
0

We compare the MISE model against the slowdown estimation model employed by the Stall Time Fair Memory
Scheduler (STFM) [76], which is the closest previous work on
estimating memory interference-induced slowdown.2 STFM
estimates the slowdown of an application by estimating the
number of cycles it stalls due to interference from other applications’ requests. In this section, we qualitatively and
quantitatively compare MISE with STFM.
There are two key differences between MISE and STFM in
estimating slowdown. First, MISE uses request service rates
rather than stall times to estimate slowdown. In MISE, the
alone-request-service-rate of an application can be fairly accurately estimated by giving the application highest priority in
accessing memory. Giving the application highest priority
in accessing memory results in very little interference from
other applications. In contrast, STFM attempts to estimate
the alone-stall-time of an application while it is receiving
significant interference from other applications, which turns
out to be difficult to do accurately. Second, MISE takes into account the effect of the compute phase for non-memory-bound
applications. STFM, on the other hand, has no such provision to account for the compute phase. As a result, MISE’s
slowdown estimates for non-memory-bound applications are
significantly more accurate than STFM’s estimates.
Figure 2 compares the accuracy of MISE with STFM for
two representative memory-bound applications, lbm and leslie3d. Figure 3 compares the accuracy of MISE with STFM
for two representative non-memory-bound applications, wrf
and povray. Each of these applications is run on a 4-core
system with three other applications. Our detailed experimental methodology is provided in Section 5 of our HPCA
2013 paper [97]. This includes detailed descriptions of our
experimental setup, workloads and metrics. Furthermore,
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(b) leslie3d
Figure 2: Comparison of MISE with STFM for representative
memory-bound applications. Adapted from [97].

Table 1 shows the average slowdown estimation error for
each benchmark, with STFM and MISE, across 300 4-core
workloads of different memory intensities. As can be observed, MISE’s slowdown estimates have significantly lower
error than STFM’s slowdown estimates across most benchmarks. Across 300 workloads, STFM’s estimates deviate from
the actual slowdown by 29.8%, whereas, our proposed MISE
model’s estimates deviate from the actual slowdown by only
8.1%. Therefore, we conclude that our slowdown estimation
model provides better accuracy than STFM.
For a more detailed analysis of the MISE model’s accuracy
and characteristics, we refer the reader to our HPCA 2013
paper [97].

4. Leveraging the MISE Model
Accurate slowdown estimates are a key enabler towards
designing mechanisms to better enforce quality-of-service
(QoS) and fairness. Slowdown estimates from the MISE model
could be leveraged in hardware to design memory scheduling

2 FST

[17] and Du Bois et al.’s per-thread cycle accounting mechanism [15] are the other two previous works that estimate application slowdown. The mechanism to estimate main memory interference induced
slowdown in both of these previous works is similar to STFM.

3

7

4

Slowdown

4.1. MISE-QoS: Providing Soft QoS Guarantees

Actual
STFM
MISE

3.5

MISE-QoS aims to provide soft slowdown guarantees to
an application of interest (AoI) in a workload with many
applications, while trying to maximize overall performance
for the remaining applications. There are two aspects of
providing a soft slowdown guarantee. One is to ensure that
the application of interest is not slowed down by more than
a system-software-specified bound. The other aspect is to
detect if the bound is not met for some reason.
MISE-QoS addresses both of these aspects by using slowdown estimates from the MISE model. It periodically
obtains slowdown estimates from the MISE model and increases/decreases the memory bandwidth allocated to the AoI
such that the AoI receives just enough bandwidth to meet
its slowdown bound. This enables the other applications to
use the remaining bandwidth, improving their performance.
MISE-QoS addresses the second aspect by comparing slowdown estimates from the MISE model with the prescribed
bound periodically. When the prescribed bound cannot be
met despite always prioritizing the AoI, MISE-QoS detects
that the bound cannot be met just by prioritizing the application at the memory controller.
Previous work [34] attempts to address the first aspect by
always prioritizing the AoI. This may unnecessarily slowdown other applications in the system by excessively prioritizing the AoI, especially when the AoI is meeting its performance bound. Furthermore, such a mechanism, in the
absence of accurate slowdown estimates, does not have the
provision to detect whether or not the bound is met.
Slowdown Evaluation. We evaluate the MISE-QoS mechanism across 300 workloads with 10 different slowdown
bounds for each workload. Our results show that the MISEQoS mechanism meets the prescribed slowdown bound for
97.5% of the workloads for which the naive mechanism that
always prioritizes the AoI meets the bound, while improving
overall system performance by 12%. Furthermore, MISE-QoS
also predicts whether or not the bound is met with an accuracy of 95.7%, while previous work [34] has no such provision.
To show the effectiveness of MISE-QoS, we compare the
AoI’s slowdown due to MISE-QoS and the mechanism that
always prioritizes the AoI (Always Prioritize) [34]. Figure 4
presents representative results for 8 different AoIs when they
are run alongside three other applications. The label MISEQoS-n corresponds to a slowdown bound of 10
n . (Note that
Always Prioritize does not take into account the slowdown
bound.) Note that the slowdown bound decreases (i.e., becomes tighter) from left to right for each benchmark in Figure 4
(as well as in other figures).
We draw three conclusions from the results. First, for most
applications, the slowdown of Always Prioritize is considerably more than one. This indicates that always prioritizing the
AoI does not completely prevent other applications from interfering with the AoI. Second, as the slowdown bound for the
AoI is decreased (left to right), MISE-QoS gradually increases
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(b) povray
Figure 3: Comparison of MISE with STFM for representative
non-memory-bound applications. Adapted from [97].

Table 1: Average slowdown estimation error for each benchmark (in %). Adapted from [97].
Benchmark

STFM

MISE

Benchmark

STFM

MISE

453.povray
454.calculix
400.perlbench
447.dealII
436.cactusADM
450.soplex
444.namd
437.leslie3d
403.gcc
462.libquantum
459.GemsFDTD
470.lbm
473.astar
456.hmmer

56.3
43.5
26.8
37.5
18.4
29.8
43.6
26.4
25.4
48.9
21.6
6.9
12.3
17.9

0.1
1.3
1.6
2.4
2.6
3.5
3.7
4.3
4.5
5.3
5.5
6.3
8.1
8.1

473.astar
456.hmmer
464.h264ref
401.bzip2
458.sjeng
433.milc
481.wrf
429.mcf
445.gobmk
483.xalancbmk
435.gromacs
482.sphinx3
471.omnetpp
465.tonto

12.3
17.9
13.7
28.3
21.3
26.4
33.6
83.74
23.1
18.0
31.4
21
26.2
32.7

8.1
8.1
8.3
8.5
8.8
9.5
11.1
11.5
12.5
13.6
15.6
16.8
17.5
19.5

policies to provide QoS guarantees and fairness. Alternatively, the slowdown estimates could be communicated to the
system software, which could leverage them to perform application scheduling, admission control and migration. We will
describe two such mechanisms that leverage the MISE model:
1) MISE-QoS, a mechanism to provide soft QoS guarantees
in the memory controller; and 2) MISE-Fair, a mechanism to
minimize maximum slowdown [13, 14, 42, 43, 92, 99, 100, 103]
to improve overall system fairness.
4
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MISE-QoS-6
MISE-QoS-7
MISE-QoS-8
MISE-QoS-9
MISE-QoS-10

fically, this mechanism attempts to minimize the maximum
slowdown across all applications in the system. Ensuring
that no application is unfairly slowed down while maintaining high system performance is an important goal in multicore systems where co-executing applications are similarly
important. Many prior works evaluate fairness in such scenarios in terms of the maximum slowdown of any application [13, 14, 42, 43, 92, 99, 100, 103].

2.4
2.2
2
1.8
1.6

At a high level, our mechanism works as follows. The
memory controller maintains two pieces of information: 1) a
target slowdown bound (B) for all applications, and 2) a bandwidth allocation policy that partitions the available memory
bandwidth across all applications. The memory controller
enforces the bandwidth allocation policy using a lotteryscheduling technique proposed in [105]. The controller attempts to ensure that the slowdown of all applications is
within the bound B. To this end, it modifies the bandwidth
allocation policy so that applications that are slowed down
more get more memory bandwidth. Should the memory controller find that bound B is not possible to meet, it increases
the bound. On the other hand, if the bound is easily met, it
decreases the bound.
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Figure 4: AoI performance: MISE-QoS vs. AlwaysPrioritize.
Reproduced from [97].

the bandwidth allocation for the AoI, eventually allocating all
the available bandwidth to the AoI. At this point, MISE-QoS
performs very similarly to the Always Prioritize mechanism.
Third, in almost all cases (in this figure and across all our 3000
data points), MISE-QoS meets the specified slowdown bound
if Always Prioritize is able to meet the bound (see Section 8.1
of our HPCA 2013 paper [97] for details).
System Performance and Fairness. Figure 5 compares
the system performance (harmonic speedup) and fairness
(maximum slowdown) of MISE-QoS and Always Prioritize
for different values of the bound. We omit the AoI from the
performance and fairness calculations. The results are categorized into four workload categories (0, 1, 2, 3) indicating the
number of memory-intensive benchmarks in the workload.
For clarity, the figure shows results only for a few slowdown
bounds. Three conclusions are in order.
First, MISE-QoS significantly improves performance compared to Always Prioritize, especially when the slowdown
bound for the AoI is large. On average, when the bound is
10 , MISE-QoS improves harmonic speedup [67] by 12% and
3
weighted speedup [22, 95] by 10% (not shown due to lack
of space) over Always Prioritize, while reducing maximum
slowdown [13, 14, 42, 43, 92, 99, 100, 103] by 13%. Second, as expected, the performance and fairness of MISE-QoS approach
that of Always Prioritize as the slowdown bound is decreased
(going from left to right for a set of bars). Finally, the benefits of MISE-QoS increase with increasing memory intensity
because always prioritizing a memory intensive application
will cause significant interference to other applications.
Based on our results, we conclude that MISE-QoS can effectively ensure that the AoI meets the specified slowdown
bound while achieving high system performance and fairness
across the other applications.

Interaction with the Operating System. As we will
show in Section 4.2, our mechanism provides the best fairness compared to three state-of-the-art approaches for memory request scheduling [42, 43, 76]. In addition to this, there
is another benefit to using our approach. Our mechanism,
based on the MISE model, can accurately estimate the slowdown of each application. Therefore, the memory controller
can potentially communicate the estimated slowdown information to the operating system (OS). The OS can use this
information to make more informed scheduling and mapping
decisions in order to further improve system performance
or fairness. Since prior memory scheduling approaches do
not explicitly attempt to minimize maximum slowdown by
accurately estimating the slowdown of individual applications, such a mechanism to interact with the OS is not possible
with them. Evaluating the benefits of the interaction between
our mechanism and the OS is beyond the scope of this paper
but is an important area of future work.
Evaluation. Figure 6 compares the system fairness (maximum slowdown) of different mechanisms with increasing
number of cores. The figure shows results with four previously proposed memory scheduling policies (FRFCFS [89,122],
ATLAS [42], TCM [43], and STFM [76]), and our proposed mechanism using the MISE model (MISE-Fair). We draw three
conclusions from our results.
First, MISE-Fair provides the best fairness compared to all
other previous approaches. The reduction in the maximum
slowdown due to MISE-Fair when compared to STFM (the
best previous mechanism) increases with increasing number of cores. With 16 cores, MISE-Fair provides 7.2% better
fairness compared to STFM.

4.2. MISE-Fair: Minimizing Maximum Slowdown
The second mechanism we build on top of our MISE model
is one that seeks to improve overall system fairness. Speci5
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Figure 5: Average system performance and fairness across 300 workloads of different memory intensities. Reproduced
from [97].
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Maximum Slowdown
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ranked applications. This increases the slowdown of such
applications, leading to high maximum slowdown.3
We conclude that the MISE model’s slowdown estimates
can be used to design a better and more fair memory scheduler.
We expect future works can take advantage of the MISE model
to design even better memory scheduling and other resource
management mechanisms.

FRFCFS
ATLAS
TCM
STFM
MISE-Fair

7
6
5
4
3

5. Related Work

2
1
4

8
Number of Cores

To our knowledge, this is the first paper to 1) provide a
simple and accurate model to estimate application slowdowns
in the presence of main memory interference, and 2) use
this model to devise two new memory scheduling techniques
that either aim to satisfy slowdown bounds of applications or
improve system fairness and performance. In this section, we
discuss several related works. We discuss works that build
upon MISE in Section 6.1.
Slowdown Estimation. Stall Time Fair Memory Scheduling (STFM) [76] attempts to estimate each application’s
slowdown, with the goal of improving fairness by prioritizing
the most slowed down application. STFM estimates an application’s slowdown as the ratio of its memory stall time when
it is run alone versus when it is concurrently run alongside other applications. The challenge is in determining the
alone stall time of an application while the application is actually running alongside other applications. STFM proposes to
address this challenge by counting the number of cycles an application is stalled due to interference from other applications
at the DRAM channels, banks and row-buffers. STFM uses
this interference cycle count to estimate the alone-stall-time
of the application, and hence the application’s slowdown.
Fairness via Source Throttling (FST) [17] estimates application slowdowns due to inter-application interference at the
shared caches and memory, as the ratio of uninterfered to
interfered execution times. FST uses the slowdown estimates
to make informed source throttling decisions, to improve
fairness. The mechanism to account for memory interfe-

16

Figure 6: Fairness with different core counts. Reproduced
from [97].

Second, STFM, as a result of prioritizing the most slowed
down application, provides better fairness than all other previous approaches. While the slowdown estimates of STFM
are not as accurate as those of our mechanism, they are good
enough to identify the most slowed down application. However, as the number of concurrently-running applications
increases, simply prioritizing the most slowed down application may not lead to better fairness. MISE-Fair, on the other
hand, works towards reducing maximum slowdown by stealing bandwidth from those applications that are less slowed
down compared to others. As a result, the fairness benefits
of MISE-Fair compared to STFM increase with increasing
number of cores.
Third, ATLAS and TCM are more unfair compared to FRFCFS. As shown in prior work [42, 43], ATLAS trades off fairness to obtain better performance. TCM, on the other hand,
is designed to provide high system performance and fairness. Further analysis showed us that the cause of TCM’s
unfairness is the strict ranking employed by TCM. TCM ranks
all applications based on its clustering and shuffling techniques [43] and strictly enforces these rankings. We found that
such strict ranking destroys the row-buffer locality of low-

3 Note

that this observation later led us to develop the Blacklisting
Memory Scheduler (BLISS) [99, 100].

6

10

rence to estimate uninterfered execution time is similar to
that employed in STFM. Prefetch-Aware Shared Resource Management [19] extends the FST model to take into account
prefetch requests.

allocate bandwidth instead of our lottery-scheduling approach.
Memory Interference Mitigation. Many prior works
focus on the problem of mitigating inter-application interference at the main memory to improve system performance
and/or fairness. Most of these approaches address memory
interference by modifying the memory request scheduling
algorithm [2, 18, 27, 32, 34, 42, 43, 50, 51, 52, 53, 72, 73, 76, 77, 80,
99, 100, 115, 117]. We quantitatively compare MISE-Fair to
STFM [76], ATLAS [42], and TCM [43] in Section 4.2, and
show that MISE-Fair provides better fairness than these prior
approaches.
Other works examine approaches such as sub-row interleaving [38], channel/bank partitioning [36, 64, 74, 109], bandwidth partitioning [61, 97], source throttling [3, 7, 17, 19, 39, 81,
82, 102], thread scheduling [14, 101, 106, 121], and changes to
DRAM design [44, 58]. These approaches are complementary
to MISE, and can be combined to achieve better fairness.
Prior Work on Analytical Performance Modeling.
Prior works attempt to quantify the impact of cache/memory
contention through offline profiling. Mars et al. [69] estimate an application’s sensitivity/propensity to receive/cause
interference. Other previous works propose to estimate an application’s sensitivity to cache capacity [20, 91] and memory
bandwidth [21] through profiling. Yang et al. [111] attempt
to estimate applications’ sensitivity to interference online.
However, this work assumes that latency-critical applications run alone at times, when they can be profiled (which
could degrade system throughput). These works assume the
ability to profile (1) entire applications offline; or (2) specific
execution scenarios, such as an application executing alone.
In contrast, MISE can estimate the slowdown of any application online, in the general scenario of multiple applications
running together.
Several previous works [24, 25, 37, 104] propose analytical
models to estimate processor performance, as an alternative
to time consuming simulations. The goal of our MISE model,
in contrast, is to estimate slowdowns at runtime, in order to
enable mechanisms to provide QoS and high fairness. Its use
in simulation is possible, but is left to future work.

A concurrent work by Du Bois et al. [15] proposes perthread cycle accounting (PTCA) for multicore processors,
which determines an application’s standalone execution time
when it shares cache and memory with other applications
in a multicore system. In order to quantify memory interference, PTCA counts the number of waiting cycles due to
inter-application interference and factors out these waiting
cycles to estimate alone execution times, which is similar to
STFM’s alone stall time estimation mechanism.
Eyerman and Eeckhout [23] and Cazorla et al. [5] propose
mechanisms to determine an application’s slowdown while
it is running alongside other applications on an SMT processor. Luque et al. [68] estimate application slowdowns in the
presence of shared cache interference. Lin and Balasubramonian [60] propose a regression-based model to estimate
performance for different cache allocations. None of these
studies take into account inter-application interference at
the main memory. Therefore, MISE, which estimates slowdown due to main memory interference, can be combined
with the above approaches to quantify interference at the
SMT processor and shared cache to build a comprehensive
mechanism.
Quality-of-Service (QoS). Several prior works provide
QoS guarantees in shared memory CMP systems. Mars et
al. [69] propose a mechanism to estimate an application’s
sensitivity towards interference and its propensity to cause
interference. They utilize this knowledge to make informed
mapping decisions between applications and cores. However,
this mechanism 1) assumes a priori knowledge of applications,
which may not always be possible to have, and 2) is designed
for only 2 cores, and it is not clear how it can be extended to
more than 2 cores. In contrast, MISE does not assume any a
priori knowledge of applications and works well with large
core counts, as we have shown in this paper. That said, MISE
can possibly be used to provide feedback to the mapping
mechanism proposed by [69] to overcome the shortcomings
of their mechanism.

6. Significance
To our knowledge, our HPCA 2013 paper [97] is the first to
build a simple yet accurate hardware-based model to estimate
application slowdowns due to main memory interference
online with the goal of providing predictable performance. Previous works [15, 17, 19, 76] propose mechanisms to estimate
application slowdowns. However, these mechanisms are not
accurate enough (as we demonstrate in Section 3) since they
were not designed with the goal of providing predictable performance. Rather, the slowdown estimates were used to make
prioritization/throttling decisions to improve overall fairness.
This work is also the first to design a hardware-based mechanism to i) provide soft guarantees on slowdown for ap-

Iyer et al. [30, 33, 34] propose mechanisms to provide guarantees on shared cache space, memory bandwidth or IPC
for different applications. The slowdown guarantee provided
by MISE-QoS is stricter than these mechanisms as MISE-QoS
takes into account the alone-performance of each application. Nesbit et al. [80] propose a mechanism to enforce a
bandwidth allocation policy, by partitioning the available
bandwidth across concurrently running applications based
on some policy. While we use a scheduling technique similar
to lottery-scheduling [85, 105] to enforce the bandwidth allocation policies of MISE-QoS and MISE-Fair, the mechanism
proposed by Nesbit et al. can also be used in our proposal to
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plications and ii) detect when a prescribed slowdown bound
is not being met, by leveraging slowdown estimates from
the MISE model, while also improving overall system performance. Previous work [34], in the absence of a model
to accurately estimate application slowdowns, always prioritizes the application that needs guaranteed performance,
degrading the performance of other co-running applications.
Furthermore, previous work also does not have the provision
to detect whether or not the prescribed slowdown bounds
are being met (as we describe in Section 4).

shapes the memory traffic of the application. Slowdown estimates from the MISE model are leveraged to determine the
optimal bins/credits configuration, to effectively shape memory traffic. Camouflage [119] employs the MISE model for
the purposes of traffic shaping, but in the context of providing
security. Camouflage shapes memory traffic into a predetermined distribution, in order to prevent attackers from probing
the memory bus to infer the program’s memory access and
response patterns. Slowdown estimates from the MISE model
are used to determine the optimal bins/credits configuration.
Employing Slowdown-Proportional Resource Allocation. The general principle of allocating resources proportionally, to the estimated slowdown at that resource is a
key principle employed in the MISE-QoS and MISE-Fair schemes. Two prior works [66, 108] apply a similar principle in
the context of addressing interference at the on-chip network.
Towards mitigating on-chip network contention, they build
a scheme that allocates channel bandwidth proportional to
the aggregate rate of flow of traffic from each thread.
These works [66, 98, 110, 119, 120] are clear instances of the
applicability of the MISE model itself and its principles in
various contexts. The works that build on our original MISE
paper [97] are strongly indicative of the potential impact this
work could have in the long term, as we describe in the next
section.

6.1. Retrospective and Works Building on
Our HPCA 2013 Paper
Adoption of the Principles of the MISE Model. The
principles employed in the MISE model have been adopted
towards slowdown estimation in several works that followed.
The application slowdown model (ASM) [98], a follow-on
work, builds on top of MISE’s memory slowdown estimation
model and extended it to take into account shared cache interference. In doing so, ASM also addressed one of the major
caveats of the MISE model, the estimation of slowdown for
non-memory-intensive applications. While MISE has a mechanism to address the slowdown of non-memory-intensive
applications, this mechanism relies on the estimation of the
memory-bound fraction of an application. Estimating the
fraction of an application’s execution that is memory bound,
with high fidelity, is challenging. ASM addresses this challenge by applying the observation on request service rate as
a proxy for performance at the input to the shared caches.
This seamlessly enables slowdown estimation for applications with different memory and cache intensities/sensitivities.
The ASM work shows that it can accurately estimate slowdowns with only 9.9% error across 100 workloads. We refer the
reader to [98] for details.
A later work by Xiong et al. [110] proposes a slowdown
estimation model that adopts the principle of giving an application highest priority in order to estimate its alone run
behavior. This work directly measures alone-IPC during such
high priority periods, rather than estimating alone request
service rate and employs this alone-IPC estimate towards
determining slowdown.
Applications of the MISE Model. The MISE model has
been applied towards slowdown estimation in multiple contexts. Zhou and Wentzlaff [120] employ the MISE model in
the context of throttling memory traffic at the source, based
on inter-arrival times between requests. Specifically, they
employ a set of bins, each corresponding to a range of interarrival times, and allocate a certain number of credits to each
bin, depending on an application’s request inter-arrival times.
In order to determine the optimal credit allocation in different
bins corresponding to different arrival times, they employ a
genetic algorithm. This credit allocation determines the eventual number of requests that can be served corresponding to
different inter-arrival times, for an application, and hence,

6.2. Long-Term Impact
Predictable Performance in Current and Future Systems. Building predictable systems is a grand research
challenge [12, 75, 78]. Predictable performance is a key requirement in current and future systems where 1) multiple
applications are consolidated onto the same machine, sharing
resources and 2) some applications need a certain guaranteed
performance. Data centers, virtualized systems, interactive
mobile systems and real- time systems are all examples of
scenarios where predictable performance is desirable or necessary. We expect the need for predictable performance to
increase in the future as more systems will likely move towards consolidation as a means to effectively utilize resources.
Given this trend, accurately quantifying the effect of shared
resource interference on performance is an important enabler
towards providing predictable performance. Therefore, we
believe that slowdown estimates from the MISE model and
the hardware/software techniques that can be built on top of
our model are important steps towards providing predictable
performance.
Request Service Rate a Proxy for Performance. One
of the key ideas behind MISE is to use memory request service
rate as a proxy for performance for memory-bound applications. We hypothesize that the performance of an application
that is bottlenecked at a certain resource is likely correlated
with the request service rate at that resource. Hence, the
notion of using request service rate as a proxy for performance can be used as a primitive for performance prediction
8
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7. Conclusion

and applied more generally to other shared resources such
as shared caches, storage and network. ASM [98], described
in Section 6.1, is one such work that takes advantage of this
key idea of request service rate as a proxy for performance,
measured at the shared caches.
Accurate and Efficient Estimation of Alone Performance. Another key idea behind MISE is to periodically
give each application the highest priority in order to estimate
alone-request-service-rate. In doing so, the highest priority
application receives minimal interference when its slowdown
is being estimated, while also not disrupting other applications’ execution. This leads to better accuracy than previous
work [15, 17, 19, 76] that estimates an application’s slowdown
while it is receiving interference from other applications. We
believe that the principle of estimating slowdown while using
techniques such as prioritization to minimize interference
can be applied at other shared resources such as I/O, storage
and network as well.
Enabling Better Resource Management. The ability
to accurately estimate slowdown in the presence of shared
resource interference can enable a range of resource management techniques to provide QoS in both hardware and software. Slowdown estimates can be leveraged in the hardware
for resource management (as we demonstrate with memory
bandwidth). Slowdown estimates can also be communicated
to the software, enabling more effective and informed admission control and migration mechanisms across a cluster of
machines. Therefore, we believe MISE’s slowdown estimates
can enable substantial future research on resource allocation
policies.
Simplicity of the Technique. The MISE model requires
only simple hardware changes to the memory controller and
scheduling logic, while providing high accuracy. By virtue
of the memory bandwidth partitioning scheme we employ,
the memory scheduler only needs to give one application
the highest priority at any point in time, while treating other
applications’ requests similarly. On the other hand, previously proposed memory scheduling policies such as ATLAS,
TCM [42, 43] employ ranking policies where an ordered ranking is enforced across all applications’ requests. Hence,
MISE requires simpler comparator logic compared to previous proposals and can be more easily incorporated into
today’s memory controllers than previous proposals.
Applicability to Other Memory Technologies. In our
HPCA 2013 paper [97], we described MISE within the context
of a system using DRAM as main memory, for which the
reader can find detailed background information in our prior
works [6, 8, 9, 10, 28, 29, 40, 41, 42, 43, 44, 45, 54, 55, 56, 57, 58, 62,
63, 83, 93, 94]. We believe the principles of MISE are easily
applicable to other memory technologies, e.g., phase-change
memory [47, 48, 49, 87, 107, 112, 118], STT-MRAM [46, 70, 79],
and hybrid memory systems [1, 4, 11, 16, 26, 59, 65, 70, 71, 84, 86,
87, 88, 113, 114, 116]. We leave a detailed exploration of these
to future works.

Application slowdowns induced by memory interference
are a significant deterrent to high and predictable performance. Towards tackling such application slowdowns,
our HPCA 2013 paper [97] (1) builds a simple Memory
Interference-induced Slowdown Estimation (MISE) model
to accurately estimate application slowdowns, and (2) demonstrates two use cases that leverage our MISE model to
achieve predictable performance and fairness. Since our original HPCA 2013 paper [97] on the MISE model and its applications, several works have adopted and employed the MISE
model and its principles in different contexts. We conclude
that the MISE model and the principles behind it can fuel
and inspire many more such works on high performance,
predictable, and fair memory systems.
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1. Introduction

This paper summarizes the idea of the Staged Memory Scheduler (SMS), which was published at ISCA 2012 [14], and examines the work’s significance and future potential. When multiple
processor cores (CPUs) and a GPU integrated together on the
same chip share the off-chip DRAM, requests from the GPU
can heavily interfere with requests from the CPUs, leading to
low system performance and starvation of cores. Unfortunately,
state-of-the-art memory scheduling algorithms are ineffective
at solving this problem due to the very large amount of GPU
memory traffic, unless a very large and costly request buffer
is employed to provide these algorithms with enough visibility
across the global request stream.

As the number of cores continues to increase in modern
chip multiprocessor (CMP) systems, the DRAM memory system has become a critical shared resource [139, 145]. Memory requests from multiple cores interfere with each other,
and this inter-application interference is a significant impediment to individual application and overall system performance. Various works on application-aware memory scheduling [98, 99, 141, 142] address the problem by making the
memory controller aware of application characteristics and
appropriately prioritizing memory requests to improve system performance and fairness.
Recent heterogeneous CPU-GPU systems [1, 27, 28, 37, 76,
77, 78, 133, 152, 153, 167, 209] present an additional challenge
by introducing integrated graphics processing units (GPUs)
on the same die with CPU cores. GPU applications typically demand significantly more memory bandwidth than
CPU applications due to the GPU’s capability of executing
a large number of concurrent threads [1, 2, 3, 4, 13, 23, 27, 37,
38, 40, 62, 68, 77, 78, 133, 149, 150, 151, 152, 153, 154, 167, 176, 178,
179, 188, 189, 199, 200, 206, 209]. GPUs use single-instruction
multiple-data (SIMD) pipelines to concurrently execute multiple threads [53]. In a GPU, a group of threads executing the
same instruction is called a wavefront or warp, and threads in
a warp are executed in lockstep. When a wavefront stalls on a
memory instruction, the GPU core hides this memory access
latency by switching to another wavefront to avoid stalling
the pipeline. Therefore, there can be thousands of outstanding memory requests from across all of the wavefronts. This
is fundamentally more memory intensive than CPU memory
traffic, where each CPU application has a much smaller number of outstanding requests due to the sequential execution
model of CPUs.
Figure 1 (a) shows the memory request rates for a representative subset of our GPU applications and the most memoryintensive SPEC2006 (CPU) applications, as measured by memory requests per thousand cycles when each application
runs alone on the system. The raw bandwidth demands (i.e.,
memory request rates) of the GPU applications are often multiple times higher than the SPEC benchmarks. Figure 1 (b)
shows the row buffer hit rates (also called row buffer locality
or RBL [134]). The GPU applications show consistently high
levels of RBL, whereas the SPEC benchmarks exhibit more
variability. The GPU programs have high levels of spatial

Previously-proposed memory controller (MC) designs use a
single monolithic structure to perform three main tasks. First,
the MC attempts to schedule together requests to the same
DRAM row to increase row buffer hit rates. Second, the MC
arbitrates among the requesters (CPUs and GPU) to optimize
for overall system throughput, average response time, fairness
and quality of service. Third, the MC manages the low-level
DRAM command scheduling to complete requests while ensuring compliance with all DRAM timing and power constraints.
This paper proposes a fundamentally new approach, called
the Staged Memory Scheduler (SMS), which decouples the three
primary MC tasks into three significantly simpler structures
that together improve system performance and fairness. Our
three-stage MC first groups requests based on row buffer locality.
This grouping allows the second stage to focus only on interapplication scheduling decisions. These two stages enforce highlevel policies regarding performance and fairness, and therefore
the last stage can use simple per-bank FIFO queues (i.e., there is
no need for further command reordering within each bank) and
straightforward logic that deals only with the low-level DRAM
commands and timing.
We evaluated the design trade-offs involved and compared it
against four state-of-the-art MC designs. Our evaluation shows
that SMS provides 41.2% performance improvement and 4.8×
fairness improvement compared to the best previous state-ofthe-art technique, while enabling a design that is significantly
less complex and more power-efficient to implement.
Our analysis and proposed scheduler have inspired significant research on (1) predictable and/or deadline-aware memory
scheduling [91, 92, 194, 195, 197, 201, 202, 216] and (2) memory
scheduling for heterogeneous systems [161, 201, 202, 207].

16

5
4
BLP

RBL

MPKC

6

3
2
1
0

mcf
leslie3d
omnetpp
astar
h264ref
gcc
BENCH04
BENCH02
GAME05
GAME03
GAME01

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

mcf
leslie3d
omnetpp
astar
h264ref
gcc
BENCH04
BENCH02
GAME05
GAME03
GAME01

mcf
leslie3d
omnetpp
astar
h264ref
gcc
BENCH04
BENCH02
GAME05
GAME03
GAME01

250
225
200
175
150
125
100
75
50
25
0

(b)

(a)

(c)

Figure 1: GPU memory characteristics. (a) Memory intensity, measured by memory requests per thousand cycles, (b) row
buffer locality, measured by the fraction of accesses that hit in the row buffer, and (c) bank-level parallelism. Reproduced
from [14].

locality, often due to access patterns related to large sequential memory accesses (e.g., frame buffer updates). Figure 1(c)
shows the bank-level parallelism (BLP) [109, 142], which is the
average number of parallel memory requests that can be issued
to different DRAM banks, for each application, with the GPU
programs consistently making use of four banks at the same
time.
In addition to the high-intensity memory traffic of GPU
applications, there are other properties that distinguish GPU
applications from CPU applications. Prior work [99] observed that CPU applications with streaming access patterns
typically exhibit high RBL but low BLP, while applications
with less uniform access patterns typically have low RBL but
high BLP.
In contrast, GPU applications have both high RBL and high
BLP. The combination of high memory intensity, high RBL
and high BLP means that the GPU will cause significant interference to other applications across all banks, especially when
using a memory scheduling algorithm that preferentially favors requests that result in row buffer hits (e.g., [173, 220]).
Recent memory scheduling research has focused on memory interference between applications in CPU-only scenarios. These past proposals are built around a single centralized request buffer at each memory controller (MC). The
scheduling algorithm implemented in the memory controller
analyzes the stream of requests in the centralized request buffer to determine application memory characteristics, decides
on a priority for each core, and then enforces these priorities.
Observable memory characteristics may include the number
of requests that result in row buffer hits, the bank-level parallelism of each core, memory request rates, overall fairness
metrics, and other information. Figure 2(a) shows the CPUonly scenario where the request buffer only holds requests
from the CPUs. In this case, the memory controller sees a
number of requests from the CPUs and has visibility into
their memory behavior. On the other hand, when the request
buffer is shared between the CPUs and the GPU, as shown in
Figure 2(b), the large volume of requests from the GPU occupies a significant fraction of the memory controller’s request

CPU Requests

(a)

(b)

XXXX XXXX X

X

(c)

XXXX XXXX XXXXX XXX

XXXXX XXX

GPU Requests

Figure 2: Example of the limited visibility of the memory
controller. (a) CPU-only information, (b) Memory controller’s visibility, (c) Improved visibility. Adapted from [14].

buffer, thereby limiting the memory controller’s visibility of
the CPU applications’ memory characteristics.
One approach to increasing the memory controller’s visibility across a larger window of memory requests is to increase
the size of its request buffer. This allows the memory controller to observe more requests from the CPUs to better
characterize their memory behavior, as shown in Figure 2(c).
For instance, with a large request buffer, the memory controller can identify and service multiple requests from one CPU
core to the same row such that they become row buffer hits,
however, with a small request buffer as shown in Figure 2(b),
the memory controller may not even see these requests at
the same time because the GPU’s requests have occupied the
majority of the entries.
Unfortunately, very large request buffers impose significant implementation challenges, including the die area for
the larger structures and the additional circuit complexity
for analyzing so many requests, along with the logic needed for assignment and enforcement of priorities [194, 195].
Therefore, while building a very large, centralized memory
controller request buffer could perhaps lead to reasonable
memory scheduling decisions, the approach is unattractive
due to the resulting area, power, timing and complexity costs.
In this work, we propose the Staged Memory Scheduler
(SMS), a decentralized architecture for memory scheduling
in the context of integrated multi-core CPU-GPU systems.
The key idea in SMS is to decouple the various functional
tasks of memory controllers and partition these tasks across
several simpler hardware structures which operate in a sta2
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Staged Memory
Scheduler

ged fashion. The three primary functions of the memory
controller, which map to the three stages of our proposed
memory controller architecture, are:
1. Detection of basic intra-application memory characteristics (e.g., row buffer locality).
2. Prioritization across applications (CPUs and GPU) and
enforcement of policies to reflect the priorities.
3. Low-level command scheduling (e.g., activate, precharge,
read/write), enforcement of DRAM device timing constraints (e.g., tRAS , tFAW , etc.), and resolution of resource
conflicts (e.g., data bus arbitration).1
Our specific SMS implementation makes widespread use
of distributed FIFO structures to maintain a very simple implementation, but at the same time SMS can provide fast
service to low memory-intensity (likely latency-sensitive)
applications and effectively exploit row buffer locality and
bank-level parallelism for high memory-intensity (bandwidthdemanding) applications. While SMS provides a specific implementation, our staged approach for memory controller
organization provides a general framework for exploring scalable memory scheduling algorithms capable of handling the
diverse memory needs of integrated heterogeneous processing systems of the future (e.g., systems-on-chip that contain
CPUs, GPUs, and accelerators).
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Figure 3: The organization of SMS. Adapted from [14].

is initially inserted into its respective FIFO upon arrival at
the MC. A batch is simply one or more memory requests
from the same source that access the same DRAM row. That
is, all requests within a batch, except perhaps for the first
one, would be row buffer hits if scheduled consecutively. A
batch is deemed complete or ready when an incoming request
accesses a different row, when the oldest request in the batch
has exceeded a threshold age, or when the FIFO is full. Only
ready batches are considered for future scheduling by the
second stage of SMS.
Stage 2 - Batch Scheduler. The batch scheduler deals
directly with batches, and therefore does not need to worry
about optimizing for row buffer locality. Instead, the batch
scheduler focuses on higher-level policies regarding interapplication interference and fairness. The goal of this stage is
to prioritize batches from applications that are latency critical,
while making sure that bandwidth-intensive applications (e.g.,
those running on the GPU) still make good progress.
The batch scheduler considers every source FIFO (from
stage 1) that contains a ready batch. It picks one ready batch
based on either a shortest job first (SJF) or a round-robin
policy. Using the SJF policy, the batch scheduler chooses
the oldest ready batch from the source with the fewest total in-flight memory requests across all three stages of SMS.
SJF prioritization reduces average request service latency,
and it tends to favor latency-sensitive applications, which
tend to have fewer total requests [98, 99, 109, 142]. Using the
round-robin policy, the batch scheduler simply picks the next
ready batch in a round-robin manner across the source FIFOs.
This ensures that memory-intensive applications receive adequate service. The batch scheduler uses the SJF policy with
probability p and the round-robin policy with probability
1 – p. The value of p determines whether the CPU or the GPU

2. Staged Memory Scheduler Design
Overview: Our proposed Staged Memory Scheduler [14]
architecture introduces a new memory controller (MC) design that provides 1) scalability and simpler implementation
by decoupling the primary functions of an application-aware
MC into a simpler multi-stage MC, and 2) performance and
fairness improvement by reducing the interference caused by
very bandwidth-intensive applications. SMS provides these
benefits by introducing a three-stage design. The first stage
is the per-core batch formation stage, which groups requests from the same application that access the same row to
improve row buffer locality. The second stage is the batch
scheduler, which schedules batches of requests from across
different applications. The last stage is the DRAM command
scheduler, which sends requests to DRAM while satisfying all
DRAM constraints.
The staged organization of SMS lends directly to a
low-complexity hardware implementation. Figure 3 illustrates the overall hardware organization of the SMS. We briefly
discuss each stage below. Section 4 of our ISCA 2012 paper [14] includes a detailed description of each stage.
Stage 1 - Batch Formation. The goal of this stage is to
combine individual memory requests from each source into
batches of requests that are to the same row buffer entry. It
consists of several simple FIFO structures, one per source (i.e.,
a CPU core or the GPU). Each request from a given source
1 We refer the reader to our prior works [32, 33, 34, 35, 66, 67, 93, 96, 97, 98,
99, 100, 112, 113, 114, 115, 116, 120, 121, 158, 183, 184] for a detailed background
on DRAM.
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receives higher priority. When p is high, the SJF policy is
applied more often and applications with fewer outstanding
requests are prioritized. Hence, the batches of the likely less
memory-intensive CPU applications are prioritized over the
batches of the GPU application. On the other hand, when p is
low, request batches are scheduled in a round-robin fashion
more often. Hence, the memory-intensive GPU application’s
naturally-large request batches are likely scheduled more
frequently, and the GPU is thus prioritized over the CPU.
After picking a batch, the batch scheduler enters a drain
state where it forwards the requests from the selected batch
to the final stage of the SMS. The batch scheduler dequeues
one request per cycle until all requests from the batch have
been removed from the selected FIFO.
Stage 3 - DRAM Command Scheduler (DCS). DCS consists of one FIFO queue per DRAM bank. The drain state of
the batch scheduler places the memory requests directly into
these FIFOs. Note that because batches are moved into DCS
FIFOs one batch at a time, row buffer locality within a batch
is preserved within a DCS FIFO. At this point, higher-level
policy decisions have already been made by the batch scheduler. Therefore, the DCS simply issues low-level DRAM
commands, ensuring DRAM protocol compliance.
In any given cycle, DCS considers only the requests at
the head of each of the per-bank FIFOs. For each request,
DCS determines whether that request can issue a command
based on the request’s current row buffer state (e.g., is the row
buffer already open with the requested row?) and the current
DRAM state (e.g., time elapsed since a row was opened in
a bank, and data bus availability). If more than one request
is eligible to issue a command in any given cycle, the DCS
arbitrates between DRAM banks in a round-robin fashion.

formance. In order to prevent unfairness, it forms batches of
outstanding memory requests and prioritizes the oldest batch,
to avoid request starvation. To improve system throughput,
it prioritizes applications with smaller number of outstanding memory requests within a batch. However, PAR-BS has
two major shortcomings. First, batching could cause older
GPU requests and requests of other memory-intensive CPU
applications to be prioritized over latency-sensitive CPU applications. Second, as previous work [98] has also observed,
PAR-BS does not take into account an application’s long term
memory-intensity characteristics when it assigns application
priorities within a batch. This could cause memory-intensive
applications’ requests to be prioritized over latency-sensitive
applications’ requests within a batch, due to the applicationagnostic nature of batching.
Adaptive Per-Thread Least-Attained-Serviced Memory Scheduling (ATLAS). ATLAS [98] aims to improve
system performance by prioritizing requests of applications
with lower attained memory service. This improves the performance of low memory-intensity applications as they tend
to have low attained service. However, ATLAS has the disadvantage of not preserving fairness. Previous works [98, 99]
have shown that simply prioritizing applications based on
attained service leads to significant slowdown of memoryintensive applications.
Thread Cluster Memory Scheduling (TCM). TCM [99]
is a state-of-the-art application-aware cluster memory scheduler providing both high system throughput and high fairness. It groups an application into either a latency-sensitive
or a bandwidth-sensitive cluster based on the application
memory intensity. In order to achieve high system throughput and low unfairness, TCM employs a different prioritization policy for each cluster. To improve system throughput,
a fraction of total memory bandwidth is dedicated to the
latency-sensitive cluster and applications within the cluster
are then ranked based on memory intensity with the least
memory-intensive application receiving the highest priority.
On the other hand, TCM minimizes unfairness by periodically shuffling applications within the bandwidth-sensitive
cluster to avoid starvation. This approach provides both high
system performance and fairness in CPU-only systems. In
an integrated CPU-GPU system, the GPU generates a significantly larger number of memory requests compared to
the CPUs and fills up the centralized request buffer. As a
result, the memory controller lacks the visibility into CPU
memory requests to accurately determine each application’s
memory access characteristics. Without such visibility, TCM
makes incorrect and non-robust clustering decisions, which
classify some applications with high memory intensity into
the latency-sensitive cluster and vice versa. Such misclassified applications cause interference not only to low memory
intensity applications, but also to each other. Therefore, TCM
cannot always provide high system performance and high
fairness in an integrated CPU-GPU system. Increasing the

3. Qualitative Comparison with
Previous Scheduling Algorithms
In this section, we compare SMS qualitatively to previously
proposed scheduling policies and analyze the basic differences
between SMS and these policies. The fundamental difference
between SMS and previously-proposed memory scheduling
policies for CPU-only scenarios is that the latter are designed
around a single, centralized request buffer which has poor
scalability and complex scheduling logic, while SMS is built
around a decentralized, scalable framework.
First-Ready FCFS (FR-FCFS). FR-FCFS [173, 220] is a
commonly used scheduling policy in commodity DRAM systems. An FR-FCFS scheduler prioritizes requests that result in
row buffer hits over row buffer misses and otherwise prioritizes older requests. Since FR-FCFS unfairly prioritizes applications with high row buffer locality to maximize DRAM throughput, prior works [42, 45, 98, 99, 134, 137, 141, 142, 194, 195]
have observed that it has low system performance and high
unfairness.
Parallelism-Aware Batch Scheduling (PAR-BS). PARBS [142, 143] aims to improve both fairness and system per4
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Figure 4: System performance, and fairness for 7 categories of workloads (total of 105 workloads). Reproduced from [14].

Figure 5: CPUs and GPU Speedup for 7 categories of workloads (total of 105 workloads). Reproduced from [14].

request buffer size is a practical way to gain more visibility into CPU applications’ memory access characteristics.
However, this approach is not scalable as we show in our evaluations [14]. In contrast, SMS provides much better system
performance and fairness than TCM with the same number
of request buffer entries and lower hardware cost, as we show
in Section 5.

PinPoints [159] to select the representative phase. For the
GPU applications, we use an industrial GPU simulator to
collect memory requests with detailed timing information.
These requests are collected after having first been filtered
through the GPU’s internal cache hierarchy, therefore we
do not further model any caches for the GPU in our final
hybrid CPU-GPU simulation framework. More detail on our
experimental methodology is in Section 5 of our ISCA 2012
paper [14].

4. Evaluation Methodology
We use an in-house cycle-accurate simulator to perform
our evaluations. For our performance evaluations, we model
a system with sixteen x86 CPU cores and a GPU. For the
CPUs, we model three-wide out-of-order processors with a
cache hierarchy including per-core L1 caches and a shared,
distributed L2 cache. The GPU does not share the CPU caches.
In order to prevent the GPU from taking the majority of
request buffer entries, we reserve half of the request buffer
entries for the CPUs. To model the memory bandwidth of
the GPU accurately, we perform coalescing on GPU memory
requests before they are sent to the memory controller [119].
We evaluate our system with a set of 105 multiprogrammed
workloads simulated for 500 million cycles. Each workload
consists of sixteen SPEC CPU2006 benchmarks and one GPU
application selected from a mix of video games and graphics
performance benchmarks. We classify CPU benchmarks into
three categories (Low, Medium, and High) based on their memory intensities, measured as last-level cache misses per thousand instructions (MPKI). Based on these three categories,
we randomly choose sixteen CPU benchmarks from these
three categories and one randomly selected GPU benchmark
to form workloads consisting of seven intensity mixes: L (All
low), ML (Low/Medium), M (All medium), HL (High/Low),
HML (High/Medium/Low), HM (High/Medium) and H(All
high). For each CPU benchmark, we use Pin [125, 172] with

5. Experimental Results
We present the performance of five memory scheduler configurations: FR-FCFS [173, 220], ATLAS [98], PAR-BS [142],
TCM [99], and SMS [14] on the 16-CPU/1-GPU four-memorycontroller system. All memory schedulers use 300 request
buffer entries per memory controller. This size was chosen
based on empirical results, which showed that performance
does not appreciably increase for larger request buffer sizes. Results are presented in the workload categories, with
workload memory intensities increasing from left to right.
Figure 4 shows the system performance (measured as weighted speedup [50, 51]) and fairness (measured as maximum
slowdown [43, 98, 99, 194, 195, 203]) of the previously proposed algorithms and SMS. Compared to TCM, which is the
previous state-of-the-art algorithm for both system performance and fairness, SMS provides 41.2% system performance
improvement and 4.8× fairness improvement. Therefore,
we conclude that SMS provides better system performance
and fairness than all previously proposed scheduling policies, while incurring much lower hardware cost and simpler
scheduling logic, as we show in Section 5.2.
We study the performance of the CPU system and the
GPU system separately and provide two major observations
in Figure 5. First, SMS gains 1.76× improvement in CPU
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system performance over TCM. Second, SMS achieves this
1.76× CPU performance improvement while delivering similar GPU performance as the FR-FCFS baseline. The results
show that TCM (and the other algorithms) end up allocating
far more bandwidth to the GPU, at significant performance
and fairness cost to the CPU applications. SMS appropriately
deprioritizes the memory bandwidth intensive GPU application in order to enable higher CPU performance and overall
system performance, while preserving fairness. Previously
proposed scheduling algorithms, on the other hand, allow the
GPU to hog memory bandwidth and therefore significantly
degrade system performance and fairness.
We provide a more detailed analysis in Sections 6.1 and 6.2
of our ISCA 2012 paper [14].

8

high memory-intensity applications (HL, HML, HM and H
workload categories). We observe that SMS scales better as
the number of memory channels increases. As the performance gain of TCM diminishes when the number of memory
channels increases from 4 to 8 channels, SMS continues to
provide performance improvement for both CPU and GPU.
We provide a detailed scalability analysis in Section 6.3 of our
ISCA 2012 paper [14].

5.2. Power and Area
We present the power and area of FR-FCFS and SMS. We
find that SMS consumes 66.7% less leakage power than FRFCFS, which is the simplest of all of the prior memory schedulers that we evaluate. In terms of die area, SMS requires 46.3%
less area than FR-FCFS. The majority of the power and area
savings of SMS over FR-FCFS come from the decentralized
request buffer queues and simpler scheduling logic in SMS.
In comparison, FR-FCFS requires centralized request buffer
queues, content-addressable memory (CAMs), and complex
scheduling logic. Because ATLAS and TCM require more
complex ranking and scheduling logic than FR-FCFS, we expect that SMS also provides power and area reductions over
ATLAS and TCM.
We provide the following additional results in our ISCA
2012 paper [14]:
• Combined performance of CPU-GPU heterogeneous systems for different SMS configurations with different Shortest Job First (SJF) probability.
• Sensitivity analysis to SMS’s configuration parameters.
• Performance of SMS in CPU-only systems.

5.1. Scalability with Cores and
Memory Controllers
Figure 6 compares the performance and fairness of SMS
against TCM (averaged over 75 workloads)2 with the same
number of request buffers, as the number of cores is varied.
We make the following observations: First, SMS continues to
provide better system performance and fairness than TCM.
Second, the system performance gains and fairness gains
increase significantly as the number of cores and hence, memory pressure is increased. SMS’s performance and fairness
benefits are likely to become more significant as core counts
in future technology nodes increase.
Figure 7 shows the system performance and fairness of
SMS compared against TCM as the number of memory channels is varied. For this, and all subsequent results, we perform
our evaluations on 60 workloads from categories that contain

6. Related Work

2 We use 75 randomly selected workloads per core count. We could not
use the same workloads/categorizations as specified in Section 4 because
those were for 16-core systems, whereas we are now varying the number of
cores.

To our knowledge, our ISCA 2012 paper is the first to
provide a fundamentally new memory controller design for
6
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heterogeneous CPU-GPU systems in order to reduce interference at the shared off-chip main memory. There are several
prior works that reduce interference at the shared off-chip
main memory in other systems. We provide a brief discussion
of these works.

well for GPUs [22]. In view of this, prior work [213] proposes
mechanisms to reduce the complexity of FR-FCFS scheduling
for GPUs. Ausavarungnirun et al. [15] propose MeDiC, which
is a cache and memory management scheme to improve the
performance of GPGPU applications. Jeong et al. [80] propose
a QoS-aware memory scheduler that guarantees the performance of GPU applications by prioritizing memory requests
from graphics applications over those from CPU applications
until the system can guarantee that a frame can be rendered
within a given deadline, after which it prioritizes requests
from CPU applications. Jog et al. [83] propose CLAM, a memory scheduler that identifies critical memory requests and
prioritizes them in the main memory. Ausavarungnirun et
al. [17] propose a scheduling algorithm that identifies and prioritizes TLB-related memory requests in GPU-based systems,
to reduce the overhead of memory virtualization. Unlike SMS,
none of these works holistically optimize the performance
and fairness of requests when a memory controller is shared
by a CPU and a GPU.
Memory Scheduling on Emerging Systems. Recent
proposals investigate memory scheduling on emerging platforms. Usui et al. [201, 202] propose accelerator-aware memory controller designs that improve the performance of
systems that contain both CPUs and hardware accelerators.
Zhao et al. [216] decouple the design of a memory controller for persistent memory into multiple stages. These works
build upon principles for heterogeneous system memory scheduling that were first proposed in SMS.

6.1. Memory Partitioning Techniques
Instead of mitigating the interference problem between
applications by scheduling requests at the memory controller, Awasthi et al. [18] propose a mechanism that spreads
data in the same working set across memory channels in
order to increase memory level parallelism. Memory channel
partitioning (MCP) [137] maps applications to different memory channels based on their memory intensities and row
buffer locality, to reduce inter-application interference. Mao
et al. [128] propose to partition GPU channels and allow only
a subset of threads to access each memory channel. In addition to channel partitioning, several works [74, 122, 210]
also propose to partition DRAM banks to improve performance. These partitioning techniques are orthogonal to our
proposals, and can be combined with SMS to improve the
performance of heterogeneous CPU-GPU systems.

6.2. Memory Scheduling Techniques
Memory Scheduling on CPUs. Numerous prior works
propose memory scheduling algorithms for CPUs that improve system performance. The first-ready, first-come-firstserve (FR-FCFS) scheduler [173, 220] prioritizes requests that
hit in the row buffer over requests that miss in the row buffer,
with the aim of reducing the number of times rows must be
activated (as row activation incurs a high latency). Several
memory schedulers improve performance beyond FR-FCFS by
identifying critical threads in multithreaded applications [47],
using reinforcement learning to identify long-term memory
behavior [79, 136], prioritizing memory requests based on
the criticality (i.e., latency sensitivity) of each memory request [57, 123, 211], distinguishing prefetch requests from
demand requests [109, 111], or improving the scheduling of
memory writeback requests [110, 182, 193]. While all of these
schedulers increase DRAM performance and/or throughput,
many of them introduce fairness problems by under-servicing
applications that only infrequently issue memory requests.
To remedy fairness problems, several application-aware memory scheduling algorithms [98,99,135,141,142,194,195,197]
use information on the memory intensity of each application
to balance both performance and fairness. Unlike SMS, none
of these schedulers consider the different needs of CPU memory requests and GPU memory requests in a heterogeneous
system.
Memory Scheduling on GPUs. Since GPU applications
are bandwidth intensive, often with streaming access patterns, a policy that maximizes the number of row buffer hits
is effective for GPUs to maximize overall throughput. As a
result, FR-FCFS with a large request buffer tends to perform

6.3. Other Related Works
DRAM Designs. Aside from memory scheduling and memory partitioning techniques, previous works propose new
DRAM designs that are capable of reducing memory latency
in conventional DRAM [9, 10, 31, 32, 33, 34, 36, 63, 69, 72, 90, 100,
112,113,114,115,116,126,132,155,166,177,187,190,208,218] and
non-volatile memory [102, 105, 106, 107, 130, 131, 170, 171, 212].
Previous works on bulk data transfer [30, 34, 59, 60, 75, 81, 86,
124,180,183,215,217] and in-memory computation [7,8,11,19,
25, 26, 44, 52, 54, 55, 56, 58, 61, 70, 71, 87, 94, 101, 127, 157, 160, 161,
168, 181, 184, 185, 192, 198, 214] can be used improve DRAM
bandwidth. Techniques to reduce the overhead of DRAM
refresh [5, 6, 20, 24, 95, 118, 121, 146, 156, 169, 204] can be applied to improve the performance of GPU-based systems. Data
compression techniques [162, 163, 164, 165, 205] can also be
used on the main memory to increase the effective available
DRAM bandwidth. All of these techniques can mitigate the
performance impact of memory interference and improve the
performance of GPU-based systems. They are orthogonal
to, and can be combined with, SMS to further improve the
performance of heterogeneous CPU-GPU systems.
Previous works on data prefetching [12, 21, 29, 39, 41, 46, 48,
49, 64, 65, 73, 84, 85, 104, 108, 109, 111, 138, 140, 144, 148, 186, 191]
can also be used to mitigate high DRAM latency. However,
7
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these techniques generally increase DRAM bandwidth utilization, which can lead to lower GPU performance.
Other Ways to Improve Performance on Systems
with GPUs. Other works have proposed various methods
of decreasing memory divergence. These methods range
from thread throttling [88, 89, 103, 174] to warp scheduling [117, 129, 147, 174, 175, 219]. While these methods share
our goal of reducing memory divergence, none of them exploit inter-warp heterogeneity and, as a result, are orthogonal
or complementary to our proposal. Our work also makes new
observations about memory divergence that are not covered
by these works.

of SMS can be extended to provide deadline-aware memory
scheduling for accelerators within heterogeneous systems.
Even though the mechanisms proposed in our ISCA 2012
paper [14] aim to minimize the slowdown caused by interference, they do not provide actual performance guarantees.
However, we believe it is possible to combine principles from
SMS with prediction mechanisms for memory access latency
(e.g., [91,92,196,197] to provide hard performance guarantees
for real-time applications, while still ensuring fairness for all
applications executing on the heterogeneous system.
Memory Scheduling for Concurrent GPGPU Applications. While SMS allows CPU applications and graphics
applications to share DRAM more efficiently, we assume that
there is only a single GPU application running at any given
point in time. Recent works [16, 82] propose methods to
efficiently share the same GPU across multiple concurrentlyexecuting GPGPU applications. We believe that the techniques and observations provided in our ISCA 2012 paper [14]
can be applied to reduce the memory interference induced by
additional GPGPU applications. Furthermore, as concurrent
GPGPU application execution becomes more widespread, the
concepts of SMS can be extended to provide prioritization
and fairness across multiple GPGPU applications.
Our analysis of memory interference in heterogeneous
systems, and our new Staged Memory Scheduler, have inspired a number of subsequent works. These works include
significant research on predictable and/or deadline-aware
memory scheduling [91, 92, 194, 195, 197, 201, 202, 216], and
on other memory scheduling algorithms for heterogeneous
systems [161, 201, 202, 207].

7. Significance and Long-Term Impact
SMS exposes the need to redesign components of the memory subsystem to better serve integrated CPU-GPU systems. Systems-on-chip (SoCs) that integrate CPUs and
GPUs on the same die are growing rapidly in popularity
(e.g., [37, 133, 152, 153]), due to their high energy efficiency
and lower costs compared to discrete CPUs and GPUs. As
a result, SoCs are commonly used in mobile devices such as
smartphones, tablets, and laptops, and are being used in many
servers and data centers. We expect that as more powerful
CPUs and GPUs are integrated in SoCs, and as the workloads
running on the CPUs/GPUs become more memory-intensive,
SMS will become even more essential to alleviate the shared
memory subsystem bottleneck.
The observations and mechanisms in our ISCA 2012 paper [14] expose several future research problems. We briefly
discuss two future research areas below.
Interference Management in Emerging Heterogeneous Systems. Our ISCA 2012 paper [14] considers heterogeneous systems where a CPU executes various generalpurpose applications while the GPU executes graphics workloads. Modern heterogeneous systems contain an increasingly diverse set of workloads. For example, programmers
can use the GPU in an integrated CPU-GPU system to execute
general-purpose applications (known as GPGPU applications). GPGPU applications can have significantly different
access patterns from graphics applications, requiring different memory scheduling policies (e.g., [15, 17, 83]). Future
work can adapt the mechanisms of SMS to optimize the performance of GPGPU applications.
Many heterogeneous systems are being deployed in mobile
or embedded environments, and must ensure that memory
requests from some or all of the components of the heterogeneous system meet real-time deadlines [91, 92, 201, 202].
Traditionally, applications with real-time deadlines are executed using embedded cores or fixed-function accelerators,
which are often integrated into modern SoCs. We believe that
the observations and mechanisms in our ISCA 2012 paper [14]
can be used and extended to ensure that these deadlines are
met. Recent works [201, 202] have shown that the principles

8. Conclusion
While many advancements in memory scheduling policies
have been made to deal with multi-core processors, the integration of GPUs on the same chip as the CPUs has created new
system design challenges. Our ISCA 2012 paper [14] demonstrates how the inclusion of GPU memory traffic can cause
severe difficulties for existing memory controller designs in
terms of performance and especially fairness. We propose a
new approach, Staged Memory Scheduler, which delivers superior performance and fairness for integrated CPU-GPU systems compared to state-of-the-art memory schedulers, while
providing a design that is significantly simpler to implement
(thus improving the scalability of the memory controller).
The key insight behind simplifying the implementation of
SMS is that the primary functions of sophisticated memory
controller algorithms can be decoupled. As a result, SMS
proposes a multi-stage memory controller architecture. We
show that SMS significantly improves the performance and
fairness in integrated CPU-GPU systems. We hope and expect that our observations and mechanisms can inspire future
work in memory system design for existing and emerging
heterogeneous systems.
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a memory request by hundreds or even thousands of nanoseconds [16, 37, 66, 129]. In particular, bank conflicts cause
three specific problems that degrade the access latency, bandwidth utilization, and energy efficiency of the main memory
subsystem:
1. Serialization. Bank conflicts serialize requests that could
potentially have been served in parallel. Such serialization
exacerbates the already large latency of a memory access,
and may cause processor cores to stall for much longer.
2. Write Recovery. A request scheduled after a write request to the same bank experiences an extra delay called
the write recovery penalty, which is an additional time required to safely store new data in the cells. This write
recovery latency further aggravates the impact of serialization.
3. Row Buffer Thrashing. Each bank has a row buffer that
caches the last accessed row. A request that hits in the row
buffer is much cheaper in terms of both latency and energy
than a request that misses in the row buffer. However, bank
conflicts between requests that access different rows lead
to costly row buffer misses.
A naive solution to bank conflicts is to increase the number
of banks. Unfortunately, as we discuss in Section 1 of our
ISCA 2012 paper [66], simply adding more banks to the memory subsystem comes at significantly high costs or reduced
performance regardless of the way it is done: more banks per
chip, more ranks per channel, or more channels.1
The goal in our ISCA 2012 paper [66] is to mitigate such
detrimental effects of bank conflicts in a cost-effective manner.
Toward that end, we make two key observations that lead to
our proposed solutions.
Observation 1. A modern DRAM bank is not implemented as a monolithic component equipped with only a single
row buffer. Implementing a DRAM bank in such a way requires very long internal wires (called bitlines) to connect the
row buffer to all the rows in the bank, which can significantly
increase the access latency. Instead, as Figure 1b shows, a
bank consists of multiple subarrays, each with its own local
row buffer. Subarrays within a bank share two important
global structures: i) a global row address decoder, and ii) a
global row buffer.

This paper summarizes the idea of Subarray-Level Parallelism (SALP) in DRAM, which was published in ISCA 2012 [66],
and examines the work’s significance and future potential. Modern DRAMs have multiple banks to serve multiple memory
requests in parallel. However, when two requests go to the same
bank, they have to be served serially, exacerbating the high
latency of off-chip memory. Adding more banks to the system
to mitigate this problem incurs high system cost. Our goal in
this work is to achieve the benefits of increasing the number of
banks with a low-cost approach. To this end, we propose three
new mechanisms, SALP-1, SALP-2, and MASA (Multitude of
Activated Subarrays), to reduce the serialization of different
requests that go to the same bank. The key observation exploited by our mechanisms is that a modern DRAM bank is
implemented as a collection of subarrays that operate largely
independently while sharing few global peripheral structures.
Our three proposed mechanisms mitigate the negative impact
of bank serialization by overlapping different components of the
bank access latencies of multiple requests that go to different
subarrays within the same bank. SALP-1 requires no changes
to the existing DRAM structure, and needs to only reinterpret
some of the existing DRAM timing parameters. SALP-2 and
MASA require only modest changes (< 0.15% area overhead)
to the DRAM peripheral structures, which are much less design
constrained than the DRAM core. Our evaluations show that
SALP-1, SALP-2 and MASA significantly improve performance
for both single-core systems (7%/13%/17%) and multi-core systems (15%/16%/20%), averaged across a wide range of workloads.
We also demonstrate that our mechanisms can be combined
with application-aware memory request scheduling in multicore systems to further improve performance and fairness.
Our proposed technique has enabled significant research in
the use of subarrays for various purposes (e.g., [15,16,21,37,76,78,
84, 87, 128, 129, 130, 135, 156, 159]). SALP has also been described
and evaluated by a recent work by Samsung and Intel [54] as a
promising mechanism to tolerate long write latencies that are a
result of aggressive DRAM technology scaling.

1. Introduction
To be able to serve multiple memory requests in parallel, modern DRAM chips employ multiple banks that can be
accessed independently, providing bank level parallelism. Unfortunately, if two memory requests go to the same bank,
they have to be served one after another. This is called a
bank conflict. In the worst case, bank conflicts may delay

1 We refer the reader to our prior works [14, 15, 16, 17, 37, 38, 61, 62, 63,
64, 65, 66, 75, 76, 77, 78, 79, 80, 81, 115, 129, 130] for a detailed background on
DRAM.
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existing DRAM structure. It only requires reinterpretation
of an existing timing constraint (tRP) and, potentially, the
addition of a new timing constraint (which we describe in
Section 5.1 of our ISCA 2012 paper [66]). Figure 3 (top) shows
the timeline of the same four requests from Figure 2 when we
use SALP-1 instead of our Baseline. As the timeline shows,
overlapping the precharge operation reduces the overall time
needed to complete the four requests.
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Figure 1: DRAM bank organization. Adapted from [66].

2.2. SALP-2: Subarray-Level-Parallelism-2
While SALP-1 pipelines the precharging and activation of
different subarrays, the relative ordering between the two
commands is still preserved. This is because existing DRAM
banks do not allow two subarrays to be activated at the same
time. As a result, the write-recovery latency of an activated
subarray delays not only a PRECHARGE to itself, but also a
subsequent ACTIVATE to another subarray. Based on the observation that the write-recovery latency is also local to a
subarray, we propose SALP-2. SALP-2 issues the ACTIVATE
to another subarray before the PRECHARGE to the currentlyactivated subarray. As a result, SALP-2 can overlap the write
recovery of the currently-activated subarray with the activation of another subarray, further reducing the service time
compared to SALP-1 (as shown in the middle timeline of
Figure 3).
However, as highlighted in the figure, SALP-2 requires
two subarrays to remain activated at the same time. This
is not possible in existing DRAM banks as the global rowaddress latch, which determines the wordline in the bank
that is raised, is shared by all of the subarrays. Section 5.2 of
our ISCA 2012 paper [66] discusses how to enable SALP-2 by
eliminating this sharing. The key idea is to push the global
address latch to each subarray, thereby creating local address
latches, one per subarray.

Observation 2. The latency of a bank access predominantly consists of three major components: i) loading a row
into the local row buffer (activation), ii) accessing the data
from the local row buffer (read or write), and iii) clearing the
local row buffer (precharging) [14, 37, 38, 66, 76, 77, 78]. In existing DRAM banks, all three operations must be completed
for one request before serving another request to a different
row, even if the two rows reside in different subarrays. However, this does not need to be the case for two reasons. First,
activation and precharging are mostly local to each subarray,
which enables the opportunity to overlap these operations
when they are to different subarrays. Second, if we reduce
the sharing of the global structures among subarrays, we can
parallelize the concurrent activation of different subarrays.
Doing so would allow us to exploit the existence of multiple
local row buffers across the subarrays, enabling more than
just a single row to be cached for each bank and thereby
increasing the row buffer hit rate.

2. Subarray-Level Parallelism
Subarray-Oblivious Baseline. Let us consider the baseline example shown in Figure 2, which presents a timeline
of four memory requests being served at the same bank in
a subarray-oblivious manner. This example highlights the
three key problems that we discussed in Section 1. First, requests are completely serialized, even though they are to
different subarrays. Second, although the write-recovery penalty is local to a subarray, it delays a subsequent request to
a different subarray. Third, a request to one subarray unnecessarily evicts (i.e., precharges) the other subarray’s local
row buffer, which must be reloaded (i.e., activated) when a
future request accesses the evicted row. In this section, we
describe how SALP-1, SALP-2 and MASA can take an advantage of the DRAM bank organization to enable parallel
DRAM operations in a cost-effective manner.

2.3. MASA: Multitude of Activated Subarrays
Although SALP-2 allows two subarrays within a bank to be
activated, it requires the controller to precharge one of them
before issuing a column command (e.g., READ) to the bank.
This is because when a bank receives a column command, all
activated subarrays in the bank will connect their local row
buffers to the global bitlines. If more than one subarray is
activated, this will result in a short circuit. As a result, SALP2 cannot allow multiple subarrays to concurrently remain
activated and serve column commands.
To solve this, we propose MASA, whose key idea is to allow
multiple subarrays to be activated at the same time, while allowing the memory controller to designate exactly one of the
activated subarrays to drive the global bitlines during the next
column command. MASA has two advantages over SALP-2.
First, MASA overlaps the activation of different subarrays
within a bank. Just before issuing a column command to any
of the activated subarrays, the memory controller designates
one particular subarray whose row buffer should serve the column command. Second, MASA eliminates extra ACTIVATEs

2.1. SALP-1: Subarray-Level-Parallelism-1
We observe that precharging and activation are mostly
local to a subarray. Based on this observation, we propose
SALP-1, which overlaps the precharging of one subarray
with the activation of another subarray. In contrast, existing
systems always serialize precharging and activation to the
same bank, conservatively provisioning for when they are
to the same subarray. SALP-1 requires no modifications to
2
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❶ Serialization
ACT W tWR PRE

❸ Row-Buffer Thrashing
ACT R PRE
time
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Row512@ Subarray1

ACT R PRE

time

❷ Write-Recovery
Figure 2: Timeline of four requests to two different rows in the same bank. Adapted from [66].

Row512@

Row512@

Row512@
Figure 3: Timeline of four requests to two different rows in the same bank but different subarrays, using our mechanisms to
exploit subarray-level parallelism. Adapted from [66].

to the same row, thereby mitigating row buffer thrashing.
This is because the local row buffers of multiple subarrays
can remain activated at the same time without experiencing
collisions on the global bitlines. As a result, MASA further
improves performance compared to SALP-2, as shown in the
bottom timeline of Figure 3.
MASA: Overhead. To designate one of the multiple
activated subarrays, the controller needs a new command,
SA_SEL (subarray-select). In addition to the changes required
by SALP-2, MASA requires a single-bit latch per subarray to
denote whether a subarray is designated or not. According to
our detailed circuit-level analysis, MASA increases the DRAM
die-size by only 0.15% (due to extra latches) and the static
power consumption by only ∼1% (each additional activated
subarray consumes 0.56mW). Also, the memory controller
needs less than 256 bytes to track the status of subarrays
across all DRAM banks. We discuss a detailed implementation of MASA, along with its overhead, in Section 5.3 of our
ISCA 2012 paper [66].

each DRAM command, derived using Micron’s DDR3 DRAM
tool [93], Rambus’ DRAM power model [123], and previously
published data [150].
We evaluate SALP-1, SALP-2, and MASA on a wide variety of workloads [39, 41, 89, 146] and system configurations [45,46,134,143]. The results shown in Section 4 are based
on the conservative assumption that a DRAM bank exposes only 8 subarrays to be exploited by our subarray-level
parallelism mechanisms, whereas in practice the number of
subarrays in current DRAM banks is typically much higher
(∼64). Section 9.2 of our ISCA 2012 paper [66] shows that the
performance improvement of our three mechanisms over a
subarray-oblivious baseline increases with a greater number
of subarrays.
For our full methodology, we refer the reader to Section 8
of our ISCA 2012 paper [66].

4. Evaluation
Figure 4 shows the performance improvement of SALP-1,
SALP-2, and MASA on a system with 8 subarrays-per-bank
over a subarray-oblivious baseline. The figure also shows
the performance improvement of an “Ideal” scheme which is
the subarray-oblivious baseline with 8 times as many banks
(this represents a system where all subarrays are fully independent). The benchmarks are sorted along the x-axis by
increasing memory intensity. We make two observations
from the figure. First, SALP-1, SALP-2, and MASA consistently perform better than the baseline for all benchmarks.

3. Experimental Methodology
We evaluate our three mechanisms for subarray-level parallelism using Ramulator [62, 124], an open-source cycleaccurate DRAM simulator that we developed which accurately models DRAM subarrays. We use Ramulator as part
of a cycle-level in-house x86 multi-core simulator, whose
front-end is based on Pin [85]. We calculate DRAM dynamic energy consumption by associating an energy cost with
3
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On average, they improve the average performance by 6.6%,
13.4%, and 16.7%, respectively. Second, MASA captures most
of the benefits of “Ideal,” which improves performance by
19.6% compared to baseline.
The difference in performance improvement across benchmarks can be explained by a combination of three factors related to the benchmarks’ individual memory access behavior.
First, subarray-level parallelism in general is most beneficial for memory-intensive benchmarks that frequently access
memory (e.g., the benchmarks located towards the right of
Figure 4). By increasing the memory throughput for such
applications, subarray-level parallelism significantly alleviates their memory bottleneck. The average memory intensity
of the applications that gain >5% performance with SALP-1
is 18.4 MPKI (last-level cache misses per kilo-instruction),
compared to 1.14 MPKI for the other applications.
Second, the advantage of SALP-2 is large for applications
that are write-intensive (i.e., those with the most write misses per kilo-instruction, or WMPKI). For such applications,
SALP-2 can overlap the long write-recovery latency with the
activation of a subsequent access. In Figure 4, the three applications that improve more than 38% with SALP-2 are among
both the most memory-intensive (>25 MPKI) and the most
write-intensive (>15 WMPKI).
Third, MASA is beneficial for applications that experience
frequent bank conflicts. For such applications, MASA parallelizes accesses to different subarrays by concurrently activating multiple subarrays (ACTIVATE) and allowing the application to switch between the activated subarrays at low cost
(SA_SEL). Therefore, the subarray-level parallelism offered by
MASA can be gauged by the SA_SEL-to-ACTIVATE ratio. For
the nine applications that benefit more than 30% from MASA,
on average, one SA_SEL was issued for every two ACTIVATEs,
compared to one-in-seventeen for all other applications. For a
few benchmarks, MASA performs slightly worse than SALP-2.
This is because the baseline scheduling algorithm used with
MASA tries to overlap as many ACTIVATEs as possible, and in
the process inadvertently delays the column command of the
most critical request. This delay to the most critical request
slightly degrades performance for these benchmarks.2
Energy Efficiency. We focus on the energy efficiency of
MASA. MASA utilizes multiple local row buffers across subarrays and increases the chance that an access will hit in a
local row buffer. Specifically, MASA increases the row buffer
hit rate by an average of 12.8% across 32 benchmarks. A row
buffer hit not only has a lower access latency, but also consumes less energy, since it does not require the power-hungry
operations of activation and, to a lesser degree, precharging.
Consequently, MASA reduces the dynamic energy consumption by 18.6% as shown in Figure 5.
Our ISCA 2012 paper [66] provides a detailed evaluation
of SALP-1, SALP-2, and MASA, including:

• Sensitivity studies to (1) the number of channels (1–8),
ranks (1–8), banks (8–64), and subarrays per bank (1–128)
in the memory system; (2) the mapping policy (row-/lineinterleaved); and (3) an open-row or closed-policy (Sections 9.2 and 9.3 of [66]).
• Multi-core results using an application-aware memory scheduling algorithm, where we show significant performance
improvements (Section 9.3 of [66]).
• An analysis of the power and area overhead at both the
DRAM chip and the memory controller (Section 6 of [66]).

5. Related Work
To our knowledge, our ISCA 2012 paper [66] is the first to
exploit the existence of subarrays within a DRAM bank and
enable their parallel operation in a cost-effective manner. We
propose three schemes that exploit the existence of subarrays
within DRAM banks to mitigate the negative effects of bank
conflicts. Related works propose increasing the performance
and energy-efficiency of DRAM through approaches such
as DRAM module reorganization, changes to DRAM chip
design, and memory controller optimizations. We briefly
discuss these works here.
DRAM Module Reorganization. Several prior works [3,
4, 151, 164] partition a DRAM rank and the DRAM data bus
into multiple rank subsets, each of which can be operated
independently. While these techniques increase parallelism,
they reduce the width of the data bus of each rank subset,
leading to longer latencies to transfer a 64 byte cache line.
Furthermore, having many rank subsets requires a correspondingly large number of DRAM chips to compose a DRAM
rank, an assumption that does not hold in mobile DRAM
systems where a rank may consist of as few as two chips [95].
Unlike these works, our mechanisms increase memory-level
parallelism [72, 100, 101, 105, 107, 108, 120] without increasing
memory latency or the number of DRAM chips.
Changes to DRAM Design. Cached DRAM organizations, which have been widely proposed [25, 36, 40, 44, 56,
110, 125, 152, 161], augment DRAM chips with an additional
SRAM cache that can store recently accessed data in order
to reduce memory access latency. However, these proposals
increase the chip area and design complexity of DRAM designs. Furthermore, cached DRAM provides parallelism only
when accesses hit in the SRAM cache, while serializing cache
misses that access the same DRAM bank. Our schemes parallelize DRAM bank accesses while incurring significantly
lower area and logic complexity.
Fujitsu’s FCRAM [126] and Micron’s RLDRAM [57] propose to implement shorter local bitlines (i.e., fewer cells per
bitline) that are quickly drivable due to their lower capacitance in order to reduce DRAM latency. However, this significantly increases the DRAM die size (30-40% for FCRAM, 4080% for RLDRAM) because the large area of sense-amplifiers
is amortized over a smaller number of cells. Hybrid memory
systems can reduce the die size overhead by using a small
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one benchmark, MASA performs slightly better than “Ideal” due
to interactions with the scheduler.
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Figure 4: IPC improvement of SALP-1, SALP-2, MASA, and an ideal mechanism over the subarray-oblivious baseline. Reproduced from [66].
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the number of costly data movements between CPU cores
and DRAM. All these works can benefit from SALP as the
underlying memory substrate.
Memory Controller Optimizations. To reduce bank
conflicts and increase row buffer locality, Zhang et al. [160]
propose to randomize the bank address of memory requests
by XOR hashing. Sudan et al. [142] propose to improve row
buffer locality by placing frequently-referenced data from different rows together in the same row buffer. Both proposals
can be combined with our mechanisms to further improve
parallelism and row buffer locality.
Prior works propose memory scheduling algorithms for
CPUs (e.g., [24, 31, 48, 58, 59, 64, 65, 72, 73, 74, 82, 96, 97, 98, 99,
106, 107, 111, 137, 138, 139, 140, 141, 153, 162]), GPUs (e.g., [7,
8, 20, 50, 52]), and other systems (e.g., [148, 149, 162]) that
prioritize certain favorable requests in the memory controller
to improve system performance and/or fairness. Subarrays
expose more parallelism to the memory controller, increasing
the controller’s flexibility to schedule requests. Our subarraylevel parallelism mechanisms can be combined with many of
these schedulers to provide increased performance benefits.
Enabling higher benefit from SALP by designing SALP-aware
memory scheduling algorithms is a promising open research
topic.

amount of FCRAM [126] or RLDRAM [57] in conjunction
with conventional DRAM and managing which subset of the
data resides in FCRAM/RLDRAM at any given time to lower
the latency of memory accesses.
A patent by Qimonda [113] proposes the high-level notion of separately addressable sub-banks, but lacks concrete
mechanisms for exploiting the independence between subbanks. Yamauchi et al. propose the Hierarchical Multi-Bank
(HMB) [154], which parallelizes accesses to different subarrays in a fine-grained manner. However, this scheme adds
complex logic to all subarrays.
Udipi et al. [147] propose two techniques (SBA and SSA) to
lower DRAM power. In SBA, global wordlines are segmented
and controlled separately so that tiles in the horizontal direction are not activated in lockstep, but selectively. However,
this increases DRAM chip area by 12-100% [147]. SSA combines SBA with chip-granularity rank-subsetting to achieve
even higher energy savings. Both SBA and SSA increase
DRAM latency, more significantly so for SSA (due to ranksubsetting).
When transitioning from serving a write request to serving
a read request, and vice versa [18, 73, 137], a DRAM chip
experiences bubbles in the data bus, called the bus-turnaround
penalty (tWTR and tRTW). During the bus turnaround penalty,
Chatterjee et al. [18] propose to internally “prefetch” data for
subsequent read requests into extra registers that are added
to the DRAM chip.
Other works propose new DRAM designs that are capable of reducing memory latency of conventional DRAM [3,
4, 14, 16, 19, 36, 40, 44, 56, 75, 76, 77, 78, 79, 86, 94, 112, 118, 126,
133, 135, 151, 164] as well as non-volatile memory [68, 69, 70,
71, 90, 91, 121, 122, 155]. Previous works on bulk data transfer [13,16,33,34,47,51,53,84,127,129,158,163] and in-memory
computation [1, 2, 5, 9, 11, 12, 23, 26, 27, 28, 29, 30, 32, 35, 42, 43,
55, 60, 67, 88, 114, 116, 117, 119, 128, 130, 131, 132, 136, 144, 157]
can be used improve DRAM bandwidth utilization and lower

6. Significance and Long-Term Impact
We believe SALP will have long-term impact because: i) it
tackles a critical problem, bank conflicts and memory parallelism, whose importance will increase in the future; and ii)
the memory substrate it provides can further be leveraged to
enable other novel optimizations in the memory subsystem.
In fact, as Section 6.2 shows, there has been a significant
amount of work that built upon our ISCA 2012 paper in the
past six years.

6.1. Trends and Opportunities in Favor of SALP
Worsening Bank Conflicts. Future many-core systems
with large numbers of cores and accelerators (e.g., bandwidthhungry GPUs) will exert increasingly larger amount of pressure on the memory subsystem. On the other hand, naively
adding more DRAM banks is difficult without incurring high
costs, high energy or reduced performance. Therefore, as
more and more memory requests contend to access a limited
5
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er of banks, bank conflicts will occur with increasing likelihood and severity. SALP is a cost-effective mechanism to
alleviate the bank conflict problem by exploiting the existing
subarrays in DRAM at low cost.

New Research Opportunities. SALP creates new opportunities for exploiting and enhancing the parallelism and the
locality of the memory subsystem.
• Enhancing Memory-Level Parallelism. To tolerate the long
latency of DRAM, computer architects often design mechanisms that perform multiple memory requests in a concurrent manner [72, 100, 101, 105, 107, 108, 120, 145]. Such
efforts may become ineffective when requests access the
same DRAM bank and, as a consequence, are not actually
served in parallel [107]. SALP, on the other hand, parallelizes requests to different subarrays within the same bank. In
this regard, we believe SALP not only enhances previous
approaches to memory-level parallelism, but also creates
opportunities for developing new techniques that preserve
memory-level parallelism in a subarray-aware manner.
• Enhancing Memory Locality. Memory access patterns that
exhibit high locality benefit greatly from a DRAM bank’s
row buffer where the last accessed row is cached (4–8kB).
While a DRAM bank has multiple row buffers across multiple subarrays, an existing DRAM system exposes only one
row buffer at a time in a bank and, as a result, is prone to
row buffer thrashing. In contrast, SALP allows a DRAM
bank to utilize multiple row buffers concurrently. This
enables the opportunity for new techniques that can take
advantage of the multiple row buffers, whether they be
for streaming/strided accesses (demand or prefetch), vector
processing, or GPUs.

Challenges in DRAM Scaling. DRAM process scaling
is becoming more difficult due to increased manufacturing
complexity/cost and reduced cell reliability [6, 49, 54, 63, 102,
103, 104, 109]. As a result, it is critical to examine alternative
ways of improving memory performance while still maintaining low cost. SALP is a new cost-effective DRAM design
whose advantages are mostly orthogonal to the advantages of
DRAM process scaling. Therefore, SALP can further improve
the performance and the energy-efficiency of future DRAM.
In fact, a recent industry proposal to enhance the DDR standard incorporates one of our SALP mechanisms [54]. This
work by Samsung and Intel quantitatively shows that SALP is
an effective mechanism to tolerate increasing write latencies
in DRAM, corroborating the results in our ISCA 2012 paper
on SALP-2.
A Building Block for New Optimizations. SALP enables new DRAM optimizations that were not possible before. We discuss three potential examples. First, exploiting
subarray-level parallelism can potentially mitigate DRAM
unavailability during refresh by parallelizing refreshes in one
subarray with accesses to another subarray within the same
bank. Work by Chang et al. [15], which builds on our ISCA
2012 paper, shows that such parallelization can eliminate
most of the performance overhead of refresh. Second, subarrays provide an additional degree of freedom in mapping
the physical address space onto different levels of the DRAM
hierarchy (channels, ranks, banks, subarrays, rows, columns).
Thus, they enable more flexibility in performance and energy
optimization via data mapping. Third, DRAM can be divided
among different applications (to provide quality-of-service)
at the finer-grained partitions of subarrays that are less vulnerable to capacity and bandwidth fragmentation. As we
discuss, some research has explored these approaches (also
see Section 6.2). We expect even more future research will tap
into these and other opportunities that can use our proposed
SALP substrate as a building block for other optimizations.

6.2. Works Building on SALP
The introduction of the notion of subarrays and their
microarchitecture has enabled the use of the subarrays
in many works. These include RowClone [129], TLDRAM [78], DSARP [15], DIVA-DRAM [76], LISA [16],
ChargeCache [37], Multiple Clone Row DRAM [21], Ambit [128, 130], ERUCA [87], and other works on improving
DRAM [84, 135, 156, 159]. Some of these works exploit subarray level parallelism, e.g., DSARP [15] reduces the overhead
of a DRAM refresh by decoupling independent subarrays
from the subarray that is being refreshed. This decoupling
allows DRAM to service memory accesses while a subarray
is being refreshed. Others make changes to subarrays to improve an aspect, e.g., TL-DRAM [78] creates two different
latency regions in a subarray to improve DRAM latency at
low cost.

Widely Applicable Substrate. SALP is a generalpurpose substrate that is also applicable to embedded DRAM
(eDRAM) [10] and 3D die-stacked DRAM (3D-DRAM), both
of which consist of subarrays [75, 83]. For example, eDRAM
is known to be vulnerable to the write-recovery penalty [22],
since it is typically used as the last-level cache and thus exposed to higher amounts of write traffic. SALP can increase
the availability of eDRAM by hiding the write-recovery penalty. In addition, SALP may be applied to future emerging
memory technologies as long as their banks are organized
hierarchically [69, 92], similar to how a DRAM bank consists
of subarrays.

7. Conclusion
Our ISCA 2012 paper [66] introduces three new mechanisms that exploit the existence of subarrays within a DRAM
bank to mitigate the performance impact of bank conflicts.
Our mechanisms are built on the key observation that subarrays within a DRAM bank operate largely independently and
have their own row buffers. Hence, the latencies of accesses
to different subarrays within the same bank can potentially
be overlapped to a large degree. Our three mechanisms take
6
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advantage of this fact and progressively increase the independence of operation of subarrays by making small modifications to the DRAM chip. Our most sophisticated scheme,
MASA, enables i) multiple subarrays to be accessed in parallel, and ii) multiple row buffers to remain activated at the
same time in different subarrays, thereby improving both
memory-level parallelism and row buffer locality. We show
that our schemes significantly improve system performance
on both single-core and multi-core systems on a variety of
workloads while incurring little (<0.15%) or no area overhead
in the DRAM chip. Our techniques can also improve memory
energy efficiency.
We conclude that exploiting subarray-level parallelism in
a DRAM bank can be a promising and cost-effective method
for overcoming the negative effects of DRAM bank conflicts,
without paying the large cost of increasing the number of
banks in the DRAM system. Significant recent work has
built upon our ISCA 2012 paper, and we expect many other
new works can exploit the new substrate we have enabled to
achieve even bigger goals and higher benefits.
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device, modern memory controllers issue a number of refresh
commands that are evenly distributed throughout the refresh
interval [38, 40, 73, 74, 93]. Each refresh command refreshes a
small number of rows.1 The two common refresh methods
of today differ in where in the DRAM hierarchy the rows
refreshed by a refresh command reside.
In all-bank refresh ( REFab ), employed by both commodity
DDR and LPDDR DRAM chips, a refresh command operates
at the rank level: it refreshes a number of rows in all banks
of a rank concurrently. This causes every bank within a rank
to be unavailable to serve memory requests until the refresh
command is complete. Therefore, it degrades performance
significantly [4, 17, 74, 88, 93, 96, 115].
An alternative method is to perform refresh operations
at the bank level, called per-bank refresh ( REFpb ), which is
currently supported in LPDDR DRAM used in mobile platforms [40]. In contrast to REFab , REFpb enables a bank to be
accessed while another bank is being refreshed, alleviating
part of the negative performance impact of refresh. Figure 1
shows pictorially how REFpb provides performance benefits
over REFab from parallelization of refreshes and reads. REFpb
reduces refresh interference on reads by issuing a refresh to
Bank 0 while Bank 1 is serving reads. Subsequently, it refreshes Bank 1 while allowing Bank 0 to serve a read. As a result,
Bank0 part of the performance
READ
Time
REFpb alleviates
loss due to refreshes
No-Refresh
by enabling
parallelization
Bank1
READ
READ of refreshes and accesses across
Time
banks.

This article summarizes the idea of “refresh–access parallelism,” which was published in HPCA 2014 [17], and examines
the work’s significance and future potential. The overarching
objective of our HPCA 2014 paper is to reduce the significant
negative performance impact of DRAM refresh with intelligent
memory controller mechanisms.
To mitigate the negative performance impact of DRAM refresh, our HPCA 2014 paper proposes two complementary mechanisms, DARP (Dynamic Access Refresh Parallelization) and
SARP (Subarray Access Refresh Parallelization). The goal is
to address the drawbacks of state-of-the-art per-bank refresh
mechanism by building more efficient techniques to parallelize
refreshes and accesses within DRAM. First, instead of issuing
per-bank refreshes in a round-robin order, as it is done today,
DARP issues per-bank refreshes to idle banks in an out-of-order
manner. Furthermore, DARP proactively schedules refreshes
during intervals when a batch of writes are draining to DRAM.
Second, SARP exploits the existence of mostly-independent subarrays within a bank. With minor modifications to DRAM
organization, it allows a bank to serve memory accesses to an
idle subarray while another subarray is being refreshed. Our
extensive evaluations on a wide variety of workloads and systems show that our mechanisms improve system performance
(and energy efficiency) compared to three state-of-the-art refresh policies, and their performance benefits increase as DRAM
density increases.

1. Introduction

All-Bank
Refresh

Modern main memory is predominantly built using dynamic random access memory (DRAM) cells. A DRAM cell
consists of a capacitor to store one bit of data as electrical
charge. The capacitor leaks charge over time, causing stored
data to change. As a result, DRAM requires an operation
called refresh that periodically restores electrical charge in
DRAM cells to maintain data integrity.
There are two major ways refresh operations are performed in modern DRAM systems: all-bank refresh (or, rank-level
refresh) and per-bank refresh. These methods differ in what
levels of the DRAM hierarchy refresh operations tie up. A modern DRAM system is organized as a hierarchy of ranks and
banks. Each rank is composed of multiple banks. Different
ranks and banks can be accessed independently. Each bank
contains a number of rows (e.g., 16-32K in modern chips).
Because successively refreshing all rows in a DRAM chip
would cause very high delay by tying up the entire DRAM

Bank0

REFab

Bank1

REFab

READ
READ

READ

Time
Time

Saved Cycles in REFpb
Per-Bank
Refresh

Bank0
Bank1

REFpb
READ

READ

Time

READ

REFpb

Time

Figure 1: Service timelines of all-bank and per-bank refresh.
Adapted from [17].

Unfortunately, there are two shortcomings of per-bank
refresh. First, refreshes to different banks are scheduled in
a strict round-robin order, as specified by the LPDDR standard [40]. Using this static policy may force a busy bank to
be refreshed, delaying the memory requests queued in that
1 The time between two refresh commands is fixed to an amount that is
dependent on the DRAM type and temperature. We refer the reader to our
prior works [17, 18, 19, 20, 30, 31, 49, 52, 53, 54, 55, 56, 67, 68, 69, 70, 71, 73, 74, 96,
107, 108] for a detailed background on DRAM.
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Performance
Loss (%)

bank, while other idle banks are available to be refreshed.
Second, a bank that is refreshing cannot concurrently serve
memory requests. Hence, requests to a refreshing bank get
delayed due to a “refresh–access bank conflict.”
We show that the negative performance impact of DRAM
refresh becomes exacerbated as DRAM density increases in
the future. Figure 2 shows the average performance degradation of all-bank/per-bank refresh compared to ideal baseline
without any refresh.2 Although REFpb performs slightly better
than REFab , the performance loss due to refresh is still significant, especially as the density grows (16.6% loss at 32Gb).
Therefore, the goal this work is to provide practical mechanisms to overcome the aforementioned two shortcomings to
mitigate the performance overhead of DRAM refresh.
20
15
10
5
0

REFab

lacks visibility into a memory controller’s state (e.g., request
queues’ occupancy), simply using an in-order REFpb policy
can unnecessarily refresh a bank that has multiple pending
requests to be served when other banks may be free to serve
a refresh command. To address this problem, we propose the
first component of DARP, out-of-order per-bank refresh. The
idea is to remove the bank selection logic from DRAM and
make it the memory controller’s responsibility to determine
which bank to refresh. As a result, the memory controller can
refresh an idle bank to enhance parallelization of refreshes
and accesses, avoiding refreshing a bank that has pending
requests as much as possible.
Due to REFpb reordering, the memory controller needs to
guarantee that deviating from the original in-order refresh
schedule still preserves data integrity. To achieve this, we take
advantage of the fact that the contemporary DDR JEDEC standard [39] provides some refresh scheduling flexibility. The
standard allows up to eight all-bank refresh commands to
be issued late (postponed) or early (pulled-in). This implies
that each bank can tolerate up to eight REFpb commands to
be postponed or pulled in. Therefore, the memory controller ensures that reordering REFpb preserves data integrity by
limiting the number of postponed or pulled-in commands.
Our HPCA 2014 paper [17] describes our new algorithm for
out-of-order per-bank refresh in detail.

REFpb

8Gb

16Gb
DRAM Density

32Gb

Figure 2: Performance loss due to all-bank refresh (REFab )
and per-bank refresh (REFpb ). Reproduced from [17].

2. Parallelizing Refreshes with
Memory Accesses
We propose two mechanisms, Dynamic Access Refresh Parallelization (DARP) and Subarray Access Refresh Parallelization (SARP), that hide refresh latency by parallelizing refreshes with memory accesses across banks and subarrays,
respectively. In this section, we present a brief overview of
these two new mechanisms. We refer the reader to Section 4
of our HPCA 2014 paper [17] for more detail on the algorithm
and implementation.

2.1. Dynamic
(DARP)

Access

Refresh

2.1.2. DARP: Write-refresh Parallelization. The key idea
of the second component of DARP is to actively avoid refresh
interference on read requests and instead enable more parallelization of refreshes with write requests. We make two
observations that lead to our idea. First, write batching in
DRAM [65] creates an opportunity to overlap a refresh operation with a sequence of writes, without interfering with reads.
A modern memory controller typically buffers DRAM writes
and drains them to DRAM in a batch to amortize the bus turnaround latency, also called tWTR or tRTW [39, 56, 65], which
is the additional latency incurred from switching between
serving writes to reads and vice versa. Typical systems start
draining writes when the write buffer occupancy exceeds a
certain threshold until the buffer reaches a low watermark.
This draining time period is called the writeback mode, during
which no rank within the draining channel can serve read
requests [22, 65, 116]. Second, DRAM writes are usually not
latency-critical because processors do not stall to wait for
them: DRAM writes are due to dirty cache line evictions from
the last-level cache [65, 105, 116].
Given that writes are not latency-critical and are drained
in a batch for some time interval, they are more flexible to
be scheduled with minimal performance impact. We propose
the second component of DARP, write-refresh parallelization,
that attempts to maximize parallelization of refreshes and
writes. Write-refresh parallelization selects the bank with the
minimum number of pending demand requests (both read
and write) and preempts the bank’s writes with a per-bank

Parallelization

DARP is a new refresh scheduling policy that consists of
two components. The first component is out-of-order perbank refresh, which enables the memory controller to specify
a particular (idle) bank to be refreshed as opposed to the standard per-bank refresh policy that refreshes banks in a strict
round-robin order. With out-of-order refresh scheduling,
DARP can avoid refreshing (non-idle) banks with pending
memory requests, thereby avoiding the refresh latency for
those requests. The second component is write-refresh parallelization that proactively issues REFpb to a bank while DRAM
is draining write batches to other banks, thereby overlapping
refresh latency with write request latencies.
2.1.1. DARP: Out-of-order Per-bank Refresh. A major
limitation of the current REFpb mechanism is that it disallows
a memory controller from specifying which bank to refresh.
Instead, a DRAM chip has internal logic that strictly refreshes banks in a sequential round-robin order. Because DRAM
2 Our

per [17].

detailed methodology is described in Section 5 of our full pa-
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refresh. As a result, the bank’s refresh operation is hidden by
the writes in other banks.
Figure 3 shows the service timeline and benefits of
write-refresh parallelization. There are two scenarios when
the scheduling policy parallelizes refreshes with writes to increase DRAM’s availability to serve read requests. Figure 3a
shows the first scenario when the scheduler postpones issuing
a REFpb command to avoid delaying a read request in Bank
0 and instead serves the refresh in parallel with writes from
Bank 1, effectively hiding the refresh latency in the writeback
mode. Even though the refresh can potentially delay individual write requests during writeback mode, the delay does
not impact performance as long as the length of writeback
mode remains the same as in the baseline due to longer prioritized write request streams in other banks. In the second
scenario shown in Figure 3b, the scheduler proactively pulls
in a REFpb command early in Bank 0 to fully hide the refresh
latency from the later read request while Bank 1 is draining
writes during the writeback mode (note that the read request
cannot be scheduled during the writeback mode).
Bank0

REFpb

WRITE WRITE WRITE WRITE

Time

Saved Cycles
WRITE WRITE WRITE WRITE

Time

(a) Scenario 1: Parallelize postponed refresh with writes.
REF Delays Read
Per-Bank
Refresh

Bank0

REFpb

READ

Bank1 WRITE WRITE WRITE WRITE

Time
Time

Pull-In Refresh
Write Access Bank0
REFpb
Refresh
Parallelization Bank1 WRITE WRITE WRITE WRITE

Time

READ

Saved Cycles

Time

(b) Scenario 2: Parallelize pulled-in refresh with writes.

Figure 3: Service timeline of a per-bank refresh operation
along with read and write requests using different refresh
scheduling policies. Reproduced from [17].

2.2. Subarray
(SARP)

Access

Refresh

...

...
...

I/O Bus

Sense Ampliﬁer

Row Buﬀer

Subarray

The key observation leading to our second mechanism,
SARP, is that a refresh operation is constrained to only a few
subarrays within a bank whereas the other subarrays and
the I/O bus remain idle during the process of refreshing. The
reasons for this are two-fold. First, refreshing a row requires
only its subarray’s sense amplifiers that restore the charge in
the row without transferring any data through the I/O bus.
Second, each subarray has its own set of sense amplifiers that
are not shared with other subarrays.
Based on this observation, SARP’s key idea is to allow memory accesses to an idle subarray while other subarrays are
refreshing. Figure 5 shows the service timeline and the performance benefit of our mechanism. As shown, SARP reduces
the read latency by performing the read operation to Subarray 1 in parallel with the refresh in Subarray 0. Compared
to DARP, SARP provides the following advantages: 1) SARP
is applicable to both all-bank and per-bank refresh, 2) SARP
enables memory accesses to a refreshing bank, which cannot
be achieved with DARP, and 3) SARP also utilizes bank-level
parallelism [66, 91] by serving memory requests to multiple
banks in parallel while the entire rank is under refresh.
SARP requires modifications to 1) the DRAM architecture,
because two distinct wordlines in different subarrays need
to be raised simultaneously (to accommodate parallel refresh
and access to the two subarrays), which cannot be done in
today’s DRAM due to the shared peripheral logic among
subarrays; and 2) the memory controller, such that it can
keep track of which subarray is under refresh in order to send
the appropriate memory request to an idle subarray. Section
4.3 of our HPCA 2014 paper [17] describes these changes in
detail. To evaluate the benefits and die area overhead of SARP,

Time
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Parallelization Bank1

...
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Figure 4: DRAM bank and subarray organization. Reproduced from [17].
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Row Decoder
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Turnaround

REF Delays Read
Per-Bank
Refresh

bit of data as electrical charge, and 2) an access transistor that
connects the capacitor to a wire called bitline that is shared
by a column of cells. The access transistor is controlled by a
wire called wordline that is shared by a row of cells. When a
wordline is raised to VDD , a row of cells becomes connected
to the bitlines, allowing reading or writing data to the connected row of cells. The component that reads (i.e., senses)
or writes a bit of data on a bitline is called a sense amplifier,
shared by an entire column of cells. A row of sense amplifiers
is also called a row buffer. All subarrays’ row buffers are connected to an I/O buffer [22, 48, 68, 87] that reads and writes
data from/to the bank’s I/O bus.

Parallelization

To tackle the problem of refreshes and accesses colliding
within the same bank, we propose SARP (Subarray Access
Refresh Parallelization), which exploits the existence of subarrays [56] within a bank. A DRAM bank is sub-divided into
multiple subarrays [19, 23, 31, 56, 67, 69, 70, 76, 106, 107, 108, 110,
120, 125, 126], as shown in Figure 4. A subarray consists of
a 2-D array of cells organized in rows and columns.3 Each
DRAM cell has two components: 1) a capacitor that stores one
3 Physically, DRAM has 32 to 128 subarrays, which varies depending
on the number of rows (typically 16-64K) within a bank. This work divides
them into 8 subarray groups. We refer to a subarray group as a subarray [56],
without loss of generality.
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latency) increases, the performance benefit of DSARP gets
larger. We conclude that DSARP is an effective mechanism to
alleviate the negative performance impact of DRAM refresh.

3.1. Comparison to DDR4
Fine Granularity Refresh
DDR4 DRAM supports a new refresh mode called fine granularity refresh (FGR) in an attempt to mitigate the increasing
refresh latency (tRFCab ) [39]. FGR trades off shorter tRFCab
with a faster refresh rate (1/tREFIab ) that increases by either
2x or 4x. Figure 7 shows the effect of FGR in comparison
to REFab , adaptive refresh policy (AR) [88], and DSARP. 2x
and 4x FGR actually reduce average system performance by
3.9%/4.0%/4.3% and 8.1%/13.7%/15.1% compared to REFab with
8/16/32Gb densities, respectively. As the refresh rate increases by 2x/4x (higher refresh penalty), tRFCab does not scale
down with the same constant factors. Instead, tRFCab reduces
by 1.35x/1.63x with 2x/4x higher rate [39], thus increasing the
worst-case refresh latency by 1.48x/2.45x. This performance
degradation due to FGR has also been observed in Mukundan
et al. [88]. AR [88] dynamically switches between 1x (i.e.,
REFab ) and 4x refresh modes to mitigate the downsides of FGR.
AR performs slightly worse than REFab (within 1%) for all densities. Because using 4x FGR greatly degrades performance,
AR can only mitigate the large loss from the 4x mode and
cannot improve performance over REFab . On the other hand,
DSARP is a more effective mechanism to tolerate the long
refresh latency than both FGR and AR as it overlaps refresh
latency with access latency without increasing the refresh
rate.

We briefly summarize our results on an eight-core system.
Section 6 of our HPCA 2014 paper provides detailed evaluations on a wide variety of systems and sensitivity studies. We
evaluate the performance of our proposed mechanisms on an
eight-core system using Ramulator [52, 103], an open-source
cycle-level DRAM simulator, driven by CPU traces generated
from Pin [77]. We use benchmarks from SPEC CPU2006 [113],
STREAM [83], TPC [118], and a microbenchmark with randomaccess behavior similar to HPCC RandomAccess [34]. Table 1
summarizes the configuration of our evaluated system.

64B cache-line, 16-way associative,
512KB private cache-slice per core

5

3.0%

Figure 6: Average system performance and energy consumption due to different refresh mechanisms.
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we use 8 subarrays per bank and 8 banks per DRAM chip.
Based on this configuration, we calculate the area overhead
of SARP using parameters from a Rambus DRAM model at
55nm technology [101], and find it to be 0.71% in a 2Gb DDR3
DRAM chip with a die area of 73.5mm2 . The power overhead
of the additional components is negligible compared to the
entire DRAM chip.

8 cores, 4GHz, 3-wide issue, 8 MSHRs/core,
128-entry instruction window

12.3%

0

Figure 5: Service timeline of a refresh and a read request to
two different subarrays within the same bank. Reproduced
from [17].
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Table 1: Evaluated system configuration. Adapted from [17].

Normalized WS

Figure 6 shows the average system performance (left) and
energy per DRAM access (right) of our final mechanism, DSARP, the combination of DARP and SARP, compared to two
baseline refresh schemes and an ideal scheme without any refreshes. We measure system performance with the commonlyused weighted speedup (WS) [26, 109] metric. The percentage
numbers on top of the bars are the performance improvement
of DSARP over REFab .
We make two observations. First, DSARP consistently improves system performance and energy efficiency over prior
refresh schemes, capturing most of the benefit of the ideal system with no refresh. Second, as DRAM density (i.e., refresh
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Figure 7: Performance comparisons to FGR and AR [88]. Reproduced from [17].

We conclude that DSARP is an effective mechanism that
can effectively tolerate and hide longer refresh latencies,
which are expected in future DRAM devices as DRAM technology scales to even smaller feature sizes.
4

40

Mukundan et al. [88] propose scheduling techniques (in addition to adaptive refresh discussed in Section 3.1) to address
the problem of command queue seizure, whereby a command
queue gets filled up with commands to a refreshing rank,
blocking commands to another non-refreshing rank. In our
work, we use a different memory controller design that does
not have command queues, similarly to prior work [32]. Our
controller generates a command for a scheduled request right
before the request is sent to DRAM instead of pre-generating
the commands and queuing them up. Thus, our baseline design does not suffer from the problem of command queue
seizure.

4. Related Work
To our knowledge, this is the first work to comprehensively study the effect of per-bank refresh and propose 1) a
refresh scheduling policy built on top of per-bank refresh
and 2) a mechanism that achieves parallelization of refresh
operations and memory accesses within a refreshing bank.
We discuss prior works that mitigate the negative effects of
DRAM refresh and compare them to our mechanisms.
Retention-Aware Refresh. Various works (e.g., [1, 3, 4, 5,
27, 50, 72, 74, 94, 95, 96, 98, 119]) propose mechanisms to reduce
unnecessary refresh operations by taking advantage of the
fact that different DRAM cells have widely different retention
times [51,73,96]. These works assume that the retention time
of DRAM cells can be accurately profiled and they depend on
having this accurate profile to guarantee data integrity [73].
However, as shown in Liu et al. [73] and later analyzed in
detail by several other works [44, 45, 46, 47, 96, 98], accurately determining the retention time profile of DRAM is an
outstanding research problem due to the Variable Retention
Time (VRT) and Data Pattern Dependence (DPD) phenomena,
which can cause the retention time of a cell to fluctuate over
time. As such, retention-aware refresh techniques need to
overcome the profiling challenges to be viable. A recent work,
AVATAR [98], proposes a retention-aware refresh mechanism
that addresses VRT by using ECC chips, which introduces
extra cost. In contrast, our refresh mitigation techniques enable parallelization of refreshes and accesses without relying
on cell data retention profiles or ECC, thus providing high
reliability at low cost.
Refresh Scheduling. Stuecheli et al. [115] propose elastic
refresh that postpones refreshes by a time delay that varies based on the number of postponed refreshes and the predicted
rank idle time to avoid interfering with demand requests.
Elastic refresh has two shortcomings. First, it becomes less
effective when the average rank idle period is shorter than
tRFCab as the refresh latency cannot be fully hidden in that period. This occurs especially with 1) more memory-intensive
workloads that inherently have less idleness and 2) higher
density DRAM chips that have higher tRFCab . Second, elastic
refresh incurs more refresh latency when it incorrectly predicts a time period as idle when the time period actually has
pending requests. In contrast, our mechanisms parallelize
refresh operations with accesses even if there is no idle period
and therefore outperform elastic refresh.
Ishii et al. [37] propose a write scheduling policy that prioritizes write draining over read requests in a rank while
another rank is refreshing (even if the write queue has not
reached the threshold to trigger write mode). This technique is only applicable in multi-ranked memory systems. Our
mechanisms are also applicable to single-ranked memory systems by enabling parallelization of refreshes and accesses at
the bank and subarray levels, and they can be combined with
Ishii et al. [37].

Subarray-Level Parallelism (SALP). Kim et al. [56] propose SALP to reduce bank serialization latency by enabling
multiple accesses to different subarrays within a bank to proceed in a pipelined manner. In contrast to SALP, our mechanism (SARP) parallelizes refreshes and accesses to different
subarrays within the same bank. Therefore, SARP exploits
the existence of subarrays for a different purpose and in a
different way from SALP. We reduce the sharing of the peripheral circuits for refreshes and accesses, not for arbitrary
accesses. As such, our implementation is not only different,
but also less intrusive than SALP: SARP does not require
new DRAM commands and timing constraints. We note
that several other works exploit the existence of subarrays
for various performance and energy improvement purposes [19, 67, 69, 70, 106, 107, 108]. We refer the reader to the
SALP paper in this very same issue for a detailed treatment
of SALP [57].
DRAM Refresh Architecture. Several other works propose different refresh architectures. Nair et al. [93] propose
Refresh Pausing, which pauses a refresh operation to serve
pending memory requests when the refresh causes conflicts
with the requests. Although our work already significantly
reduces conflicts between refreshes and memory requests
by enabling parallelization, it can be combined with Refresh
Pausing to address rare conflicts. Tavva et al. [117] propose
EFGR, which exposes non-refreshing banks during an allbank refresh operation so that a few accesses can be scheduled to those non-refresh banks during the refresh operation. However, such a mechanism does not provide additional performance and energy benefits over per-bank refresh, which we use to build our mechanism in this dissertation. Isen and John [36] propose ESKIMO, which modifies the ISA to enable memory allocation libraries to skip
refreshes on memory regions that do not affect programs’
execution. ESKIMO is orthogonal to our mechanism, and its
modification has high system-level complexity by requiring
system software libraries to make refresh decisions. Other
techniques (e.g., heterogeneous-reliability memory [81] or
Flikker [75]) can eliminate or reduce refreshes in parts of
memory. Our techniques are complementary to such refresh
elimination/reduction techniques.
5
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eDRAM Concurrent Refresh. Kirihata et al. [58] propose a mechanism to enable a bank to refresh independently
while another bank is being accessed in embedded DRAM
(eDRAM). Our work differs from [58] in two major ways. First,
unlike SARP, [58] parallelizes refreshes only across banks,
not within each bank. Second, there are significant differences between DRAM and eDRAM architectures, which make
it non-trivial to apply [58]’s mechanism directly to DRAM.
In particular, eDRAMs have no standardized timing/power
integrity constraints and access protocol, making it simpler
for each bank to independently manage its refresh schedule.
In contrast, refreshes in DRAM need to be managed by the
memory controller to ensure that parallelizing refreshes with
accesses does not violate other constraints. Other works
(e.g., [2, 25]) exploit the fact that eDRAM is used as a cache
to avoid refresh operations.

per-bank refresh commands to be issued in any order by
the memory controllers. Neither standard specifies a preferred order which the memory controller needs to follow for
issuing refresh commands.
Our work has done extensive evaluations to show that our
proposed per-bank refresh scheduling policy, DARP, outperforms a naive round-robin policy by opportunistically refreshing idle banks. As a result, our policy can be potentially
adopted in the future processors that use HBM or LPDDR4
DRAM.
Increasing Number of Subarrays. As DRAM density
keeps increasing, more rows of cells are added within each
DRAM bank. To avoid the disadvantage of increasing sensing
latency due to longer bitlines in subarrays [18, 70], more
subarrays will likely be added within a single bank instead of
increasing the size of each subarray. Our proposed refreshing
scheme at the subarray level, SARP, becomes more effective
at mitigating refresh as the number of subarrays increases
because the probability of a refresh and a demand request
colliding at the subarray level decreases with more subarrays.

5. Significance
In this section, we describe three trends in the current and
future DRAM subsystem that will likely make our proposed
solutions more important and attractive in the future, and
examine the work’s impact on future research.

5.2. Potential Research Impact
Impact on Recent Research Work. To our knowledge,
this is the first work to comprehensively study and extend the
concept of per-bank refresh to DDRx DRAM chips. Several
works [5, 28, 117] use our per-bank refresh mechanism as
a baseline for comparison. Kotra et al. [60] propose a new
refresh mechanism to further enhance our per-bank refresh
mechanism. Kong et al. [59] extend our per-bank refresh idea
to eDRAM.
Future Research Directions. This work will likely create
new research opportunities for studying refresh scheduling
policies at different dimensions (i.e., bank and subarray level)
to mitigate worsening refresh overheads. Among many potential opportunities, one potential way to further reduce the
refresh latency (i.e., tRFCab/pb ) is to trade off higher refresh
rate (i.e., tREFI ), which is currently supported as fine granularity refresh in DDR4 DRAM for all-bank refresh. In this
work, we assume a fixed refresh rate for per-bank refresh
as it is specified in the standard. Therefore, a new research
question that our work raises is how can one combine per-bank
refresh with fine granularity refresh and design a new scheduling policy for that? We think that DARP can inspire new
scheduling policies to improve the performance of existing
DRAM designs.
Applicability to Other Memory Technologies. Refresh is used in NAND flash memory to improve lifetime [12,
13, 14, 78], and can be used as a general solution to several
other NAND flash reliability problems that are characterized
and discussed in various recent works [6, 7, 8, 9, 10, 11, 15, 16,
79, 80]. We believe the idea of DSARP and refresh scheduling
can also be applied to refresh mechanisms in flash memory,
and this can be especially beneficial toward the end of the
lifetime of flash memory when the device is refreshed more

5.1. Long-Term Impact
Worsening Retention Time. As the DRAM cell feature
size continues to scale, the cells’ retention time will likely
become shorter, exacerbating the refresh penalty [43, 89, 90].
When the surface area of cells gets smaller with further scaling, the depth/height of the cell needs to increase to maintain
the same amount of capacitance that can be stored in a cell. In
other words, the aspect ratio (the ratio of a cell’s depth to its
diameter) needs to be increased to maintain the capacitance.
However, many works have shown that fabricating high aspect ratio cells is becoming more difficult due to processing
technology [33, 43, 82]. Therefore, the cells’ capacitance (and,
thus, their retention time) may potentially decrease with further scaling, increasing the refresh frequency. Using DSARP
is a cost-effective way to alleviate the increasing negative
impact of refresh as our results show [17]. Note that errors
have started appearing in DRAM chips due to aggressive
technology scaling [53,85,89,104,111,112]. The RowHammer
problem is a prime example of DRAM errors that have been
slipping into the field [53, 89], and one solution for it is to
increase the refresh rate [53,89]. Such solutions to technology
scaling issues clearly exacerbate the refresh problem. Therefore, DSARP can alleviate the performance impact under
these conditions.
New DRAM Standards with Flexible Per-Bank Refresh. According to newer DRAM standards, the industry is
already in the process of implementing a similar concept of
enabling the memory controller to determine which bank to
refresh. In particular, the two standards are: 1) HBM [41, 71]
(October 2013, after the submission of our HPCA 2014 paper [17]) and 2) LPDDR4 [42] (August 2014). Both standards have incorporated a new refresh mode that allows
6
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frequently [7,8,9,13]. We refer the reader to our recent works
to understand the mechanisms for refresh in modern flash
memories [7, 8, 9].
We believe the principles of DSARP are also applicable to emerging memory technologies [84], e.g., phasechange memory (PCM) [62, 63, 64, 99, 100, 122, 123, 124], STTMRAM [21, 29, 61, 92], or RRAM/memristors [24, 114, 121].
For example, PCM suffers from resistance drift [35, 97, 122],
where the resistance used to represent the value becomes
higher over time (and eventually can introduce a bit error).
To mitigate resistance drift, PCM can use refresh-like operations to rewrite the original data value, and as the density of
PCM grows, more such operations are required. We leave a
detailed exploration of how DSARP can be used for emerging
memory technologies to future works.
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Access Locality,” in HPCA, 2016.
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6. Conclusion
We introduced two new complementary techniques, DARP
(Dynamic Access Refresh Parallelization) and SARP (Subarray Access Refresh Parallelization), to mitigate the DRAM
refresh penalty by enhancing refresh–access parallelization at
the bank and subarray levels, respectively. DARP 1) issues
per-bank refreshes to idle banks in an out-of-order manner
instead of issuing refreshes in a strict round-robin order, 2)
proactively schedules per-bank refreshes during intervals
when a batch of writes are draining to DRAM. SARP enables
a bank to serve requests from idle subarrays in parallel with
other subarrays that are being refreshed. Our extensive evaluations on a wide variety of systems and workloads show that
these mechanisms significantly improve system performance
and outperform state-of-the-art refresh policies, approaching
the performance of ideally eliminating all refreshes. We conclude that DARP and SARP are effective at hiding the refresh
latency penalty in modern and near-future DRAM systems,
and that their benefits increase as DRAM density increases.
We believe these techniques are also applicable to other memory technologies, such as NAND flash memory and phase
change memory. We hope our work inspires future research to develop even more effective refresh latency tolerance
techniques.
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This paper summarizes the idea of ChargeCache, which was
published in HPCA 2016 [51], and examines the work’s significance and future potential. DRAM latency continues to be
a critical bottleneck for system performance. In this work, we
develop a low-cost mechanism, called ChargeCache, that enables faster access to recently-accessed rows in DRAM, with no
modifications to DRAM chips. Our mechanism is based on the
key observation that a recently-accessed row has more charge
and thus the following access to the same row can be performed faster. To exploit this observation, we propose to track
the addresses of recently-accessed rows in a table in the memory controller. If a later DRAM request hits in that table, the
memory controller uses lower timing parameters, leading to
reduced DRAM latency. Row addresses are removed from the
table after a specified duration to ensure rows that have leaked
too much charge are not accessed with lower latency. We evaluate ChargeCache on a wide variety of workloads and show
that it provides significant performance and energy benefits for
both single-core and multi-core systems.

First, they employ large on-chip caches to exploit the temporal and spatial locality of memory accesses. However, cache
capacity is limited by chip area. Even caches as large as tens
of megabytes may not be effective for some applications due
to very large working sets and memory access characteristics that are not amenable to caching [61, 90, 113, 117, 118].
Second, systems employ aggressive prefetching techniques
to preload data from memory before it is needed [5, 28, 138].
However, prefetching is inefficient for many irregular access
patterns and it increases the bandwidth requirements and
interference in the memory system [36, 38, 39, 76, 131, 138].
Third, systems employ multithreading [86, 134, 145]. However, this approach increases contention in the memory
system [32, 37, 98, 106] and does not aid single-thread performance [62, 144]. Fourth, systems exploit memory level
parallelism [31, 47, 104, 106, 107]. The DRAM architecture
provides various levels of parallelism that can be exploited to
simultaneously process multiple memory requests generated
by modern processor architectures [78, 107, 115, 146]. While
prior works [31, 33, 60, 78, 106, 112] propose techniques to
better utilize the available parallelism, the benefits of these
techniques are limited due to 1) address dependencies between instructions in the programs [6,40,103], and 2) resource
conflicts in the memory subsystem [73, 120]. Unfortunately,
none of these four approaches fundamentally reduce memory
latency at its source and the DRAM latency continues to be a
performance bottleneck in many systems.

1. Problem: DRAM Latency
DRAM technology is commonly used as the main memory
of modern computer systems. This is because DRAM is at
a more favorable point in the trade-off spectrum of density
(cost-per-bit) and access latency compared to other technologies like SRAM or flash. However, commodity DRAM devices
are heavily optimized to maximize cost-per-bit. In fact, the
latency of commodity DRAM has not reduced significantly
in the past two decades [23, 25, 80, 83, 84, 108].
The latency of DRAM is heavily dependent on the design of
the DRAM chip architecture, specifically the length of a wire
called bitline. A DRAM chip consists of millions of DRAM
cells. Each cell is composed of a transistor-capacitor pair.
To access data from a cell, DRAM uses a component called
sense amplifier. Each cell is connected to a sense amplifier
using a bitline. To amortize the large cost of the sense amplifier, hundreds of DRAM cells are connected to the same
bitline [84]. A longer bitline leads to higher resistance and
parasitic capacitance on the path between a DRAM cell and
the sense amplifier. As a result, longer bitlines result in higher
DRAM access latency [80, 83, 84, 136].
To mitigate the negative effects of long DRAM access latency, existing systems rely on several major approaches.

2. Existing Techniques That Reduce
DRAM Latency
DRAM latency can be reduced using several techniques, all
of which have their own specific shortcomings. One simple
approach to reduce DRAM latency is to use shorter bitlines.
In fact, some specialized DRAM chips [48, 96, 125] offer lower
latency by using shorter bitlines compared to commodity
DRAM chips. Unfortunately, such chips come at a significantly higher cost than chips that use long bitlines, as they
reduce the overall density of the device because they require
more sense amplifiers, which occupy significant area [84].
Therefore, such specialized chips are usually not desirable for
systems that require high memory capacity [29]. Prior works
have proposed several heterogeneous DRAM architectures
(e.g., segmented bitlines [84], asymmetric bank organizati-
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ons [136], mechanisms that exploit the inherent latency variation across cells [25,82]) that divide DRAM into two regions:
one with low latency, and another with slightly higher latency. Such schemes propose to map frequently accessed data
to the low-latency region, thereby achieving lower average
memory access latency. However, such schemes might require 1) non-negligible changes to the cost-sensitive DRAM
design, 2) techniques to create or identify low-latency regions in DRAM, and/or 3) mechanisms to identify, map, and
migrate frequently-accessed data to low-latency regions. As a
result, even though they reduce the latency for some portions
of the DRAM chip, they may not be easy to adopt.

workloads, the average 1ms-RLTL is 89%, significantly higher
than that for the single-core workloads. These results show
that RLTL of both single-core and eight-core workloads is
significantly high even for small values of t, motivating us
to exploit RLTL (i.e., row-level temporal locality) to detect
highly-charged DRAM rows.1
Note that a major reason for the high row-level temporal
locality is the occurrence of bank conflicts in the DRAM
subsystem. We find that, due to the bank conflicts, a row is
likely to be requested again soon after it is precharged due to
an intervening request to the same bank.
100%

80%

RLTL

3. Key Observations
In our HPCA 2016 paper [51], we make two major observations that motivate a new mechanism for reducing DRAM
latency,
Charge Variation. The amount of charge in the DRAM
cells of a row determines the required latency for a DRAM
access to that row. If the amount of charge in the cell is low,
the sense amplifier completes its operation in longer time.
Therefore, DRAM access latency increases. A DRAM cell
loses its charge over time and the charge is replenished by a
refresh operation or an access to the row. The access latency
of a cell whose charge has been replenished recently can thus
be significantly lower than the access latency of a cell that
has less charge. Our SPICE simulations show that the first
read/write command can be issued 44% faster to a highlycharged DRAM row compared to a row with less charge (see
Section 6.2 and our HPCA 2016 paper [51]).
Row-Level Temporal Locality. We find that, mainly due
to DRAM bank conflicts [73, 120], many applications tend
to access rows that were recently closed (i.e., closed within
a very short time interval). We refer to this form of temporal locality where certain rows are frequently closed and
re-opened as Row-Level Temporal Locality (RLTL). An important outcome of this observation is that a DRAM row remains
in a highly-charged state when accessed for the second time
within a short interval after the prior access. This is because accessing the DRAM row inherently replenishes the
charge within the DRAM cells (just like a refresh operation
does) [26, 46, 87, 88, 109, 133].
We define t-RLTL of an application for a given time interval t as the fraction of row activations in which the activation occurs within the time interval t after a previous precharge to the same row. Figure 1 shows the average RLTL
for single-core and eight-core workloads with five different
time intervals (from 0.125ms to 32ms). Our detailed experimental methodology is described in Section 5 of our HPCA
2016 paper [51]. For single-core workloads, the average 1msRLTL is 83%. In other words, 83% of all the row activations
occur within 1ms after the same row was previously precharged. Due to the additional bank conflicts incurred as
the number of workloads executing increases, for eight-core

0.125ms-RLTL
0.25ms-RLTL
0.5ms-RLTL
1ms-RLTL
32ms-RLTL

60%

40%
20%

0%
Single-Core
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Figure 1: Average row-level temporal locality (RLTL) for 22
single-core and 20 eight-core workloads.

4. Our Goal
We observe that many applications exhibit high row-level
temporal locality. In other words, for many applications, a
significant fraction of the row activations occur within a small
interval after the corresponding rows are precharged. As a
result, such row activations can be served with lower activation latency than specified by the DRAM standard. Our
goal in this work is to exploit this observation to reduce the
effective DRAM access latency by tracking recently-accessed
DRAM rows in the memory controller and reducing the latency for their next access(es). To this end, we propose an
efficient mechanism, ChargeCache, which we describe in the
next section.

5. Solution: ChargeCache
ChargeCache is based on three observations: 1) a row
whose cells’ charge has been recently replenished can be
accessed with lower activation latency, 2) activating a row
replenishes the charge on the cells of that row and the cells
start leaking only after the following precharge command,
and 3) many applications exhibit high row-level temporal
locality, i.e., recently-activated rows are more likely to be
activated again. Based on these observations, ChargeCache
tracks rows that are recently activated, and serves near-future
activates to such rows with lower latency by lowering the
DRAM timing parameters for such activations.
As we show in Figure 2, ChargeCache adds a small table (structured as a cache), called High-Charged Row Address
Cache (HCRAC), to the memory controller that tracks the addresses of recently-accessed DRAM rows, i.e., highly-charged
1 For

a more detailed study of row-level temporal locality, please see
Section 3 of our HPCA 2016 paper [51].
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the reduction in two DRAM timing parameters, tRCD and
tRAS, that are affected by high charge amount stored in a
DRAM cell.2
To evaluate the performance of ChargeCache, we use a
cycle-accurate DRAM simulator, Ramulator [74, 122], in CPUtrace-driven mode. CPU traces are collected using a Pintool [91]. Table 1 lists the configuration of the evaluated
systems. We implement the HCRAC table, which ChargeCache uses to store the addresses of recently accessed DRAM
rows, similarly to a 2-way associative cache that uses the LRU
policy.

rows. ChargeCache performs three operations. First, when a
precharge command is issued to a bank, ChargeCache inserts
the address of the row that was activated in the corresponding
bank to the table ( 1 in the figure). Second, when an activate
command is issued, ChargeCache checks if the corresponding
row address is present in the table ( 2 ). If the address is not
present, then ChargeCache uses the standard DRAM timing
parameters to issue subsequent commands to the bank. However, if the address of the activated row is present in the
table, ChargeCache employs reduced timing parameters for
subsequent commands to that bank. Our experimental results
on multi-programmed applications show that, on average,
ChargeCache can reduce the latency of 67% of all DRAM
row activations (as shown in Section 6.4 of our HPCA 2016
paper [51]). Third, ChargeCache periodically invalidates old
entries from the table to ensure that only rows that have sufficient amount of charge for being accessed with low latency
remain in the table ( 3 ). Since a row may potentially reside
in the table for very long time without being activated, such
an operation is necessary to avoid a low-latency access to a
row with small amount of charge (which could lead to wrong
results).

Highly-Charged Row
Address Cache (HCRAC)

Table 1: Simulated system configuration.
from [51].

Invalidate

3

Per-Bank
Row State

[ACT]
Lookup

2

Processor

1-8 cores, 4GHz clock frequency,
3-wide issue, 8 MSHRs/core, 128entry instruction window

Last-level Cache

64B cache-line, 16-way associative,
4MB cache size

Memory
Controller

64-entry read/write request queues,
FR-FCFS scheduling policy [121,
153], open/closed row policy [71,72]
for single/multi core

DRAM

DDR3-1600 [97], 800MHz bus
frequency,
1/2 channels,
1
rank/channel,
8 banks/rank,
64K rows/bank, 8KB row-buffer
size, tRCD/tRAS 11/28 cycles

ChargeCache

128-entry (672 bytes)/core, 2-way
associativity, LRU replacement
policy, 1ms caching duration,
tRCD/tRAS reduction 4/8 cycles

Invalidation
Interval
Counter (IIC)

[PRE]
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Ent ry
Counter (EC)
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Figure 2: Components of the ChargeCache Mechanism. Reproduced from [51].
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6.1. Methodology

For area, power, and energy measurements, we modify
McPAT [85] to implement ChargeCache using 22nm process
technology. We use DRAMPower [22] to obtain power/energy
results for the off-chip main memory subsystem. We feed
DRAMPower with DRAM command traces obtained from
our simulations using Ramulator.
We run 22 workloads from the SPEC CPU2006 [137],
TPC [147], and STREAM [94] benchmark suites. We use
SimPoint [50] to obtain traces from representative phases of
each application. For single-core evaluations, unless stated otherwise, we run each workload for 1 billion instructions. For
multi-core evaluations, we use 20 multiprogrammed workloads by assigning a randomly-chosen application to each core.
We evaluate each configuration with its best-performing rowbuffer management policy. Specifically, we use the open-row
policy for single-core and closed-row policy for multi-core
configurations. We simulate the benchmarks until each core

We use circuit-level SPICE simulations to evaluate the
DRAM latency reduction that can be achieved when accessing a highly-charged DRAM row. In Section 6.2, we show

2 For detail on DRAM timing parameters and operation, we refer the
reader to our prior works [24, 25, 27, 51, 52, 68, 71, 72, 73, 74, 82, 83, 84, 87, 88,
114, 127, 128].

We name our mechanism ChargeCache, as it provides a
cache-like benefit, i.e., latency reduction based on a locality
property (i.e., RLTL), and does so by taking advantage of the
charge level stored in a recently-activated row. The mechanism could potentially be used with current and emerging
DRAM-based memories where the stored charge level leads to
different access latencies. We release the source code of ChargeCache for two different versions of Ramulator [74, 122, 123]
to enable future research to build upon our ideas.

6. Experimental Evaluation
In this section, we first explain our experimental methodology. Later, we quantitatively analyze the system performance
improvement and DRAM energy savings that ChargeCache
provides.
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6.3. Results

executes at least 1 billion instructions. For both single- and
multi-core configurations, we first warm up the caches and
ChargeCache by fast-forwarding 200 million cycles.
We measure performance improvement for single-core
workloads using the Instructions per Cycle (IPC) metric.
We measure multi-core performance using the weighted
speedup [135] metric. Prior work has shown that weighted
speedup is a measure of system-level job throughput [42].

We experimentally evaluate the following mechanisms:
1) ChargeCache, 2) NUAT [133], which accesses only rows
that are recently-refreshed at lower latency than the DRAM
standard, 3) ChargeCache + NUAT, which is a combination
of ChargeCache and NUAT [133] mechanisms, and 4) LowLatency DRAM (LL-DRAM) [96], which is an idealized comparison point where we assume all rows in DRAM can be
accessed with low latency, compared to our baseline DDR31600 memory, at any time, irrespective of when they are
accessed or refreshed.
We compare the performance of our mechanism against
the most closely related previous work, NUAT [133]. The
key idea of NUAT is to access recently-refreshed rows at low
latency, because these rows are already highly-charged. Thus,
NUAT does not use low latency for rows that are recentlyaccessed, and hence it does not exploit the RLTL (Row-Level
Temporal Locality) present in many applications.
Figure 4 shows the performance of single-core and eightcore workloads. The figure also includes the number of row
misses per kilo-cycles (RMPKC) to show row activation intensity, which provides insight into the RLTL of the workload.
Single-Core Performance: Figure 4a shows the performance
improvement over the baseline system for single-core workloads. These workloads are sorted in ascending order of
RMPKC. ChargeCache achieves up to 9.3% (an average of 2.1%)
speedup. Our mechanism outperforms NUAT and achieves a
speedup close to LL-DRAM with a few exceptions. Applications that have a wide gap in performance between ChargeCache and LL-DRAM (e.g., mcf, omnetpp) access a large number
of DRAM rows and exhibit high row-reuse distance [63]. A
high row-reuse distance indicates that there is a large number of accesses to other rows between two accesses to the
same row. Due to this reason, ChargeCache cannot retain the
addresses of highly-charged rows until the next access to that
row. Increasing the number of ChargeCache entries or employing cache management policies aware of reuse distance
or thrashing [35, 117, 130, 148] may improve the performance
of ChargeCache for such applications. We leave the evaluation of these methods for future work. We conclude that
ChargeCache significantly reduces execution time for most
high-RMPKC workloads and outperforms NUAT for all but
few workloads.
Eight-Core Performance: Figure 4b shows the speedup on
eight-core multiprogrammed workloads. On average, ChargeCache and NUAT improve performance by 8.6% and 2.5%,
respectively. Employing ChargeCache in combination with
NUAT achieves a 9.6% speedup, which is only 3.8% less than
the improvement obtained using LL-DRAM. Although the
multiprogrammed workloads are composed of the same applications as in single-core evaluations, we observe much higher
performance improvements for the eight-core workloads. The
reason is twofold. First, since multiple cores share a limited
capacity LLC, simultaneously running applications compete

6.2. Reduction in DRAM Timing Parameters
We evaluate the potential reduction in tRCD and tRAS
for ChargeCache using circuit-level SPICE simulations. We
implement the DRAM sense amplifier circuit using 55nm
DDR3 model parameters [119] and PTM low-power transistor
models [3, 152]. Figure 3 plots the variation in bitline voltage
level during cell activation for different initial charge amounts
of the cell.

Bitline Voltage

Vdd
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Charged
Cell

tRCD
Reduction
(4.5 ns)
Partially
Charged
Cell

tRAS
Reduction
(9.6 ns)
Ready-to-access
Voltage Level

Vdd/2

0

10

20

30

40

Time (ns)
Figure 3: Effect of initial cell charge on bitline voltage. Reproduced from [51].

Depending on the initial charge (i.e., voltage level) of the
cell, the bitline voltage increases at different speeds. When
the cell is fully-charged, the sense amplifier is able to drive
the bitline voltage to the ready-to-access voltage level in only
10ns. However, a partially-charged cell (i.e., one that has not
been accessed for 64ms) brings the bitline voltage up slower.
Specifically, the bitline connected to such a partially-charged
cell reaches the ready-to-access voltage level in 14.5ns. Since
DRAM timing parameters are dictated by this worst-case
partially-charged state right before the refresh interval, we
can achieve a 4.5ns reduction in tRCD for a fully-charged
cell. Similarly, the charge of the cell capacitor is restored at
different times depending on the initial voltage of the cell.
For a fully-charged cell, this results in a 9.6ns reduction in
tRAS.
In practice, we expect DRAM manufacturers to identify
the lowered timing constraints for different caching durations. Today, DRAM manufacturers test each DRAM chip
to determine if it meets the timing specifications. Similarly,
we expect the manufacturers would also test each chip to
determine if it meets the ChargeCache timing constraints.
4
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Figure 4: Speedup with ChargeCache, NUAT and Low-Latency DRAM for single-core and eight-core workloads. Reproduced
from [51].
15%

DRAM Energy
Reduction

for the LLC. Thus, individual applications access main memory more often, which leads to higher RMPKC. This makes
the workload performance more sensitive to main memory
latency [20, 58, 73]. Second, the memory controllers receive
memory requests from multiple simultaneously-running applications to a limited number of memory banks. Such requests are likely to target different rows since they use separate
memory regions and these regions map to separate rows.
Therefore, applications running concurrently exacerbate the
bank-conflict rate and increase the number of row activations
that hit in ChargeCache.
Overall, ChargeCache improves performance by up to
11.3% (8.1%) and on average 8.6% (2.1%) for eight-core (singlecore) workloads. It outperforms NUAT for most of the applications. Using NUAT in combination with ChargeCache
improves chsystem performance even further.

Average
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5%
0%

Single-core
Eight-core
Figure 5: DRAM energy reduction of ChargeCache. Reproduced from [51].

6.5. Area and Power Consumption Overhead
HCRAC (Highly-Charged Row Address Cache) is the most
area/power demanding component of ChargeCache. As we replicate HCRAC on a per-core and per-memory channel basis,
the total area and power overhead ChargeCache introduces
depends on the number of cores and memory channels.3 The
total storage requirement is given by Equation 1, where C are
MC are the number of cores and memory channels, respectively. LRUbits depends on HCRAC associativity. EntrySize
is calculated using Equation 2, where R, B, and Ro are the
number of ranks, banks, and rows in DRAM, respectively.

6.4. Impact on DRAM Energy
ChargeCache incurs negligible area and power overheads
(see Section 6.5). Because it reduces execution time with negligible overhead, it leads to significant energy savings. Even
though ChargeCache increases the energy efficiency of the
entire system, we quantitatively evaluate the energy savings
only for the DRAM subsystem since Ramulator [74] currently
does not have a detailed CPU model. Figure 5 shows the
average and maximum DRAM energy savings for single-core
and eight-core workloads. ChargeCache reduces energy consumption by an average of 7.9% (1.8%), and by up to 14.1%
(6.9%), for eight-core (single-core) workloads. We conclude
that ChargeCache is effective at improving the energy efficiency of the DRAM subsystem, as well as the entire system.

Storagebits = C ∗ MC ∗ Entries ∗ (EntrySizebits + LRUbits ) (1)

EntrySizebits = log2 (R) + log2 (B) + log2 (Ro) + 1

(2)

Area. Our eight-core configuration has two memory channels. This introduces a total of 5376 bytes in storage requi3 Note that sharing a single HCRAC across all or multiple cores can result
in even lower overhead. We leave the exploration of such shared-HCRAC
designs to future work.
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rement for a 128-entry HCRAC, corresponding to an area of
0.022 mm2 . This overhead is only 0.24% of the 4MB LLC.
Power Consumption. HCRAC is accessed on every activate and precharge command issued by the memory controller.
On an activate command, HCRAC is searched for the corresponding row address. On a precharge command, the address
of the precharged row is inserted into HCRAC. HCRAC entries are periodically invalidated to ensure they do not exceed
a specified caching duration. These three operations increase
dynamic power consumption in the memory controller, and
the HCRAC storage increases static power consumption. Our
analysis indicates that ChargeCache consumes 0.149 mW on
average. This is only 0.23% of the average power consumption of the entire 4MB LLC. Note that we include the effect
of this additional power consumption in our DRAM energy
evaluations in Section 6.4. We conclude that ChargeCache
incurs almost negligible chip area and power consumption
overheads.

to enable pipelined access to subarrays [73]. The goal of
SALP is to reduce the impact of bank conflicts by providing
more parallelism and thereby reducing the latency of bankconflict accesses. O et al. [110] propose a DRAM architecture
where sense amplifiers are decoupled from bitlines to mitigate precharge latency. Choi et al. [30] propose to utilize
multiple DRAM cells to store a single bit when sufficient
DRAM capacity is available. By using multiple cells, they
reduce activation, precharge and refresh latencies. Other
works [24, 26, 49, 79, 126, 127, 128, 129, 136, 151] also propose
new DRAM architectures to lower DRAM latency for various
types of operations and accesses.
Processing-in-memory (PIM) architectures [1, 2, 8, 9, 34, 41,
44, 53, 54, 65, 69, 75, 111, 116, 127, 128, 129, 132, 139] using 3Dstacked memory [56, 59, 81, 89] reduce the observed latency,
from the perspective of the processor, by moving some computation operations closer to DRAM. 3D-stacked memories are
well suited for processing-in-memory due to their inclusion
of a logic layer, which allows for the efficient implementation
of CMOS logic in DRAM and offers high bandwidth to the
DRAM layers. However, PIM architectures do not fundamentally reduce the access latency of the DRAM device, which
ChargeCache does (for certain access patterns).
Unlike ChargeCache, a large number of these works require changes to the DRAM architecture itself. The approaches taken by these works are largely orthogonal to the
ChargeCache approach and ChargeCache could be implemented together with any of these mechanisms to further
reduce the DRAM latency.
Exploiting Process and Operating Condition Variations. Recent studies [21, 25, 27, 82, 83] propose methods to
reduce the safety margins of the DRAM timing parameters
when operating conditions are appropriate (i.e., not worstcase). Unlike these works, ChargeCache is largely independent of operating conditions like temperature, as discussed
in Section 8.3, and is orthogonal to these latency reduction
mechanisms.
Memory Request Scheduling Policies. Memory request scheduling policies (e.g., [4,45,55,57,66,71,72,77,99,100,
105, 106, 121, 140, 141, 142, 143, 149, 153]) reduce the average
DRAM access latency by improving DRAM parallelism, row
buffer locality, and fairness in especially multi-core and heterogeneous systems. ChargeCache can be employed in conjunction with the scheduling policy that best suits the application and the underlying architecture.

6.6. Other Results
We also evaluate and assess the sensitivity of ChargeCache
benefits to ChargeCache capacity, caching duration, and temperature in Sections 6.4 and 7.1 of our HPCA 2016 paper [51].

7. Related Work
To our knowledge, this paper is the first to (i) show that
applications typically exhibit significant Row-level Temporal
Locality (RLTL) and (ii) exploit this locality to improve system
performance by reducing the latency of requests to recentlyaccessed memory rows.
We have already (in Section 6.3) qualitatively and quantitatively compared ChargeCache to NUAT [133], which reduces
access latency to only recently-refreshed rows. We have
also shown that ChargeCache provides significantly higher
average latency reduction than NUAT because RLTL is usually high, whereas the fraction of accesses to rows that are
recently-refreshed is typically low (see Section 3 in our HPCA
2016 paper [51]).
Other previous works propose techniques to reduce performance degradation caused by long DRAM latencies. They
focus on 1) enhancing the DRAM, 2) exploiting variations
in manufacturing process and operating conditions, 3) developing various memory scheduling policies. We briefly
summarize how ChargeCache differs from these works.
Enhancing DRAM Architecture. Lee at al. propose
Tiered-Latency DRAM (TL-DRAM) [84], which divides each
subarray into near and far segments using isolation transistors. With TL-DRAM, the memory controller accesses the
near segment with lower latency since the isolation transistor reduces the bitline capacitance in that segment. Our
mechanism could be implemented on top of TL-DRAM to
reduce the access latency for both the near and far segment.
Kim et al. propose SALP, which unlocks parallelism between subarrays at low cost, by modifying the DRAM chip

8. Significance
Main memory latency has a critical impact on system performance [101]. Our work proposes a new low-cost mechanism to reduce DRAM latency, without any modifications
to the existing DRAM chip architecture. In this section, we
discuss the significance of our work by describing its novelty
and expected long-term impact.
6
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8.1. Novelty

between two consecutive accesses to the same row. A row
locality metric that includes time is important since charge
leakage in DRAM is a function of time. In this work, we exploit RLTL to reduce DRAM latency. However, RLTL can also
potentially be used to discover new techniques to improve
different aspects of DRAM, such as reliability [70,95,101,102]
and bandwidth.

ChargeCache reduces average DRAM latency by exploiting
a type of DRAM access locality, Row-Level Temporal Locality (RLTL), that commonly exists in workloads due to the
presence of DRAM bank conflicts. Our work is the first to
observe and formally define RLTL and exploit it to reduce
DRAM latency by designing a new mechanism that takes advantage of RLTL and the fact that a DRAM row gets inherently
refreshed on access. Our mechanism does not require any
changes to the existing DRAM array structure of the DRAM
chips and can be easily implemented on top of any DRAM
standard with negligible overhead in the memory controller
logic.

8.3.3. Importance for Future Systems. We believe the latency reduction mechanism of ChargeCache will become
more important in future systems for four reasons. First,
DRAM latency will become a much bigger bottleneck, as
applications will become more data-intensive [101, 108]. Higher demand for data will result in more bank conflicts, as the
number of DRAM banks is not scaling as fast as data intensity.
Such applications will also have fast data access requirements,
which will increase their sensitivity to the memory access
latency [43, 64, 101, 108, 150]. As bank conflicts increase and
accesses become more latency-critical, the benefits of ChargeCache will increase, as there will be higher RLTL, which
ChargeCache can exploit to provide higher performance improvement.
Second, ChargeCache is likely to remain much more competitive than other state-of-the-art latency reduction techniques for the 3D-stacked memories of the future. These memories will likely operate at higher temperatures compared
to conventional DRAM chips. The charge leakage rate of
DRAM cells approximately doubles for every 10◦ C increase
in temperature [67, 83, 87, 114]. This observation can be exploited to lower the DRAM latency when operating at low
temperatures. A previous study, Adaptive-Latency DRAM
(AL-DRAM) [83], proposes a mechanism to improve system
performance by reducing the DRAM timing parameters at
low operating temperature. AL-DRAM is based on the premise that DRAM typically does not operate at temperatures
close to the worst-case temperature (85◦ C) even when it is
heavily accessed. However, new 3D-stacked DRAM technologies such as HMC, HBM, WideIO may operate at significantly
higher temperatures due to tight integration of multiple stack
layers [7]. Therefore, state-of-the-art and compelling dynamic latency scaling techniques such as AL-DRAM may be less
useful in these scenarios. In contrast to AL-DRAM, ChargeCache is not based on the charge difference that occurs due
to temperature dependence. Rather, we exploit the high level
of charge in recently-precharged rows to reduce timing parameters during later accesses to such rows. After conducting
tests to determine the possible latency reduction in accessing
highly-charged rows (for ChargeCache hits) at worst-case
temperatures, we show that ChargeCache can be employed
independently of the operating temperature (see Section 7.1
in our HPCA 2016 paper [51]).
Third, ChargeCache is complementary to other
temperature-based and structural DRAM latency reduction
techniques [24, 25, 73, 82, 84, 96, 133, 136]. ChargeCache can
easily be used in conjunction with any of these techniques.

8.2. Applicability to Emerging DRAM Standards
ChargeCache is applicable to any memory technology
where cells are volatile (leak charge over time) and the charge
variation due to charge leakage has impact on access latency.
ChargeCache can be used with to a large set of standards
derived from DDR (DDRx, GDDRx, LPDDRx, etc.) [74] in a
manner similar to the mechanism described in this work, without modifying the DRAM architecture. Using ChargeCache
with 3D-stacked memories [81, 89] such as Wide I/O, HBM,
and HMC [74] is also straightforward. The difference is that,
for the technologies that implement the memory controller
in the logic layer, the DRAM controller, and hence ChargeCache, can be easily implemented in the logic layer of the
3D-stacked memory chip instead of the processor chip.
We also believe that the key idea of ChargeCache is not
limited to DRAM, and can potentially be applied to other memory technologies that store information in form of electrical
charge, such as NAND flash memory [10, 11, 12, 13, 14, 15, 16,
17, 18, 19, 92, 93].

8.3. Long-Term Impact
8.3.1. Reducing DRAM Latency. During the last several
decades, DRAM capacity increased significantly by shrinking
the feature size of the transistors. Similarly, more efficient
DRAM standards enabled memories with high bandwidth.
The new 3D-stacking technology offers even higher bandwidth by incorporating DRAM and the logic layer on the
same chip in a 3D-stacked manner. However, none of these
advances lead to large improvements in the row access latency of the DRAM arrays. Hence, DRAM latency is already
a critical bottleneck for system performance. Our work alleviates the DRAM latency problem with no overhead to the
area-optimized DRAM chip, which is difficult to change, and
with low overhead to the memory controller.
8.3.2. Row-Level Temporal Locality. Our paper is the first
work to observe row-level temporal locality (RLTL). Note that
RLTL is different from Row-Reuse Distance [63] that a prior
work studies. Row-Reuse Distance is a metric indicating
the number of accesses between two consecutive accesses to
the same row. On the other hand, RLTL indicates the time
7
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Fourth, ChargeCache is a low-cost mechanism, which does
not require any changes to the existing DRAM chips, and
requires only small changes to the memory controller. The
low cost makes the adoption of ChargeCache more feasible
in future systems than other proposed mechanisms, as these
systems will be bottlenecked by power consumption, and
thus by complexity [108].
Overall, we believe that ChargeCache will help to significantly reduce the memory access latency in future systems.
To this end, to aid future research, we have released the source
code of our ChargeCache simulator [123, 124] as part of our
Ramulator releases [122, 123].
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[32] R. Das, R. Ausavarungnirun, O. Mutlu, A. Kumar, and M. Azimi, “Applicationto-Core Mapping Policies to Reduce Memory System Interference in Multi-Core
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9. Conclusion
We introduce ChargeCache, a new, low-overhead mechanism that dynamically reduces the DRAM timing parameters
for recently-accessed DRAM rows. ChargeCache exploits
two key observations that we demonstrate in this work: 1)
a recently-accessed DRAM row has cells with high amounts
of charge and thus it can be accessed faster, and 2) many applications repeatedly access rows that are recently-accessed,
due to bank conflicts.
Our extensive evaluations of ChargeCache on both singlecore and multi-core systems show that it provides significant
performance benefit and DRAM energy reduction at very
modest hardware overhead. ChargeCache requires no modifications to the existing DRAM chips and occupies only a
small area on the memory controller.
We conclude that ChargeCache is a simple yet efficient
mechanism to dynamically reduce DRAM latency, which
significantly improves both the performance and energy efficiency of modern systems. We hope that our observation of
the phenomenon of row-level temporal locality and its simple
exploitation to reduce DRAM latency inspires other works to
develop other new techniques to improve memory subsystem
characteristics like performance, efficiency, and reliability.
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prises the foundation of the modern web [4, 151]. While such
datacenters are vital to the operation of companies such as
Facebook, Google, Microsoft, and Yahoo!, reducing the cost
of such large-scale deployments of machines poses a significant challenge to these and other companies. Recently, the
need for reduced datacenter cost has driven companies to
examine more energy-efficient server designs [38] and build
their datacenter installations in cold environments to reduce
cooling costs [49, 59] or use built-in power plants to reduce
electricity supply costs [139].
There are two main components of the total cost of ownership (TCO) of a datacenter [4]: (1) capital costs (those
associated with server hardware) and (2) operational costs
(those associated with providing electricity and cooling). Recent studies have shown that capital costs can account for
the majority (e.g., around 57% in [4]) of datacenter TCO, and
thus represent the main impediment for reducing datacenter
TCO. In addition, this component of datacenter TCO is only
expected to increase going forward as companies adopt more
efficient cooling and power supply techniques.
Of the dominant component of datacenter TCO (capital
costs associated with server hardware), the cost of server processors and memory represents the key component—around
60% in modern servers [77]. Furthermore, the cost of the
memory in today’s servers is comparable to that of the processors [77], and is likely to exceed processor cost for dataintensive applications such as web search and social media
services, which use in-memory caching to improve response
time [54, 127, 128, 129, 159] (e.g., a popular key–value store,
Memcached, has been used at Google and Facebook [54, 127]
for this purpose).
Exacerbating the cost of memory in modern servers is the
use of memory devices (such as dynamic random access memory, or DRAM) that provide error detection and correction.
This cost arises from two components: (1) quality assurance
testing performed by memory vendors to ensure devices sold
to customers are of a high enough caliber and (2) additional
memory capacity for error detection and correction. Device
testing has been shown to account for an increasing fraction
of the cost of memory for DRAM [2, 33]. The cost of additional memory capacity, on the other hand, depends on the
technique used to provide error detection and correction.
Table 1 compares several common memory error detection
and correction techniques in terms of which types of errors

This paper summarizes our work on characterizing application memory error vulnerability to optimize datacenter cost via
Heterogeneous-Reliability Memory (HRM), which was published
in DSN 2014 [104], and examines the work’s significance and
future potential. Memory devices represent a key component of
datacenter total cost of ownership (TCO), and techniques used
to reduce errors that occur on these devices increase this cost.
Existing approaches to providing reliability for memory devices
pessimistically treat all data as equally vulnerable to memory
errors. Our key insight is that there exists a diverse spectrum of
tolerance to memory errors in new data-intensive applications,
and that traditional one-size-fits-all memory reliability techniques are inefficient in terms of cost. For example, we found that
while traditional error protection increases memory system cost
by 12.5%, some applications can achieve 99.00% availability on
a single server with a large number of memory errors without
any error protection. This presents an opportunity to greatly
reduce server hardware cost by provisioning the right amount
of memory reliability for different applications.
Toward this end, in our DSN 2014 paper [104], we make three
main contributions to enable highly-reliable servers at low datacenter cost. First, we develop a new methodology to quantify
the tolerance of applications to memory errors. Second, using
our methodology, we perform a case study of three new dataintensive workloads (an interactive web search application, an
in-memory key–value store, and a graph mining framework)
to identify new insights into the nature of application memory
error vulnerability. Third, based on our insights, we propose
several new hardware/software heterogeneous-reliability memory system designs to lower datacenter cost while achieving
high reliability and discuss their trade-offs. We show that our
new techniques can reduce server hardware cost by 4.7% while
achieving 99.90% single server availability.
We believe the notion of HRM opens up a sea of opportunities
in optimizing memory system and overall system cost, reliability, efficiency, and performance in a manner that is aware of
applications’ tolerance to memory errors. Thus, our paper just
scratches the surface of a large HRM exploration space, which
we hope future works will undertake in various novel ways, in
a wide variety of systems, ranging from datacenters to mobile
and embedded systems.

1. Introduction
A warehouse-scale datacenter consists of many thousands
of machines running a diverse set of applications, and com-
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they are able to detect/correct and the additional amount of
capacity/logic they require (which, for DRAM devices, whose
design is fiercely cost-driven [120, 121], is proportional to
cost). Techniques range from the relatively low-cost (and
widely employed) parity, SEC-DED (single error correction,
double error detection), Chipkill [35], and DEC-TED (double error correction, triple error detection), all of which use
different error-correcting codes (ECC) to detect and correct
a small number of bits or chip errors, to the more expensive RAIM [111] and Mirroring [53] techniques that replicate
some (or all) of memory to tolerate the failure of an entire
DRAM dual in-line memory module (DIMM). The additional
cost of memory with high error-tolerance can be significant
(e.g., 12.5% of the total memory capacity for SEC-DED and
Chipkill, and as high as 125% for Mirroring).

additional hardware cost). All of these techniques are applied homogeneously to memory systems in a one-size-fits-all
manner.
Our goal in our DSN 2014 paper [104] is to (1) understand
how tolerant different data-intensive applications and different memory regions of each application are to memory
errors, and (2) design a new memory system organization
that matches hardware reliability to the error tolerance of
the application and the memory region in order to reduce
system cost. The main idea of our approach is to classify
applications and memory regions based on their memory
error tolerance, and map applications and memory regions
to heterogeneous-reliability memory (HRM) system designs
managed cooperatively between hardware and software to
reduce system cost. We make the following contributions:
1. A new methodology to quantify the tolerance of applications and their memory regions to memory errors. Our
approach measures the effect of memory errors on application correctness and quantifies an application’s ability
to mask or recover from memory errors.
2. A comprehensive characterization of the memory error
tolerance of three data-intensive workloads: an interactive
web search application [104,138], an in-memory key–value
store [34, 104], and a graph mining framework [103, 104].
We find that there exists an order of magnitude difference
in memory error tolerance across these three applications.
We also find that there exists an order of magnitude difference in memory error tolerance across different memory
regions of each application.
3. An exploration of the design space of a family of new memory system organizations, called heterogeneous-reliability
memory, which combines a heterogeneous mix of reliability techniques that leverage application and memory
region error tolerance to reduce system cost. We show that
an example use of our techniques reduces server hardware
cost by 4.7%, while achieving 99.90% single server availability, based on a preliminary evaluation of an example
HRM system.

Table 1: Memory error detection and correction techniques.
“X /Y Z” means a technique can detect/correct X out of every
Y failures of Z. n represents the parity of any odd number of
bits between 1 and 63. Adapted from [104].
Technique
Parity
SEC-DED
DEC-TED
Chipkill [35]
RAIM [111]
Mirroring [53]

Error Detection (Correction) Added Capacity Added Logic
n/64 bits (None)
2/64 bits (1/64 bits)
3/64 bits (2/64 bits)
2/8 chips (1/8 chips)
1/5 modules (1/5 modules)
2/8 chips (1/2 modules)

1.6%
12.5%
23.4%
12.5%
40.6%
125.0%

Low
Low
Low
High
High
Low

Yet even with well-tested and error-tolerant memory devices, recent studies from the field have observed a rising rate of
memory error occurrences [55, 72, 116, 120, 123, 141, 146]. This
trend presents an increasing challenge for ensuring high performance and high reliability in future systems, as memory
errors can be detrimental to both. In terms of performance,
existing error detection and correction techniques incur a
slowdown on each memory access due to their additional
circuitry [55, 92] and up to an additional 10% slowdown due
to techniques that operate DRAM at a slower speed to reduce
the chances of random bit flips due to electrical interference
in higher-density devices that pack more and more cells per
square nanometer [148]. In addition, whenever an error is detected or corrected on modern hardware, the processor raises
an interrupt that must be serviced by the system firmware
(e.g., BIOS), incurring up to 100 µs latency—roughly 2000×
the latency of a typical 50 ns memory access latency [58]—
leading to unpredictable slowdowns and sometimes even
system hangs [116].
In terms of reliability, memory errors can cause an application to slow down, hang, crash, or produce incorrect
results [40]. Software-level techniques such as the retirement
of regions of memory with errors [55, 76, 116, 118, 150] have
been proposed to reduce the occurrence of memory error
correction events and prevent correctable errors from turning into uncorrectable errors over time. Hardware-level
techniques, such as those listed in Table 1, are used to detect
and correct errors without software intervention (but with

2. Characterizing Memory Error Tolerance
We characterize three commonly-used data-intensive applications to quantify their tolerance to memory errors:
• WebSearch [138], an interactive web search application,
• Memcached [34], an in-memory key-value store, and
• GraphLab [103], a graph mining framework.
We run these three applications in real production systems,
and sample hundreds to tens of thousands of unique memory
addresses for each application.

2.1. Characterization Methodology
To understand how tolerant different data-intensive applications are to memory errors, our characterization consists
of three components: (1) characterizing the outcomes of memory errors on an application based on how they propagate
2
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through an application’s code and data, (2) characterizing
how safe or unsafe it is for memory errors to occur in different regions of an application’s data, and (3) determining how
amenable an application’s data is to recovery in the event of
an error. We describe the implementation of each component
in detail in Sections III and IV of our DSN 2014 paper [104].
We characterize an application’s vulnerability to a memory
error based on its behavior after a memory error is introduced (we assume for the moment that no error detection or
correction is being performed). Figure 1 shows a taxonomy of
memory error outcomes. Our taxonomy is mutually exclusive
(no two outcomes occur simultaneously) and exhaustive (it
captures all possible outcomes). At a high level, a memory
error may be either (1) masked by an overwrite, in which
case it is never detected and causes no change in application
behavior; or (2) consumed by the application. In the case
that an error is consumed by the application, it may either
(2.1) be masked by application logic, in which case it is never
detected and causes no change in application behavior; (2.2)
cause the application to generate an incorrect response; or
(2.3) cause the application or system to crash.

as follows. (1) We start the application under the error injection framework. Our memory error emulation framework
is described in Section IV of our DSN 2014 paper [104]. (2)
We use software debuggers1 to inject the desired number and
types of memory errors. (3) We initiate the connection of a
client and start executing the desired workload. (4) Throughout the course of the application’s execution, we check to
see if the machine has crashed; if it has, we log this outcome
and proceed to step (1) to begin testing once again. (5) If
the application finishes its workload, we check to see if its
output matches the expected results; if the output does not
match the expected results, we log this outcome and proceed
to step (1) to test again. Each run injects a particular pattern
of errors into the application. We can run this framework as
many times as needed to test an application with different
patterns of injected errors.
Start
1
(Re)Start App
2

1

Repeat

Memory Error

2
Masked by
Overwrite

2.1

Consumed by
Application

2.2
Masked by
Logic

2.3
Incorrect
Response

Inject Errors
(Soft/Hard)
3

4

System/
App Crash

5

Correct Result
Incorrect Result
(a) Memory Error Fates

Figure 1: Memory error outcomes. Reproduced from [104].

When we refer to the tolerance of an application to memory
errors, we mean the likelihood of an error occurring in some
data results in outcomes (1) or (2.1). Conversely, when we
refer to the vulnerability of an application to memory errors,
we mean the likelihood of an error occurring in some data
results in outcomes (2.2) or (2.3).
We have three design goals when implementing our methodology for quantifying application memory error tolerance.
First, due to the sporadic and inconsistent nature of memory
errors in the field [65, 72, 100, 116, 135, 141, 145, 146, 147], we
want to design a framework that emulates the occurrence
of a memory error in an application’s data in a controlled
manner. Second, we want an efficient way to measure how
an application accesses its data. Third, we want our framework to be easily adaptable to other workloads or system
configurations.
Figure 2 shows a flow diagram illustrating the five steps
involved in our error emulation framework. We assume that
the application under examination has already been run outside of the framework and its expected output without any
memory errors has been recorded. The framework proceeds

Run Client
Workload

App
Crash?

YES

NO
Compare Result
with Expected
Output

Figure 2: Memory error(b)emulation
framework. Reproduced
Error Injection
from [104].
Framework

There are two main types of memory errors: (1) soft or
transient errors and (2) hard or recurring errors.2 Soft memory errors occur at random due to charged particle emissions from chip packaging or the atmosphere [110]. Hard memory errors may occur from physical device defects or wearout [55,141,146], and are influenced by environmental factors
such as humidity, temperature, and utilization [141, 144, 147].
Hard errors typically affect multiple bits (for example, large
memory regions and entire DRAM chips have been shown
to fail [55, 146, 147]). Our characterization covers single-bit
soft and hard errors. For a detailed background on DRAM,
we refer the reader to prior works [24, 25, 26, 27, 51, 52, 66, 71,
72, 73, 74, 75, 83, 84, 85, 86, 87, 99, 100, 131, 142, 143].

1 WinDBG

[119] in Windows and GDB [42] in Linux.

2 Recent studies [62,64,65,72,100,135] examined the effects of intermittent

and access-pattern dependent errors, which are increasingly common as
DRAM technology scales down to smaller technology nodes [120].
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Figure 4: Memory region variations in vulnerability to singlebit soft and hard memory errors for the applications in terms
of (a) probability of crash and (b) frequency of incorrect results. Reproduced from [104].

user, in which case the likelihood of the user being exposed
to an error is much lower than the reported probabilities. We
therefore conclude that memory reliability techniques that
treat all memory regions within an application similarly are
inefficient because there exists significant variance in the error
tolerance among different memory regions.
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1E+4

5
0

# Incorrect/Billion Queries

Probability of Crash (%)

We summarize two of the most important findings from
our characterization below. We briefly list four other findings
in Section 2.3, and describe all six of our findings in detail in
Section V-B of our DSN 2014 paper [104].
Finding 1: Error Tolerance Varies Across Applications. Figure 3(a) plots the probability of each of the evaluated three applications crashing due to the occurrence of
single-bit soft or hard errors in their memory (we call this
application-level memory error vulnerability). For cases where
the application does not crash, Figure 3(b) plots the rate of
incorrect results per billion application queries under the
same conditions. We draw two key observations from these
results.
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2.2. Key Findings
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Soft Error

Hard Error

(a) Application vulnerability

1E+0

Soft Error

2.3. Other Findings

Hard Error

In Section V-B of our DSN 2014 paper [104], we discuss four
other findings that we make based on our characterization
data. These findings focus on the memory error tolerance of
WebSearch, which we find to be representative of the behavior
of all three of our characterized applications. In particular,
we find that:
• More severe failures (i.e., failures that lead to system downtimes) due to memory errors tend to crash the application
or system quickly, while less severe failures tend to generate incorrect results periodically.
• Some memory regions are safer than others. This indicates
that either an application’s access pattern or computational operations on different memory regions can be the
dominant factor to mask a majority of memory errors.
• More severe errors mainly decrease correctness, as opposed
to increase an application’s probability of crashing.
• Data recoverability varies across memory regions. For
data-intensive applications like WebSearch, software-only
memory error tolerance techniques are a promising direction for enabling reliable system designs.

(b) Application incorrectness

Figure 3: Inter-application variations in vulnerability to
single-bit soft and hard memory errors for the three applications in terms of (a) probability of crash and (b) frequency
of incorrect results. Reproduced from [104].

First, there exists a significant variance in vulnerability
among the three applications both in terms of crash probability and in terms of incorrect result rate, which varies by
up to six orders of magnitude. Second, these characteristics
may differ depending on whether errors are soft or hard (for
example, the number of incorrect results for WebSearch differs by over two orders of magnitude between soft and hard
errors, with hard errors being more problematic). We therefore conclude that memory reliability techniques that treat
all applications similarly are inefficient because there exists
significant variation in error tolerance among applications.
Finding 2: Error Tolerance Varies Within an Application. Figure 4(a) plots the probability of each of the three
applications crashing due to the occurrence of single-bit soft
or hard errors in different regions of their memory address
space. Figure 4(b) plots the rate of incorrect results per billion
queries under the same conditions, for cases where a crash
did not occur.
We make two observations from Figure 4. First, for some
memory regions, the probability of an error leading to a crash
is much lower than for others (for example, in WebSearch, the
probability of a hard error leading to a crash in the heap or
private memory regions is much lower than in the stack memory region). Second, even in the presence of memory errors,
some regions of some applications are still able to tolerate
memory errors (perhaps at reduced correctness). This may be
acceptable for applications such as WebSearch that aggregate
results from several servers before presenting them to the

3. Heterogeneous-Reliability Memory
Based on the findings from our experimental characterization, we propose heterogeneous-reliability memory
(HRM), a software/hardware cooperative framework that employs different levels of memory reliability within a single
main memory subsystem to optimize datacenter cost based
on the memory error tolerance level of applications and their
memory regions. We examine three dimensions, and their
benefits and trade-offs in the design space, for systems with
heterogeneous reliability memory: (1) hardware techniques
to detect and correct errors, (2) software responses to errors,
and (3) the granularity at which different techniques are used.
4
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Table 2 lists the techniques we considered in each of the
dimensions along with their potential benefits and trade-offs.
Using WebSearch as an example application, we evaluate
and compare five example design points (three non-HRM
systems, and two HRM systems):
• Typical Server (non-HRM): A baseline configuration resembling a typical server deployed in a modern datacenter.
All memory is homogeneously protected using SEC-DED
ECC.
• Consumer PC (non-HRM): Consumer PCs typically
have no hardware protection against memory errors, reducing both their cost and reliability.
• Detect&Recover (HRM): Based on our observation that
some memory regions are safer than others, we consider an HRM system design that, for the private region,
uses parity in hardware to detect errors and responds by
correcting them with a clean copy of data from disk in
software (Par+R, parity and recovery), and uses neither
error detection nor correction for the rest of its data.
• Less-Tested (L; non-HRM): Testing increases both the
cost and average reliability of memory devices [120, 121,
131]. This system examines the implications of using lessthoroughly-tested memory throughout the entire memory
system.
• Detect&Recover/L (HRM): This system evaluates the Detect&Recover design with less-tested memory. ECC is used
in the private region and Par+R in the heap to compensate
for the reduced reliability of the less-tested memory.
Section VI-A of our DSN 2014 paper [104] discusses (1) the
metrics we use to evaluate the benefits and costs of the designs, and (2) the memory error model we use to examine
the effectiveness of the five designs. We refer the reader to
Section VI-A in [104] for detail and a full understanding.
Our evaluation illustrates the inefficiencies of traditional
homogeneous approaches to memory system reliability, as

well as the benefits of heterogeneous-reliability memory system designs. Figure 5 shows the cost savings and single
server availability for our five evaluated design points. We
observe from the figure that the two highlighted example
HRM design points (in orange color), which leverage our
heterogeneous-reliability memory system design, both can
achieve our target single server availability of 99.90% while
reducing server hardware cost by 2.9% and 4.7% respectively.
We therefore conclude that heterogeneous-reliability memory
system designs can enable systems to achieve both high cost
savings and high single server availability/reliability at the
same time.
Detect&Recover/L
Less-Tested(L)
Detect&Recover
Consumer PC

99.90

4.7
8.1
2.9

97.78
99.93

3.3

99.55

Typical Server
0 2 4 6 8
Server HW cost savings (%)

97
98
99
100
Single server availability (%)

Figure 5: Comparison of server hardware cost savings and
single server availability for the five design points. Results
extracted from [104]. Orange bars indicate HRM designs.

Section VI of our DSN 2014 paper [104] contains a detailed analysis of HRM, including (1) memory cost savings
(Section VI-B of [104]), (2) the expected crash and incorrect query frequency for each configuration (Section VIB of [104]), (3) the maximum number of tolerable errors per month for each application to achieve a reliability target (Section VI-B of [104]), and (4) a discussion
of hardware/software support for and feasibility of HRM
(Section VI-C of [104]). We summarize the key empirical
findings here:
• Our two example HRM designs, Detect&Recover and Detect&Recover/L, reduce memory costs by 9.7% and 15.5%,

Table 2: Heterogeneous reliability design dimensions, example techniques, and their potential benefits and trade-offs. Adapted from [104].
Design dimension

Technique

Benefits

Trade-offs

Example hardware
techniques

No detection/correction
Parity
SEC-DED/DEC-TED
Chipkill [35]
Mirroring [53]
Less-Tested DRAM

No associated overheads (low cost)
Relatively low cost with detection capability
Tolerate common single-/double-bit errors
Tolerate single-DRAM-chip errors
Tolerate memory module failure
Saved testing cost during manufacturing

Unpredictable crashes and silent data corruption
No hardware correction capability
Increased cost and memory access latency
Increased cost and memory access latency
100% capacity overhead
Increased error rates

Example software
responses

Consume errors in application Simple, no performance overhead
Unpredictable crashes and data corruption
Automatically restart application Can prevent unpredictable application behavior May make little progress if error is frequent
Retire memory pages
Low overhead, effective for repeating errors
Reduces memory space (usually very little)
Conditionally consume errors
Flexible, software vulnerability-aware
Memory management overhead to make decision
Software correction
Tolerates detectable memory errors
Usually has performance overheads

Usage granularity

Physical machine
Virtual machine
Application
Memory region
Memory page
Cache line

Simple, uniform usage across memory space
More fine-grained, flexible management
Manageable by the OS
Manageable by the OS
Manageable by the OS
Most fine-grained management

5
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Costly depending on technique used
Host OS is still vulnerable to memory errors
Does not leverage different region tolerance
Does not leverage different page tolerance
Does not leverage different data object tolerance
Large management overhead; software changes

respectively, compared to the cost of the Typical Server
system, which does not use HRM.
• The two example HRM designs limit the number of crashes
to 3 and 4 per server per month, respectively, and limit the
incorrect query frequency to 9 and 12 per million queries,
respectively.
• Without any error detection/correction, two out of our
three evaluated applications (WebSearch and Memcached)
are able to achieve 99.00% single server availability.
We therefore conclude that heterogeneous-reliability memory system designs can enable systems to achieve both high
cost savings and high single server availability/reliability at
the same time. We believe that there is significant opportunity in many data-intensive applications for reducing server
hardware cost while achieving high single server availability/reliability using our heterogeneous-reliability design methodology.

works observe how specific factors affect DRAM errors, analyzing the impact of temperature [37,86] and hard errors [55].
A large number of works study errors through controlled
experiments, usually using FPGA-based DRAM testing infrastructures like SoftMC [51], to investigate errors due to
retention time [51, 62, 63, 64, 65, 99, 100, 131, 135], disturbance
from neighboring DRAM cells [60, 70, 72, 120], latency variation across/within DRAM chips [21, 23, 25, 82, 83, 86], and
supply voltage [23, 27]. None of these works study memory
errors in a system with heterogeneous-reliability memory.
Classifying Application Error Tolerance. Error injection techniques based on hardware watchpoints [92, 112],
binary instrumentation [89], and architectural simulation [93]
have been used to investigate the impact of memory errors
on application behavior, including execution times, application/system crashes, and output correctness. These works
study a range of applications including SPEC CPU benchmarks, web servers, databases, and scientific applications. In
general, these works conclude that not all memory errors
cause application/system crashes and many memory errors
can be tolerated with minimal difference in the application
outputs. We generalize this observation to data-intensive applications, and leverage it to reduce datacenter TCO. Recent
work [149] develops a Markov-chain model for the error tolerance of HPC applications. Approximate computing techniques [8, 39, 57], where the precision of program output can be
relaxed to achieve better performance or energy efficiency, offer further opportunities for leveraging the error-tolerance of
application data, though these typically require very careful
changes to the program source code.
Hardware-Based Memory Reliability Techniques.
There are various ECC techniques for memory, and we list
the most dominant ones in Table 1. Using eight bits, SECDED can correct a single bit flip and detect up to two bit
flips out of every 64 bits. DEC-TED is a generalization of
SEC-DED that uses fourteen bits to correct two and detect
three flipped bits out of every 64 bits. Chipkill [35] improves
reliability by interleaving error detection and correction data
among multiple DRAM chips. RAIM [111] is able to tolerate
entire DIMMs failing by storing detection and correction data
across multiple DIMMs. Virtualized ECC [155] maps ECC to
software-visible locations in memory so that software can
decide what ECC protection to use. While Virtualized ECC
can help reduce the DRAM hardware cost of memory reliability, it requires modification to the processor’s memory
management unit and cache(s).
Recent works propose new hardware-based techniques to
tolerate soft and hard memory errors efficiently. We break
these down into four categories: (1) Tolerating soft errors:
BambooECC [67] proposes a new single-tier ECC family that
enables adaptive graceful downgrade of ECC capabilities. CleanECC [45] provides both high memory reliability and flexible memory access granularity by using fine-grained error
detection and coarse-grained error correction. XED [126]

4. Related Work
To our knowledge, our DSN 2014 paper [104] is the first
to (1) perform a comprehensive analysis of memory error
vulnerability for data-intensive datacenter applications across
a range of different memory error types; (2) propose the idea of
heterogeneous reliability memory, which consists of multiple
memory types with different levels of reliability and error
handling mechanisms; and (3) evaluate the cost-effectiveness
of different heterogeneous-reliability memory organizations
with hardware/software cooperation. We discuss related research in memory error vulnerability and DRAM architecture below, categorizing the works into six broad classes:
(1) memory errors in datacenters, (2) characterizing application error tolerance, (3) hardware-based memory reliability
techniques, (4) software-based memory reliability techniques,
(5) exploiting application error tolerance, and (6) heterogeneous (hybrid) memory architectures.
Studies of Memory Errors. Various works [92, 116, 141,
145, 146, 147] have conducted studies of DRAM error rates
that are deployed in production datacenters, studying failures
across a large sample size. These works note that memory
errors occur frequently in datacenters, and are induced by a
number of error sources. In particular, one of these studies
empirically demonstrates the increased memory errors and
increased memory cost to tolerate these errors in large-scale
datacenters [116]. A recent work [48] examines how various hardware and software techniques to detect and mitigate
errors introduce significant performance degradation in production datacenters. This work shows that for WebSearch,
software error handling techniques can induce a performance
overhead of 3746× [48]. These studies motivate the need for
a low-overhead, cost-effective approach to memory reliability, and motivate us to further explore hardware–software
cooperative techniques such as HRM.
There are several studies that characterize various sources of errors in DRAM at a fine granularity. Many of these
6
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uses in-DRAM ECC to reduce the overhead of double Chipkill. (2) Tolerating hard errors: ArchShield [124] proposes
an architectural framework to identify and tolerate hard errors caused by DRAM cell failures. Citadel [125] proposes
to tolerate large-granularity failures, such as row/bank failures, by replacing them with spares. Other works propose to
identify and mitigate potentially recurring memory errors by
page offlining [116], online testing [65, 131], and multi-rate
refresh [99, 135]. (3) Reducing memory cost: FrugalECC [68]
proposes a new flexible granularity compression to reduce
the redundancy and energy consumption of ECC. Morphable
ECC [29] proposes to reduce DRAM refresh overhead by reducing ECC strength to 6-bit ECC when the DRAM is in idle
mode. (4) End-to-end memory error protection: AIECC [69]
provides end-to-end protection for clock, control, command,
and address (CCCA) signals in addition to data signals.
Software-Based Memory Reliability Techniques. Previous works (e.g., [55, 116, 140, 150]) show that the OS retiring
memory pages after a certain number of errors can eliminate up to 96.8% of detected memory errors. While these
techniques improve system reliability, they still require costly
ECC hardware for detecting and identifying memory pages
with errors. Other works attempt to reduce the impact of
memory errors on system reliability by writing more reliable
software [7], modifying the OS memory allocator [132], or
using a compiler to generate a more error-tolerant version of
the program [5,22]. Other algorithmic solutions (e.g., memory
bounds checks [88], watchdog timers [88], and checkpoint
recovery [30, 31, 32, 90, 91, 95, 96, 97, 153, 154]) can also be used
to improve resilience to memory errors.
Li et al. [98] propose to deploy software-based ECC in
an in-memory key-value store, and show that it incurs low
performance overhead. Recent works [149,161] improve upon
traditional RAIM-3 and use selective replication to reduce
unnecessary memory redundancy. SDECC [46, 47] proposes
to use strong error detection in the hardware, while tolerating
hard memory errors and recovering from soft errors in the
software.
Exploiting Application Error Tolerance. Flikker [102]
proposes a technique to trade off DRAM reliability for energy
savings. It relies on the programmer to separate application
data into vulnerable or tolerant data. Less reliable mobile
DIMMs have been proposed [109, 156] as a replacement for
ECC DIMMs in servers to improve energy efficiency. Recent work [128] shows that RAMCloud can recover 35 GB of
data from a failed server in 1.6 seconds using a log-structure
storage.
Heterogeneous (Hybrid) Memory Architectures. Various recent works (e.g., [1, 6, 28, 36, 44, 94, 101, 113, 114, 133,
134, 136, 137, 157, 158, 160]) explore the use of heterogeneous
memory architectures, consisting of multiple different types
of memories. These works are mainly concerned with either
mitigating the overheads of emerging memory technologies
or improving performance and power efficiency. They do not

investigate the use of multiple devices with different error
correction capabilities. CREAM [107] and Odd-ECC [108] develop low-cost techniques to provide flexible provisioning of
memory error correction capabilities. Recent works [3, 152]
apply our heterogeneous reliability idea to processor caches
to achieve better cost-reliability trade-offs.

5. Significance and Long-Term Impact
We believe that our DSN 2014 paper [104] will have longterm impact for three major reasons. First, it emphasizes
and aims to solve the increasing cost of ensuring memory
reliability as the error rates of memory devices continue to
grow, which is a major trend as memory technology scales
to smaller technology nodes [120, 121]. Second, it tackles
memory system cost in datacenters, which is a problem that
we expect will be increasingly important in the future. Third,
it proposes a novel framework that uses hardware–software
co-design to improve memory system reliability as well as
cost, thereby hopefully inspiring future works to exploit software characteristics to improve system reliability and reduce
system cost (and other important metrics).
Increasing Memory Error Rate. As DRAM scales to
smaller process technology nodes, the reliability of DRAM
continues to degrade [55, 61, 116, 120, 121, 122, 123, 141, 145,
146, 147]. For example, recent works 1) show the existence
of disturbance errors in commodity DRAM chips operating
in the field [72, 120]; 2) experimentally demonstrate the
increasing importance of retention-related failures in modern DRAM devices [51, 62, 63, 64, 65, 99, 100, 131, 131, 135];
3) examine the trade-off between DRAM reliability and latency [21,23,25,27,51,66,82,83,86]; and 4) advocate, including
in a paper co-written by the Samsung and Intel memory design teams [61], for the use of in-DRAM error correcting
codes to overcome the reliability challenges [61, 135]. As a result of decreasing DRAM reliability, maintaining the effective
error rate at the levels we have today can (1) increase DRAM
cost due to decreased yield, expensive quality assurance tests,
and/or extra capacity for storing stronger error-correcting
codes; or (2) reduce DRAM performance due to frequent
error correction and logging. All of these solutions might
make DRAM technology scaling more difficult and less appealing [120, 121, 122]. Our paper proposes a solution that
enables the use of DRAM with higher error rates while still
achieving reasonable application reliability, which can enable
much more efficient scaling of DRAM to smaller technology
nodes in the future.
Other memory technologies such as NAND flash memory [9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 43, 105, 106, 115],
phase-change memory (PCM) [79, 80, 81, 114, 117, 136] and
STT-MRAM [78, 114] also show a similar decreasing trend
in their reliability with process technology scaling and the
advent of multi-level cell (MLC) technology [121]. For example, like DRAM, NAND flash memory suffers from retention errors [9, 10, 11, 13, 14, 15], cell-to-cell program in7
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terference errors [9, 10, 11, 14, 17, 19], and read disturb errors [9, 10, 11, 14, 20]. Additionally, NAND flash memory
suffers from program/erase cycling errors [14, 18], and programming errors [12, 105, 130]. PCM suffers from endurance
issues [79, 81, 136] and resistance drift [56]. HRM can be applied to these memory technologies with slight modifications
to enable reliable high-density non-volatile devices in the
future.
Increasing Datacenter Cost. Recent studies have shown
that capital costs can account for the majority (e.g., around
57% in [4]) of datacenter TCO (total cost of ownership). As
part of the cost of a server, the cost of the memory is comparable to that of the processors [77], and is likely to exceed
processor cost and become the dominant cost for servers
running data-intensive applications such as web search and
social media services [34, 103, 138]. As future datacenters
grow in scale, datacenter TCO will become an increasingly
important factor in system design. Our paper demonstrates
a way of optimizing datacenter TCO by reducing the cost of
the memory system. The cost savings can be significant due
to the increasing scale of such datacenters [50], making our
proposed technique hopefully more important in the future.
Hardware–Software Co-Design.
Our solution,
heterogeneous-reliability memory, utilizes hardware–
software cooperative design to reduce system cost. Our DSN
2014 paper [104] demonstrates the benefits of exploiting
application characteristics to improve overall system design.
For example, it shows that a significant number of errors can
be corrected in software by reloading a clean copy of the data
from storage. This motivates us to rethink the placement of
different functionalities (such as error detection and error
correction) across different system components and across
software versus hardware to improve the cost–reliability
trade-off.
Our DSN 2014 paper [104] has started a community discussion [50] on the feasibility of solving the problem of memory
reliability by exploiting application memory error tolerance
in the future, inspiring reporters to ask the question: “How
good does memory need to be?” We hope that our characterization results and mechanisms will hopefully continue to
inspire future works that can provide efficient and extensive
characterization/estimation of application-level memory error tolerance [41], which can make our proposed technique
applicable to a broader set of applications.
Two example works that build on ours include OddECC [108] and CREAM [107]. Odd-ECC provides a mechanism to enable different levels of fault tolerance for the data
stored in a commodity DRAM module. Odd-ECC maps the
ECC bits to a memory address aligned with the data so that
the memory controller can access both the data and the ECC
bits efficiently. CREAM provides a mechanism to dynamically
adjust the tradeoff between memory capacity/bandwidth used
for ECC bits and fault tolerance within an ECC DRAM module. CREAM proposes several data layouts that reduce page

faults and improve memory performance significantly when
strong fault tolerance is not needed.

6. Conclusion
In our DSN 2014 paper [104], we develop a new methodology to quantify the tolerance of applications to memory
errors. Using this methodology, we perform a case study
of three new data-intensive workloads that show, among
other new insights, that there exists a diverse spectrum of
memory error tolerance both within and across these applications. Based on this observation, we introduce the idea of
heterogeneous-reliability memory (HRM), which combines
multiple different memories that have different reliability characteristics and error correction capabilities. We propose new
hardware/software heterogeneous-reliability memory system
designs, and evaluate them to show that (1) the one-size-fitsall approach to reliability in modern servers is inefficient
in terms of cost, and (2) heterogeneous-reliability systems
can achieve the benefits of both low cost and high single
server availability/reliability. We hope that our techniques
can enable the use of lower-cost memory devices to reduce
the server hardware cost of datacenters, and that our analyses will spur future research on heterogeneous-reliability
memory systems. As DRAM technology scales into small feature sizes and becomes less reliable and memory cost becomes
more important in datacenters in the future, we hope that
our findings and ideas will inspire more research to improve
the cost–reliability trade-off in memory systems. We believe
different HRM designs can be employed to optimize other key
trade-offs and target metrics (e.g., performance vs. energy
consumption) in modern systems. Our DSN 2014 paper just
scratches the surface of a large amount of research and design
space to be explored.
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DRAM memory system (not taking PCM’s capacity benefit into
account) on our evaluated workloads.

1. Introduction
Multiprogrammed and multithreaded workloads on chip
multiprocessors require large amounts of main memory to
support the working sets of many concurrently-executing
threads. The demand for memory is increasing rapidly, as the
number of cores or accelerators (collectively called agents) on
a chip continues to increase and data-intensive applications
become more widespread [35, 87, 91, 109]. Dynamic Random
Access Memory (DRAM) is used to compose main memory in
modern computers. Though strides in DRAM manufacturing
process technology have enabled DRAM to scale to smaller
feature sizes, and, thus, higher densities (capacity per unit
area), it is predicted that DRAM density scaling will result in
higher costs and lower reliability as the process technology
feature size continues to decrease [19,45,50,64,75,87,88,91,99,
117]. Satisfying increasingly higher memory demands with
exclusively DRAM will soon become too expensive in terms
of both cost and energy.1

We propose a new memory controller design that improves
hybrid memory performance and energy efficiency. We observe
that both DRAM and NVM banks employ row buffers that act
as a cache for the most recently accessed memory row. Accesses
that are row buffer hits incur similar latencies (and energy
consumption) in both DRAM and NVM, whereas accesses that
are row buffer misses incur longer latencies (and higher energy
consumption) in NVM than in DRAM. To exploit this, we devise
a policy that caches heavily-reused data that frequently misses
in the NVM row buffers into DRAM. Our policy tracks the row
buffer miss counts of recently-used rows in NVM, and caches in
DRAM the rows that are predicted to incur frequent row buffer
misses. Our proposed policy also takes into account the high
write latencies of NVM, in addition to row buffer locality and
more likely places the write-intensive pages in DRAM instead
of NVM.

1.1. Non-Volatile Memory
Emerging non-volatile memory (NVM) technologies such as
phase-change memory (PCM) [55, 56, 57, 79, 97, 123, 126], spintransfer torque magnetic RAM (STT-MRAM) [21, 38, 54, 92],
resistive RAM (ReRAM) [24, 70, 110], and 3D XPoint [81],
have shown promise for future main memory system designs
to meet the increasing memory capacity demands of dataintensive workloads. With projected scaling trends, NVM
cells can be manufactured more easily at smaller feature sizes
than DRAM cells, achieving high density and capacity [21, 25,
26, 38, 54, 55, 56, 57, 70, 79, 92, 97, 99, 119, 123, 126, 131]. This is
due to two reasons: (1) while a DRAM cell stores data in the
form of charge, an NVM cell uses resistive values to represent
the data, which is expected to scale to smaller feature sizes;
and (2) unlike DRAM, several NVM devices use multi-level
cell technology, which stores more than one bit of data per
memory cell.
For example, PCM is a non-volatile memory technology
that stores data by varying the electrical resistance of a material known as chalcogenide [55, 99, 123]. A PCM memory

We evaluate our proposal using a hybrid memory consisting of DRAM and phase-change memory (PCM), a representative type of non-volatile memory. Compared to a conventional
DRAM–PCM hybrid memory system that caches frequentlyaccessed data in DRAM, our row buffer locality-aware hybrid
memory system improves average system performance by 14%,
and average energy efficiency by 10%, on data-intensive server
and cloud workloads. Our proposed hybrid memory system
achieves a 31% performance gain over an all-PCM memory
system, and comes within 29% of the performance of an all-

1 We

refer the reader to our prior works [17, 18, 19, 20, 39, 40, 48, 49, 50, 51,
52,53,61,62,63,64,65,67,68,93,105,107] for a detailed background on DRAM.
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cell is programmed by applying heat (via electrical current)
to the chalcogenide and then cooling it at different rates, depending on the data to be stored. Rapid quenching places
the chalcogenide into an amorphous state which has high
resistance, representing the bit value of ‘0’ in single-level
cell PCM, and slow cooling places the chalcogenide into a
crystalline state which has low resistance, representing the
bit value of ‘1’ in single-level cell PCM. Multi-level cell PCM
can store multiple bits of data by providing more than two
distinguishable resistance levels for each cell, very similar to
the MLC NAND flash technology that is prevalent in modern
storage systems [6, 7, 8, 9, 10, 11, 12, 12, 13, 14, 15, 16, 73, 96, 126].
However, NVM has a number of disadvantages. Compared
to DRAM, NVM typically has a longer access latency, higher write energy, and lower endurance [55, 97]. For example,
PCM’s long cooling duration required to crystallize chalcogenide leads to high PCM write latency, high read (sensing)
latency, high read energy, and high write energy compared
to those of DRAM [77]. Furthermore, the repeated thermal
expansions and contractions of a PCM cell during programming lead to finite write endurance, which is estimated at 108
writes, an issue not present in DRAM [55].
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Figure 1: Memory cells organized in a 2D array of rows and
columns. Reproduced from [125].

Once the contents of a row are latched in the row buffer,
subsequent memory requests to that row are served promptly
from the row buffer, without having to bear the delay of
accessing the array. Such memory accesses are called row
buffer hits. However, if a row different from the one latched
in the row buffer is requested, then the newly requested row
is read from the array into the row buffer (replacing the row
buffer’s previous contents). Such a memory access incurs
the high latency and energy of activating the array, and is
called a row buffer miss. Row buffer locality (RBL) refers to the
repeated reference to a row while its contents are in the row
buffer. Memory requests to data with high row buffer locality
are served efficiently (at low latency and energy) without
having to frequently re-activate the memory cell array.

1.2. Hybrid Memory Systems
Hybrid memory systems [1,4,5,22,29,30,34,66,76,94,95,97,
100,129] aim to combine the strengths of DRAM and emerging
memory technologies (e.g., NVM, reduced-latency DRAM [64,
80, 104], reduced reliability DRAM [74, 97]). Many previous
DRAM-NVM hybrid memory system designs employ DRAM
as a small cache [97] or write buffer [29, 129] to NVM of large
capacity. In this work, we utilize PCM to provide increased
overall memory capacity (which leads to reduced page faults
in the system), while the DRAM cache serves a large portion
of the memory requests at low latency and low energy with
high endurance. The combined effect increases overall system
performance and energy efficiency [97]. A key question in
the design of a DRAM-PCM hybrid memory system is how
to place data between DRAM and PCM to best exploit the
strengths of each technology while avoiding their weaknesses
as much as possible.

2. Row Buffer Locality-Aware Caching Policy
Our ICCD 2012 paper [125] proposes Row Buffer LocalityAware (RBLA) caching policies, which a hybrid memory controller can use to guide data placement. RBLA can be used in
any hybrid memory system where each underlying memory
technology consists of banks with row buffers. We study
an example hybrid memory system that consists of a large
amount of PCM backed by a small DRAM cache [66,72,76,97],
whose organization is shown in Figure 2. Our main observation is that memory requests that hit in the row buffer incur
similar latencies and energy consumption in both DRAM and
PCM [55, 57], whereas requests that miss in the row buffer

1.3. Memory Device Architecture
In our ICCD 2012 paper [125], we develop new mechanisms for deciding how data should be placed in a DRAMPCM hybrid memory system. Our main observation is that
both DRAM and PCM devices consist of banks that employ
row buffer circuitry. The organization of a memory bank is
illustrated in Figure 1. Cells (memory elements) are typically
laid out in arrays of rows (cells sharing a common wordline)
and columns (cells sharing a common bitline). An access to
the array occur at the granularity of a row. To read from
the array, a wordline is first asserted to select a row of cells.
Then, through the bitlines, the contents of the selected cells
are detected by sense amplifiers (labeled S/A in the figure)
and latched by peripheral circuitry known as the row buffer.

CPU

Memory Channel
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DRAM Cache
(Low Capacity)

DRAM
Ctlr.
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...
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Figure 2: DRAM-PCM hybrid memory system organization.
Reproduced from [125].
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incur higher latency and energy in PCM than in DRAM. As a
result, placing data that mostly leads to row buffer hits (i.e.,
data that has high row buffer locality) in DRAM provides little
benefit over placing the same data in PCM. On the other hand,
placing heavily reused data that leads to frequent row buffer
misses (i.e., data that has low row buffer locality) in DRAM
avoids the high latency and energy of PCM array accesses.
This observation is illustrated in the example shown in
Figure 3. In the example, the service timelines for memory
requests to rows A–D are shown. Prior hybrid memory and
cache management proposals seek to improve the reuse of
data placed in the cache and reduce the access bandwidth of
the next level of memory (e.g., [43,98]). We call this approach
to cache management conventional mapping. Conventional
mapping (top half of Figure 3) can place rows A and B (which
have low row buffer locality) both in PCM, causing the high
PCM array latency to become a bottleneck. In contrast, row
buffer locality-aware mapping (bottom half of Figure 3) places
rows A and B in DRAM such that they can benefit from
DRAM’s lower array latency, leading to faster overall memory
service.2 Placing rows C and D (high row locality) in DRAM
provides little benefit over placing them in PCM.
Based on this observation, we devise a hybrid memory
caching policy that caches in DRAM the rows that mostly miss
in the row buffer and are frequently reused. To implement this
policy, the memory controller maintains a count of the row
buffer misses for recently-used rows in PCM, and places in
DRAM the data of rows whose row buffer miss counts exceed
a certain threshold (dynamically adjusted at runtime in the
RBLA-Dyn mechanism, which we describe in Section 2.3).

a cache, however its data payload per entry is a single row
buffer miss counter.
On each PCM access, the memory controller looks for an
entry in the stats store using the address of the accessed row.
If there is no corresponding entry, a new entry is allocated
for the accessed row, possibly evicting an older entry. If the
access results in a row buffer miss, the row’s row buffer miss
counter is incremented. If the access results in a row buffer
hit, no additional action is taken.

2.2. Triggering Row Caching
Rows that exhibit low row buffer locality and high reuse
will have high row buffer miss counter values. The RBLA
mechanism selectively caches these rows by triggering the
caching of a row in DRAM when the row’s row buffer miss
counter exceeds a threshold value, MissThresh. Setting this
MissThresh to a low value causes more rows with a higher
row buffer locality to be cached.
Caching rows based on their row buffer locality attempts
to migrate data between PCM and DRAM only when such
data movement is beneficial. This affects system performance
in three ways. First, placing in DRAM rows that have low row
buffer locality improves average memory access latency, due
to the lower row buffer miss latency of DRAM compared to
PCM. Second, by selectively caching data that benefits from
being migrated to DRAM, RBLA reduces unnecessary data
movement between DRAM and PCM (i.e., data that frequently
hits in the row buffer incurs the same access latency in PCM
as in DRAM, and is thus left in PCM). This reduces memory
bandwidth consumption, allowing more bandwidth to be used
to serve demand requests, and enables better utilization of the
DRAM cache space. Third, allowing data that frequently hits
in the row buffer to remain in PCM contributes to balancing
the memory request load between DRAM and PCM.
To prevent rows with low reuse from gradually building up
large enough row buffer miss counts over an extended period
of time to exceed MissThresh and trigger row caching, we

2.1. Measuring Row Buffer Locality
The RBLA mechanism tracks the row buffer locality statistics for a small number of recently-accessed rows, in a
hardware structure called the stats store. The stats store resides in the memory controller, and is organized similarly to
2 Even though the figure shows some requests being served in parallel,
if the individual requests arrived in the same order at different times, the
average request latency would still be improved significantly.

Figure 3: Conceptual example showing the importance of row buffer locality-awareness in hybrid memory data placement
decisions. Reproduced from [125].
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apply a periodic reset to all of the row buffer miss count values.
We set this reset interval to 10 million cycles empirically.

3. Evaluation Methodology
We use a cycle-level in-house x86 multi-core simulator,
whose front-end is based on Pin. The simulator is an early
predecessor of Ramulator [53, 103] and the ThyNVM simulator [100]. We collect results using multiprogrammed workloads consisting of server- and cloud-type applications (including TPC-C/H [118], Apache Web Server, and video processing benchmarks) for a 16-core system. We compare our row
buffer locality-aware caching policy (RBLA) against a policy
that caches data that is frequently accessed (FREQ, similar in
approach to [43]). We use this competitive baseline because
we find that conventional LRU caching performs worse due
to its high memory bandwidth consumption. FREQ caches a
row when the number of accesses to the row exceeds a threshold value. FREQ-Dyn adopts the same dynamic threshold
adjustment algorithm as RBLA-Dyn (Section 2.3). Our methodology and workloads are described in detail in Section VI
of our ICCD 2012 paper [125].

2.3. Dynamic Threshold Adaptation: RBLA-Dyn
We improve the adaptivity of RBLA to workload and system variations by dynamically determining the value of
MissThresh. The key idea behind this scheme, which we call
RBLA-Dyn, is that the number of cycles saved by caching rows
in DRAM should outweigh the cost of migrating that data to
DRAM. RBLA-Dyn estimates, on an interval basis, the first
order cost and benefit of employing a certain MissThresh
value, and increases or decreases the MissThresh value to
maximize the net benefit (i.e., benefit minus cost).
Since data migration operations can delay demand requests,
we approximate cost as the number of cycles spent migrating
each row across the memory channels (tmigration ) times the
number of rows migrated (NumMigrations):
Cost = NumMigrations × tmigration

(1)

4. Evaluation
Performance. Figure 4 shows the weighted speedup of
the four caching techniques that we evaluate. As we observe
from the figure, RBLA-Dyn provides the highest performance
(14% improvement in weighted speedup over FREQ) among
the four techniques. RBLA and RBLA-Dyn outperform FREQ
and FREQ-Dyn, respectively, because the RBLA techniques
place data with low row buffer locality in DRAM where it can
be accessed at the lower DRAM array access latency, while
keeping data with high row buffer locality in PCM where it
can be accessed at the already-low row buffer hit latency.

If these data migrations are eventually beneficial, the access
latency to main memory will decrease. Hence, we can compute the benefit of migration as the number of cycles saved
by accessing the data from the DRAM cache as opposed to
PCM:
Benefit =NumReadsdram × (tread,pcm – tread,dram )+

(2)

NumWritesdram × (twrite,pcm – twrite,dram )

Normalized Weighted Speedup

In this equation, NumReadsdram and NumWritesdram are the
number of reads and writes performed in DRAM after migration, tread,dram and twrite,dram are the read and write latency
of a DRAM row buffer miss, and tread,pcm and twrite,pcm are
the read and write latency of a PCM row buffer miss. RBLADyn accounts for reads and writes separately, as they incur
different latencies in many NVM technologies, such as PCM.
RBLA-Dyn uses a simple hill-climbing algorithm (see Algorithm 1 in our ICCD 2012 paper [125]) to find the value of
MissThresh that maximizes the net benefit. The algorithm is
executed at the end of each interval (10 million cycles in our
setup). We refer the reader to Section IV-C of our ICCD 2012
paper [125] for more details on the RBLA-Dyn mechanism.
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Figure 4: Weighted speedup of the four caching techniques: FREQ, FREQ-Dyn, RBLA, and RBLA-Dyn. Reproduced
from [125].

Thread Fairness. Figure 5 shows the fairness of each
caching technique. We measure fairness using maximum
slowdown [3, 27, 28, 51, 52, 86, 112, 113, 115, 121, 122], which is
the highest slowdown (reciprocal of speedup) experienced
by any benchmark within the multiprogrammed workload.
A lower maximum slowdown indicates higher fairness. We
observe from the figure that RBLA-Dyn provides the highest
thread fairness (6% improvement in maximum slowdown over
FREQ) out of all evaluated policies. RBLA-Dyn throttles back
on non-beneficial data migrations, reducing the amount of
memory bandwidth and DRAM space consumed due to such

2.4. Implementation and Hardware Cost
The primary hardware cost incurred in implementing a
row buffer locality-aware caching mechanism on top of an
existing hybrid memory system is the stats store. We model a
16-way, 128-set, LRU-replacement stats store using 5-bit row
buffer miss counters, which occupies a total of 9.25 KB. This
stats store achieves within 0.3% of the system performance
(and within 2.5% of the memory lifetime) of an unlimitedsized stats store for RBLA-Dyn.
4
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DRAM system, and improving performance by 31% over an
all-PCM system), while providing close to seven years of
memory lifetime.3
We conclude that taking row buffer locality into account
enables new hybrid memory caching policies that achieve
high performance and energy efficiency.

1
0.8
0.6
0.4
0.2
0
Server

Cloud
Workload

5. Related Work
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To our knowledge, our ICCD 2012 paper [125] is the first
work to observe that row buffer hit latencies are similar in
different memory technologies, and uses this observation to
devise a caching policy that improves the performance and
energy efficiency of a hybrid memory system. No previous
work, as far as we know, considered row buffer locality as
a key metric for deciding what data to cache and what not
to cache. We discuss related work on caching policies and
hybrid memory systems.
Caching Based on Data Access Frequency. Jiang et
al. [43] propose caching only the data that experiences a high
number of accesses in an on-chip DRAM cache (in 4–8 KB
block sizes), to reduce off-chip memory bandwidth consumption. Johnson and Hwu [44] use a counter-based mechanism
to track data reuse at a granularity larger than a cache block.
Cache blocks in a region with less reuse bypass a directmapped cache if that region conflicts with another that has
more reuse. We propose to take advantage of row buffer locality in memory banks when employing off-chip DRAM and
PCM. We exploit the fact that accesses to DRAM and PCM
have similar average latencies for rows that have high row
buffer locality.
Ramos et al. [98] adapt a buffer cache replacement algorithm to rank pages based on their frequency and recency of
accesses, and place the highly-ranking pages in DRAM, in a
DRAM-PCM hybrid memory system. Our work is orthogonal,
because the page-ranking algorithm can be adapted to rank
pages based on their frequency and recency of row buffer
misses (not counting accesses that are row buffer hits), for
which we expect improved performance.
Caching Based on Locality of Data Access. Gonzalez
et al. [37] propose placing data in one of two last-level caches
depending on whether it exhibits spatial or temporal locality. They also propose bypassing the cache when accessing
large data structures with large strides (e.g., big matrices) to
prevent cache thrashing. Rivers and Davidson [101] propose
separating out data without temporal locality from data with,
and placing it in a special buffer to prevent the pollution of
the L1 cache. These works are primarily concerned with onchip L1/L2 caches that have access latencies on the order of a
few to tens of processor clock cycles, where off-chip memory
bank row buffer locality is less applicable.

Figure 5: Fairness of the four caching techniques: FREQ,
FREQ-Dyn, RBLA, and RBLA-Dyn (lower is better). Reproduced from [125].

migrations. Combined with the reduced average memory
access latency, RBLA-Dyn reduces contention for memory
bandwidth among co-running applications, providing higher
fairness.
Memory Energy Efficiency. Figure 6 shows that RBLADyn achieves the highest memory energy efficiency (10% improvement over FREQ) compared to other policies, in terms of
performance per Watt. This is because RBLA-Dyn places data
with low row buffer locality in DRAM, making the energy
cost of row buffer miss accesses lower than it would be if such
data were placed in PCM. RBLA-Dyn also reduces energy consumption by reducing the amount of non-beneficial or useless
data migrations.
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Figure 6: Energy efficiency of the four caching techniques: FREQ, FREQ-Dyn, RBLA, and RBLA-Dyn. Reproduced
from [125].

We provide the following other evaluation results in
Section VII of our ICCD 2012 paper [125]:
• Impact of RBLA-Dyn on average memory latency
(Section VII-A of [125]).
• Impact of RBLA-Dyn on DRAM and PCM channel utilization (Section VII-A of [125]).
• Memory access breakdown of each workload to DRAM and
PCM (Section VII-A of [125]).
• Impact of RBLA-Dyn on PCM lifetime (Section VII-D of
[125]).
• Comparison with all-PCM and all-DRAM systems
(Section VII-E of [125]).
As we discuss in detail in our ICCD 2012 paper [125], RBLADyn bridges the gap in performance between homogeneous
all-DRAM and all-PCM memory systems of equal addressable
capacity (achieving within 29% of the performance of an all-

3 Note that lifetime can be further improved by enabling more aggressive
write optimization [106], and by taking advantage of application-level error
tolerance [74].
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There have been many works in on-chip caching to improve cache utilization (e.g., a recent one uses an evicted
address filter to predict cache block reuse [108]), but none of
these consider the row buffer locality of cache misses.
Caching Based on Other Criteria. Chatterjee et al. [22]
observe that the first word of cache blocks is critical to
performance, and propose to store only the first word of
each block in fast DRAM. Phadke and Narayanasamy [95]
propose to classify applications into three categories based on memory-level parallelism (MLP): latency-sensitive,
bandwidth-sensitive, and insensitive-to-both. To estimate
MLP, they profile the misses per kilo-instruction (MPKI) and
stall time of each application offline during the compilation
stage. Applications with high MPKI but low stall time are
considered to have good MLP.
Hybrid Memory Systems. Qureshi et al. [97] propose
increasing the size of main memory by adopting PCM, and
using DRAM as a conventional cache to PCM. The reduction
in page faults due to the increase in main memory size brings
performance and energy improvements to the system. Our
ICCD 2012 paper [125] proposes a new, effective DRAM caching policy to PCM, and studies performance effects without
page faults present.
Li et al. [66] propose UHM, a utility-based hybrid memory
management mechanism that expands upon our RBLA policy.
UHM estimates the utility of each page, which is the benefit
to system performance of placing each page in different types
of memory (e.g., DRAM and NVM). UHM migrates to the fast
memory of a hybrid memory system only those pages whose
utility would improve the most after migration.
Ren et al. [100] propose ThyNVM, which manages the
DRAM and PCM spaces carefully and adapts the granularity of management to the access patterns in a manner that
provides crash consistency in a persistent memory system.
Dhiman et al. [29] propose a hybrid main memory system
that exposes DRAM and PCM addressability to the software
(OS). If the number of writes to a particular PCM page exceeds
a certain threshold, the contents of the page are copied to
another page (either in DRAM or PCM), thus facilitating PCM
wear-leveling. Mogul et al. [82] suggest that the OS exploit
metadata information available to it to make data placement
decisions between DRAM and non-volatile memory. Similar
to [29], their data placement criteria are centered around the
write frequency to data. Our proposal is complementary to
this work, and row buffer locality information, if exposed,
can be used by the OS to place pages in DRAM or PCM.
Bivens et al. [4] examine the various design concerns
of a heterogeneous memory system such as memory latency, bandwidth, and endurance requirements of employing
storage class memory (e.g., PCM, STT-MRAM, NAND flash
memory). Their hybrid memory organization is similar to
ours and that in [97], in that DRAM is used as a cache to a
slower memory medium, transparently to software. Phadke
et al. [95] propose to profile the memory access patterns

of individual applications in a multi-core system, and place
their working sets in the particular type of DRAM that best
suits the application’s memory demands. In contrast, RBLA
dynamically makes fine-grained data placement decisions
at a row granularity, depending on the row buffer locality
characteristics of each page.
Agarwal et al. [1] propose a software-based approach to
manage huge pages (e.g., 2MB pages) in hybrid memory systems. The mechanism profiles the memory access patterns of
huge pages, and uses the profiling information to guide page
migration between DRAM and NVM. Peña and Balaji [94]
propose a profiling tool to assess the impact of distributing
memory objects across memory devices in hybrid memory
systems. Bock et al. [5] propose a scheme that allows concurrent migration of multiple pages between different types
of memory devices without significantly affecting the memory bandwidth. Gai et al. [34] propose a data placement
scheme that aims to minimize the energy consumption of
hybrid memory systems. Liu et al. [69] propose a scheme that
manages the entire memory hierarchy, which includes caches,
memory channels, and DRAM/NVM banks. Dulloor et al. [30]
propose a programmer-guided data placement tool, which
requires programmers to modify the source code, and needs
data from a representative profiling run of the application,
prior to making placement decisions. Ideas from all of these
works can be combined with RBLA for better performance
and efficiency.
Exploiting Row Buffer Locality. Many previous works
exploit row buffer locality to improve memory system performance, but none (to our knowledge) develop a cache data
placement policy that considers the row buffer locality of
the block to be cached. Lee et al. [55, 56, 57] propose to use
multiple short row buffers in PCM devices, much like an internal device cache, to increase the row buffer hit rate. Meza
et al. [77] examine the case for small row buffers for NVM devices. Sudan et al. [116] propose a mechanism that identifies
frequently referenced sub-rows of data, and migrates them
to reserved rows. By co-locating these frequently accessed
sub-rows, this scheme aims to increase the row buffer hit rate
of memory accesses, and improve performance and energy
consumption. DRAM-aware last-level cache writeback schemes [60, 111] speculatively issue writeback requests that are
predicted to hit in the row buffer. RBLA is complementary to
these works, and can be applied together with them because
RBLA targets a different problem.
Row buffer locality is also commonly exploited in memory
scheduling algorithms. The First-Ready First-Come-FirstServe algorithm (FR-FCFS) [102, 132] prioritizes memory
requests that hit in the row buffer, improving the latency,
throughput, and energy cost of serving memory requests.
Many other memory scheduling algorithms [3, 31, 32, 33, 36,
41, 42, 46, 47, 51, 52, 58, 59, 60, 71, 83, 84, 85, 86, 89, 90, 111, 112,
113, 114, 115, 120, 121, 124, 130] build upon this “row-hit first”
principle.
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Muralidhara et al. [86] use a thread’s row buffer locality as
a metric to decide which channel the thread’s pages should
be allocated to in a multi-channel memory system. Their goal
is to reduce memory interference between threads, and as
such their technique is complementary to ours.

of each memory type. An open research question inspired by
RBLA’s use of row buffer locality is what other properties of
memory systems should hybrid memory management mechanisms consider? For example, one of our recent works [66]
incorporates information on memory-level parallelism (MLP)
into data placement decisions in hybrid memory management. As that work shows, we can use a combination of
access frequency, row buffer locality, and MLP to predict the
overall performance impact of migrating a page between each
memory type. As future memory technologies are developed,
we expect that other such properties will be important to
consider, in order to maximize the benefits provided by the
hybrid memory system.
Several works propose on-chip DRAM caches [23, 43, 127,
128], where a small amount of DRAM is used as a last-level
cache to reduce the number of accesses to a larger off-chip
DRAM. This is akin to the design of a hybrid memory system,
but there are different trade-offs in each design. For example,
while the row buffer hit latency is typically similar across
memory technologies in hybrid memories, both a row buffer
hit and a row buffer miss take longer when accessing the
off-chip DRAM as opposed to accessing the on-chip DRAM
cache. This inspires us to ask how can principles of hybrid
memory systems be applied to DRAM cache management, and
vice versa? Extending upon this, can we design general mechanisms that can be applied to both hybrid memory systems
and DRAM cache management? As one example, our recent
work [66] on predicting the utility of data placement decisions is highly parameterized, and these parameters can easily
be tuned to represent the trade-offs in both hybrid memory
systems and in systems with a DRAM cache. We believe and
hope that future works should strive to develop other such
general mechanisms.

6. Significance
Our ICCD 2012 paper [125] makes several novel contributions that we expect will have a long-term impact on the
design of memory systems, and we believe that our work
inspires several new research questions.

6.1. Long-Term Impact
The memory scaling bottleneck continues to be a significant hurdle to system performance and energy efficiency [87,
88, 91]. Emerging applications operate on increasingly-larger
sets of data, and require high-capacity, high-performance
main memories, but the poor scaling of DRAM limits the
ability of these applications to fit their entire working sets
within a DRAM-based main memory. Because DRAM cannot
keep pace with application needs, we expect that the demand
for alternative memory technologies will continue to grow
in the coming years.
Hybrid memory systems can allow systems to harness
these alternative memory technologies without fully sacrificing the benefits of DRAM. By combining slower but larger
memories (e.g., NVM) with faster but smaller memories (e.g.,
DRAM), a hybrid memory system has the potential to provide
the illusion of a fast and large memory system at a reasonable cost. However, as we discuss, this potential can only be
realized by carefully considering which pieces of data are placed in each of the constituent memories of a hybrid memory
system. To our knowledge, our ICCD 2012 paper [125] is the
first to show that the organization of the underlying memory
technologies, such as the existence of row buffers, can be
used to make more intelligent data placement decisions.
While our ICCD 2012 paper [125] shows the impact of our
proposed data placement policy on a hybrid memory consisting of DRAM and PCM, it can be used to enable a wide
range of hybrid memory systems. For example, STT-MRAM
devices can make use of a row buffer [2, 54, 77, 78], and expensive reduced-latency DRAM devices [80, 104] also make
use of a row buffer. RBLA can be used to improve the performance of hybrid memories that include any of these memory
technologies, as our general observations on row buffer locality remain the same. We expect that this versatility will
increase the potential impact of RBLA, as no single memory
technology has yet to emerge as the dominant replacement
for DRAM.

7. Conclusion
Our ICCD 2012 paper [125] observes that row buffer access
latency (and energy) in DRAM and PCM are similar, while
PCM array access latency (and energy) is much higher than
DRAM array access latency (and energy). Therefore, in a
hybrid memory system where DRAM is used as a cache to
PCM, it makes sense to place in DRAM data that would cause
frequent row buffer misses as such data, if placed in PCM,
would incur the high PCM array access latency. We develop
a caching policy that achieves this effect by keeping track
of rows that have high row buffer miss counts (i.e., low row
buffer locality, but high reuse) and places only such rows in
DRAM. Our final policy dynamically determines the threshold used to decide whether a row has low locality based
on cost-benefit analysis. Evaluations show that the proposed row buffer locality aware caching policy provides better
performance, fairness, and energy-efficiency compared to
caching policies that only consider access frequency or recency. Our mechanisms are applicable to and can improve
the performance of other hybrid memory systems consisting

6.2. Research Questions
As we show in our ICCD 2012 paper [125], the efficient
management of hybrid memory systems requires the identification and consideration of the key similarities and trade-offs
7
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of different technologies. We hope that our findings can help
ease the adoption of emerging memory technologies in future
systems, and inspire further research in data management
policies.
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1. Motivation: Key Challenges in
Modern GPUs

This paper summarizes the idea of Zorua, which was published in MICRO 2016 [88], and examines the work’s significance and future potential. The application resource specification—a static specification of several parameters such as the
number of threads and the scratchpad memory usage per thread
block—forms a critical component of modern GPU programming models. This specification determines the parallelism, and
hence performance, of the application during execution because
the corresponding on-chip hardware resources are allocated
and managed based on this specification. This tight-coupling
between the software-provided resource specification and resource management in hardware leads to significant challenges
in programming ease, portability, and performance. Zorua
is a new resource virtualization framework, that decouples
the programmer-specified resource usage of a GPU application
from the actual allocation in the on-chip hardware resources.
Zorua enables this decoupling by virtualizing each resource
transparently to the programmer.
The virtualization provided by Zorua builds on two key concepts—dynamic allocation of the on-chip resources, and their
oversubscription using a swap space in memory. Zorua provides a holistic GPU resource virtualization strategy designed
to (i) adaptively control the extent of oversubscription, and
(ii) coordinate the dynamic management of multiple on-chip
resources to maximize the effectiveness of virtualization. We demonstrate that by providing the illusion of more resources than
physically available via controlled and coordinated virtualization, Zorua offers several important benefits: (i) Programming
Ease. Zorua eases the burden on the programmer to provide
code that is tuned to efficiently utilize the physically available
on-chip resources. (ii) Portability. Zorua alleviates the necessity of re-tuning an application’s resource usage when porting
the application across GPU generations. (iii) Performance. By
dynamically allocating resources and carefully oversubscribing
them when necessary, Zorua improves or retains the performance of applications that are already highly tuned to best
utilize the resources. The holistic virtualization provided by
Zorua has many other potential uses, e.g., fine-grained resource
sharing among multiple kernels, low-latency preemption of
GPU programs, and support for dynamic parallelism.

Modern Graphics Processing Units (GPUs) offer high performance and energy efficiency for many classes of applications by concurrently executing thousands of threads. In
order to execute, each thread requires several major on-chip
resources: (i) registers, (ii) scratchpad memory (if used in the
program), and (iii) a thread slot in the thread scheduler that
keeps all the bookkeeping information required for execution.
Today, these resources are statically allocated to threads based on several parameters—the number of threads per thread
block, register usage per thread, and scratchpad usage per
block. We refer to these static application parameters as
the resource specification of the application. This resource
specification forms a critical component of modern GPU programming models (e.g., CUDA [63], OpenCL [50]). The static
allocation over a fixed set of hardware resources based on
the software-specified resource specification creates a tight
coupling between the program and the physical hardware
resources. As a result of this tight coupling, for each application, there are only a few optimized resource specifications
that maximize resource utilization. Picking a suboptimal specification leads to underutilization of resources and hence,
very often, performance degradation. This leads to three key
difficulties related to obtaining good performance on modern GPUs: programming ease, portability, and performance
degradation.
Programming Ease. First, the burden falls upon the programmer to optimize the resource specification. For a naive
programmer, this is a challenging task because, in addition to
selecting a specification suited to an algorithm, the programmer needs to be aware of the details of the GPU architecture
to fit the specification to the underlying hardware resources.
This tuning is easy to get wrong because there are many
highly suboptimal performance points in the specification
space, and even a minor deviation from an optimized specification can lead to a drastic drop in performance due to
lost parallelism. We refer to such drops as performance cliffs.
Even a small change in one resource can result in a significant performance cliff, degrading performance by as much
as 50%. Figure 1 depicts multiple sizable cliffs in an example
application, when different resource specifications are used
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To address these three challenges at the same time, we propose Zorua, a new framework that decouples an application’s
resource specification from the available hardware resources
by virtualizing all three major resources (i.e., scratchpad memory, register file, and thread slots) in a holistic manner. This
virtualization provides the illusion of more resources to the
GPU programmer and software than physically available, and
enables the runtime system and the hardware to dynamically
manage multiple resources in a manner that is transparent to
the programmer.
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Figure 1: Performance cliffs in Minimum Spanning Tree
(MST ) when run on the NVIDIA GTX 745. Reproduced
from [88].
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when the program is run on a real modern GPU, the NVIDIA
GTX 745.1
Portability. Second, different GPUs have varying quantities of each of the resources. Hence, an optimized specification on one GPU may be highly suboptimal on another. This
lack of portability necessitates that the programmer re-tune
the resource specification of the application for every new
GPU generation. This problem is especially significant in
virtualized environments, such as data centers, cloud computing, or compute clusters, where the same program may
run on a wide range of GPU architectures. Figure 2 depicts
the 69% performance loss when porting optimized code from
the NVIDIA Kepler [65]/Maxwell [66] architectures to the
NVIDIA Fermi [64] architecture.
3.16

Fermi

Kepler

2.1. Key Concepts
The virtualization strategy used by Zorua is built upon two
key concepts. First, to mitigate performance cliffs when we do
not have enough physical resources, we oversubscribe resources by a small amount at runtime, by leveraging their dynamic underutilization and maintaining a swap space (in main
memory) for the extra resources required. Second, Zorua
improves utilization by determining the runtime resource requirements of an application. It then allocates and deallocates
resources dynamically, managing them (i) independently of
each other to maximize each resource’s utilization; and (ii) in
a coordinated manner, to enable efficient execution of each
thread with all its required resources available.
Figure 3 depicts the high-level overview of the virtualization provided by Zorua. The virtual space refers to the illusion
of the quantity of available resources. The physical space refers to the actual hardware resources (specific to the target
GPU architecture), and the swap space refers to the resources
that do not fit in the physical space and hence are spilled to
other physical locations. For the register file and scratchpad
memory, the swap space is mapped to the global memory
space in the memory hierarchy. For threads, only those that
are mapped to the physical space are available for scheduling
and execution at any given time. If a thread is mapped to the
swap space, its state (e.g., the PC) is saved in memory. Resources in the virtual space can be freely re-mapped between
the physical and swap spaces to maintain the illusion of the
virtual space resources.
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Figure 2: Performance variation across different GPU generations from NVIDIA (Fermi, Kepler, and Maxwell) for Discrete
Fourier Transform (DCT). Reproduced from [88].

Performance. Third, for a programmer who chooses to
employ software optimization tools (e.g., auto-tuners [21,
24, 49, 74, 75, 79]) or manually tailor the program to fit the
hardware, performance is still constrained by the fixed, static
resource specification. It is well known [27, 42, 48, 62, 87, 97]
that the on-chip resource requirements of a GPU application
vary throughout execution. Since the program (even after
auto-tuning) has to statically specify its worst-case resource
requirements, severe dynamic underutilization of several GPU
resources ensues [87], leading to suboptimal performance.
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MICRO 2016 paper [88] describes the experimental methodology for
collecting these real system results.

Figure 3: High-level overview of Zorua. Reproduced from
[88].

2

77

__global__ void solve_nqueen_cuda_kernel(…){
.phasechange 16,0;---------------------------------------------------// initialization phase
const int tid = threadIdx.x; Phase #1: 16 Regs, 0B Scratchpad
const int bid = blockIdx.x;
...
.phasechange 24,4224;------------------------------------------------if(idx < total_conditions) {
mask[tid][i] = total_masks[idx];
...
Phase #2: 24 Regs, 4224B Scratchpad
}
__syncthreads();
.phasechange 12,384;-------------------------------------------------// reduction phase
if(tid < 64 && tid + 64 < BLOCK_SIZE)
Phase #3: 12 Regs,
{ sum[tid] += sum[tid + 64]; }
384B Scratchpad
...
}

2.2. Challenges in Virtualization
Unfortunately, oversubscription means that latency-critical
resources, such as registers and scratchpad, may be swapped
to memory at the time of access, resulting in high overheads in performance and energy. This leads to two critical
challenges in designing a framework to enable virtualization.
The first challenge is to effectively determine the extent of
virtualization, i.e., by how much each resource appears to be
larger than its real physical amount, such that we can minimize oversubscription while still reaping its benefits. This is
difficult as the resource requirements continually vary during
runtime. The second challenge is to minimize accesses to
the swap space. This requires coordination in the virtualized
management of multiple resources, so that enough of each
resource is available on-chip at the same time when needed.

Figure 4: Example phases from N-Queens Solver (NQU). Reproduced from [88].

In order to capture both the resource requirements as well
as their variation over time, we partition the program into a
number of phases. A phase is a sequence of instructions with
sufficiently different resource requirements than adjacent
phases.2 Barrier or fence operations also indicate a change
in requirements for a different reason—threads that are waiting at a barrier do not immediately require the thread slot
that they are holding. We interpret barriers and fences as
phase boundaries since they potentially alter the utilization
of their thread slots. The compiler inserts special instructions
called phase specifiers to mark the start of a new phase. Each
phase specifier contains information regarding the resource
requirements of the next phase. Phase changes are shown as
“.phasechange” pragmas in Figure 4.
A phase forms the basic unit for resource allocation and
deallocation, as well as for making oversubscription decisions. It offers a finer granularity than an entire thread to make
such decisions. The phase specifiers provide information
on the future resource usage of the thread at a phase boundary. This enables (i) preemptively controlling the extent of
oversubscription at runtime, and (ii) dynamically allocating
and deallocating resources at phase boundaries to maximize
utilization of the physical resources.

2.3. Design Ideas
To solve these challenges, Zorua employs two key ideas.
First, we leverage the software (the compiler) to provide annotations with information regarding the future resource
requirements of each phase of the application. This information enables the framework to make intelligent dynamic
decisions ahead of time, with respect to both the extent of
oversubscription and the allocation/deallocation of resources.
Second, we use an adaptive runtime system to control the
allocation of resources. This allows us to (i) dynamically alter
the extent of oversubscription; and (ii) continuously coordinate the allocation of multiple on-chip resources and the
mapping between their virtual and physical/swap spaces; depending on the varying runtime requirements of each thread.
We briefly describe each design idea in turn.
2.3.1. Leveraging Software Annotations of Phase Characteristics. We observe that the runtime variation in resource requirements typically occurs at the granularity of
phases of a few tens of instructions. This variation occurs
because different parts of kernels perform different operations that require different resources. For example, loops that
primarily load/store data from/to scratchpad memory tend to
be less register heavy. Sections of code that perform specific
computations (e.g., matrix transformation, graph manipulation), can either be register heavy or primarily operate out of
scratchpad. Often, scratchpad memory is used for only short
intervals [97], e.g., when data exchange between threads is
required, such as for a reduction operation.
Figure 4 depicts a few example phases from the N-Queens
Solver (NQU) [18] kernel. NQU is a scratchpad-heavy application, but it does not use the scratchpad at all during the initial
computation phase. During its second phase, it performs its
primary computation out of the scratchpad, using as much
as 4224B. During its last phase, the scratchpad is used only
for reducing results, which requires only 384B. There is also
significant variation in the maximum number of live registers
in the different phases, as shown in Figure 4.

2.3.2. Control with an Adaptive Runtime System. Phase
specifiers provide information to make oversubscription and
allocation/deallocation decisions. However, we still need a
way to make decisions on the extent of oversubscription and
appropriately allocate resources at runtime. To this end, we
use an adaptive runtime system, which we refer to as the
coordinator. Figure 5 presents an overview of the coordinator.
The virtual space enables the illusion of a larger amount
of each of the resources than what is physically available,
to adapt to different application requirements. This illusion
enables higher thread-level parallelism than what can be
achieved with solely the fixed, physically available resources,
by allowing more threads to execute concurrently. The size of
the virtual space at a given time determines this parallelism,
and those threads that are effectively executed in parallel are
referred to as active threads. All active threads have thread
2 We

refer the reader to Section 4.6 of our MICRO 2016 paper [88] for specific
details on how phases are identified.
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detailed experimental methodology is described in Section 5
of our MICRO 2016 paper [88]. More results are provided in
Section 6 of [88].

Application Threads
Virtual Space

COORDINATOR

Active Threads

Pending
Threads
Physical/Swap Space

Figure 5:
from [88].

3.1. Effect on Performance Variation and Cliffs

Schedulable
Threads

We first examine how Zorua alleviates the high variation
in performance by reducing the impact of resource specifications on resource utilization. Figure 6 summarizes the range
in performance across a wide range of resource specifications
(indicating an undesirable dependence on the specification),
for the baseline architecture, WLM (which allocates resources at the finer granularity of a warp [91]), and Zorua for a
representative set of applications, using a Tukey box plot [61].
The boxes in the box plot represent the range between the
first quartile (25%) and the third quartile (75%). The whiskers
extending from the boxes represent the maximum and minimum points of the distribution, or 1.5× the length of the box,
whichever is smaller. Any points that lie more than 1.5× the
box length beyond the box are considered to be outliers [61],
and are plotted as individual points. The line in the middle
of the box represents the median, while the “X” represents
the average. We make two major observations from Figure 6.

To Warp Scheduler
& Compute Units

Overview of the coordinator.

Reproduced

slots allocated to them in the virtual space (and hence can
be executed), but some of them may not be mapped to the
physical space at any given time. As discussed previously,
the resource requirements of each application continuously
change during execution. To adapt to these runtime changes,
the coordinator leverages information from the phase specifiers to make decisions on oversubscription. The coordinator
makes these decisions at every phase boundary and thereby
controls the size of the virtual space for each resource.

2.4. Zorua: An Overview
To address the challenges in virtualization by leveraging
the above ideas, Zorua employs a software-hardware codesign that comprises three components: (i) The compiler annotates the program by adding special instructions (phase
specifiers) to partition it into phases and to specify the resource
needs of each phase of the application. (ii) The coordinator,
a hardware-based adaptive runtime system, uses the compiler annotations to dynamically allocate/deallocate resources
for each thread at phase boundaries. The coordinator plays
the key role of continuously controlling the extent of the
oversubscription at each phase boundary. (iii) Hardware
virtualization support includes a mapping table for each
resource to locate each virtual resource in either the physically available on-chip resources or the swap space in main
memory, and the machinery to swap resources between the
physical space and the swap space.
Zorua has two key hardware components: (i) the coordinator that contains queues to buffer the pending threads and
control logic to make oversubscription and resource management decisions, and (ii) resource mapping tables to map each of
the resources to their corresponding physical or swap spaces.
Our MICRO 2016 paper [88] provides the detailed implementation of Zorua in Section 4. In particular, we describe several
key issues, including how (1) Zorua determines the amount
of oversubscription for each resource (Section 4.4 of [88]),
(2) Zorua virtualizes each resource (Section 4.5 of [88]), and
(3) the compiler identifies each phase (Section 4.6 of [88]).

Figure 6: Normalized performance distribution. Reproduced
from [88].

First, we find that Zorua significantly reduces the performance range across all evaluated resource specifications. Averaged across all of our applications, the worst resource specification for Baseline achieves 96.6% lower performance than the best performing resource specification.
For WLM [91], this performance range reduces only slightly,
to 88.3%. With Zorua, the performance range drops significantly, to 48.2%. We see drops in the performance range for
all applications except SSSP. With SSSP, the range is already
small to begin with (23.8% in Baseline), and Zorua exploits
the dynamic underutilization, which improves performance
but also adds a small amount of variation.
Second, while Zorua reduces the performance range, it also
preserves or improves performance of the best performing
points. As we examine in more detail in Section 3.2, the
reduction in performance range occurs as a result of improved
performance mainly at the lower end of the distribution.
To gain insight into how Zorua reduces the performance
range and improves performance for the worst performing
points, we analyze how it reduces performance cliffs. We
study the tradeoff between resource specification and exe-

3. Results
In this section, we evaluate the effectiveness of Zorua in improving programming ease, portability, and performance. Our
4
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Figure 7: Effect on performance cliffs. Reproduced from [88].

cution time for three representative applications: DCT (Figure 7a), MST (Figure 7b), and NQU (Figure 7c). For all three
figures, we normalize execution time to the best execution
time under Baseline. We make two observations from the
figures.
First, Zorua successfully mitigates the performance cliffs
that occur in Baseline. For example, DCT and MST are both
sensitive to the thread block size, as shown in Figures 7a
and 7b, respectively. We have circled the locations at which
cliffs exist in Baseline. Unlike Baseline, Zorua maintains
more steady execution times across the number of threads
per block, employing oversubscription to overcome the loss
in parallelism due to insufficient on-chip resources. We see
similar results across all of our applications.
Second, we observe that while WLM [91] can reduce some
of the cliffs by mitigating the impact of large block sizes,
many cliffs still exist under WLM (e.g., NQU in Figure 7c).
This cliff in NQU occurs as a result of insufficient scratchpad
memory, which cannot be handled by warp-level management. Similarly, the cliffs for MST (Figure 7b) also persist with
WLM because MST has a lot of barrier operations, and the
additional warps scheduled by WLM ultimately stall, waiting
for other warps within the same block to acquire resources.
We find that, with oversubscription, Zorua is able to smooth
out those cliffs that WLM is unable to eliminate.

mized to fit the underlying hardware resources, Zorua is able
to further improve performance.
We also note that, in addition to reducing performance variation and improving performance for optimized points, Zorua
improves performance by 25.2% on average for all resource
specifications across all evaluated applications.

3.3. Effect on Portability
Performance cliffs often behave differently across different
GPU architectures, and can significantly shift the best performing resource specification point. We study how Zorua
can ease the burden of performance tuning if an application
has been already tuned for one GPU model, and is later ported to another GPU. To understand this, we define a new
metric, porting performance loss, that quantifies the performance impact of porting an application without re-tuning
it. To calculate this, we first normalize the execution time
of each specification point to the execution time of the best
performing specification point. We then pick a source GPU
architecture (i.e., the architecture that the GPU was tuned for)
and a target GPU architecture (i.e., the architecture that the
code will run on), and find the point-to-point drop in performance (when the code is executed on the target GPU) for all
points whose performance on the source GPU comes within
5% of the performance at the best performing specification
point.3
Figure 8 shows the maximum porting performance loss
for each application, across any two pairings of our three
simulated GPU architectures (NVIDIA Fermi, Kepler, and
Maxwell). We find that Zorua greatly reduces the maximum
porting performance loss that occurs under both Baseline
and WLM for all but one of our applications. On average,
the maximum porting performance loss is 52.7% for Baseline,
51.0% for WLM, and only 23.9% for Zorua.
Notably, Zorua delivers significant improvements in portability for applications that previously suffered greatly when
ported to another GPU, such as DCT and MST. For both of
these applications, the performance variation differs so much

3.2. Effect on Performance
As Figure 6 shows, Zorua either retains or improves the
best performing point for each application, compared to the
Baseline. Zorua improves the best performing point for each
application by 12.8% on average, and by as much as 27.8%
(for DCT ). This improvement comes from the improved parallelism obtained by exploiting the dynamic underutilization
of resources, which exists even for optimized specifications.
Applications such as SP and SLA have little dynamic underutilization, and hence do not show any performance improvement. NQU does have significant dynamic underutilization,
but Zorua does not significantly improve the best performing
point as the overhead of oversubscription outweighs the benefit, and Zorua dynamically chooses not to oversubscribe.
We conclude that even for many specifications that are opti-

3 We

include any point within 5% of the best performance as there are often
multiple points close to the best point, and the programmer may choose
any of them.
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straction of hardware resources and use of a level of indirection in their management leads to many benefits, including
improved utilization, programmability, portability, isolation,
protection, sharing, and oversubscription.
In this work, we apply the general principle of virtualization to the management of multiple on-chip resources in
modern GPUs. Virtualization of on-chip resources offers the
opportunity to alleviate many different challenges in modern
GPUs. However, in this context, effectively adding a level
of indirection introduces new challenges, necessitating the
design of a new virtualization strategy. There are two key
challenges. First, we need to dynamically determine the extent
of the virtualization to reach an effective tradeoff between
improved parallelism due to oversubscription and the latency/capacity overheads of swap space usage. Second, we need
to coordinate the virtualization of multiple latency-critical
on-chip resources. To our knowledge, this is the first work to
propose a holistic software-hardware cooperative approach
to virtualizing multiple on-chip resources in a controlled and
coordinated manner that addresses these challenges, enabling
the different benefits provided by virtualization in modern
GPUs.
Prior works propose to virtualize a specific on-chip resource for specific benefits, mostly in the CPU context. For
example, in CPUs, the concept of virtualized registers was
first used in the IBM 360 [5] and DEC PDP-10 [10] architectures to allow logical registers to be mapped to either fast
yet expensive physical registers, or slow and cheap memory.
More recent works [67, 93, 94], propose to virtualize registers
to increase the effective register file size to much larger register counts. This increases the number of thread contexts
that can be supported in a multi-threaded processor [67], or
reduces register spills and fills [93, 94]. Other works propose
to virtualize on-chip resources in CPUs (e.g., [15,19,25,31,99]).
In GPUs, Jeon et al. [42] propose to virtualize the register
file by dynamically allocating and deallocating physical registers to enable more parallelism with smaller, more powerefficient physical register files. Concurrent to this work, Yoon
et al. [98] propose an approach to virtualize thread slots to increase thread-level parallelism. These works propose specific
virtualization mechanisms for a single resource for specific benefits. None of these works provide a cohesive virtualization
mechanism for multiple on-chip GPU resources in a controlled and coordinated manner, which forms a key contribution
of our MICRO 2016 work.
Enhancing Programming Ease and Portability. There
is a large body of work that aims to improve programmability
and portability of modern GPU applications using software
tools, such as auto-tuners [21, 24, 49, 74, 75, 79], optimizing
compilers [17, 37, 47, 59, 95, 96], and high-level programming
languages and runtimes [23, 35, 72, 85]. These tools tackle a
multitude of optimization challenges, and have been demonstrated to be very effective in generating high-performance
portable code. They can also be used to tune the resource
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between GPU architectures that, despite tuning the application on the source GPU to be within 5% of the best achievable
performance, their performance on the target GPU is often
more than twice as slow as the best achievable performance
on the target platform. Zorua significantly lowers this porting
performance loss down to 28.1% for DCT and 36.1% for MST.
We also observe that for BH, Zorua actually slightly increases
the porting performance loss with respect to the Baseline.
This is because for Baseline, there are only two points that
perform within the 5% margin for our metric, whereas with
Zorua, we have five points that fall in that range. Despite
this, the increase in porting performance loss for BH is low,
deviating only 7.0% from the best performance.
We conclude that Zorua enhances portability of applications by reducing the impact of a change in the hardware
resources for a given resource specification. For applications that have already been tuned on one platform, Zorua
significantly lowers the penalty of not re-tuning for another
platform, allowing programmers to save development time.

4. Related Work
To our knowledge, our MICRO 2016 paper [88] is the first
work to propose a holistic framework to decouple a GPU
application’s resource specification from its physical on-chip
resource allocation by virtualizing multiple on-chip resources. This enables the illusion of more resources than what
physically exists to the programmer, while the hardware resources are managed at runtime by employing a swap space
(in main memory), transparently to the programmer. We
design a new hardware/software cooperative framework to
effectively virtualize multiple on-chip GPU resources in a controlled and coordinated manner, thus enabling many benefits
of virtualization in GPUs.
We briefly discuss prior work related to different aspects
of our proposal: (i) virtualization of resources, (ii) improving
programming ease and portability, and (iii) more efficient
management of on-chip resources.
Virtualization of Resources. Virtualization [20, 22, 33,
41] is a concept designed to provide the illusion, to the software and programmer, of more resources than what truly
exists in physical hardware. It has been applied to the management of hardware resources in many different contexts
[5, 10, 20, 22, 33, 41, 67, 89], with virtual memory [11, 22, 26, 41]
being one of the oldest forms of virtualization that is commonly used in high-performance processors today. Ab6

81

specification. However, there are several shortcomings in
these approaches. First, these tools often require profiling
runs [17, 21, 75, 79, 95, 96] on the GPU to determine the best
performing resource specifications. These runs have to be
repeated for each new input set and GPU generation. Second,
software-based approaches still require significant programmer effort to write code in a manner that can be exploited
by these approaches to optimize the resource specifications.
Third, selecting the best performing resource specifications
statically using software tools is a challenging task in virtualized environments (e.g., cloud computing, data centers),
where it is unclear which kernels may be run together on the
same SM or where it is not known, a priori, which GPU generation the application may execute on. Finally, software tools
assume a fixed amount of available resources. This leads to
runtime underutilization due to static allocation of resources,
which cannot be addressed by these tools.
In contrast, the programmability and portability benefits
provided by Zorua require no programmer effort in optimizing resource specifications. Furthermore, these auto-tuners
and compilers can be used in conjunction with Zorua to further improve performance.
Efficient Resource Management. Prior works aim to
improve parallelism by increasing resource utilization using
hardware-based [6, 7, 30, 42, 45, 46, 55, 57, 62, 71, 84, 86, 91, 97],
software-based [32, 36, 53, 58, 68, 92, 97], and hardwaresoftware cooperative [8, 9, 43, 44, 73, 81, 82, 87] approaches.
Among these works, the closest to ours are [42,98] (discussed
earlier), [97], and [91]. These approaches propose efficient
techniques to dynamically manage a single resource, and
can be used along with Zorua to improve resource efficiency
further. Yang et al. [97] aim to maximize utilization of the
scratchpad with software techniques, and by dynamically
allocating/deallocating scratchpad memory. Xiang et al. [91]
propose to improve resource utilization by scheduling threads
at the finer granularity of a warp rather than a thread block.
This approach can help alleviate performance cliffs, but not in
the presence of synchronization or scratchpad memory, nor
does it address the dynamic underutilization within a thread
during runtime. We quantitatively compare to this approach
in Section 3 and demonstrate Zorua’s benefits over it.
Other works leverage resource underutilization to improve
energy efficiency [2, 27, 28, 29, 42] or perform other useful
work [54, 87]. These works are complementary to Zorua.

physical on-chip resource allocation via the use of virtualization. We develop a comprehensive virtualization framework that provides controlled and coordinated virtualization
of multiple on-chip resources to maximize the effectiveness
of virtualization.
• Making GPUs easy to program is critical for their widespread use, and also to achieve the high performance promised by the massively parallel architecture. A key limiting
factor in GPU programming today is the burden placed on
the programmer in finding a hardware resource specification
that achieves very high performance. This is the first work
to ease that burden without compromising performance by
virtualizing the major hardware resources programmers are
required to manage today.
• Portability across GPU architectures is vital in environments
such as cloud computing and data centers to achieve predictably good performance, irrespective of the GPU generation the
application is executing on. This is the first work to tackle
the portability challenges that arise from the programmer’s
management of the fixed on-chip resources with a holistic
resource virtualization strategy.

5.2. What Zorua Can Enable in Future Systems
GPUs have emerged as the dominant massively parallel
GPU architecture, used as the platform of choice for a wide
range of parallel applications from machine learning to scientific simulation. However, there are a number of key challenges that limit the adoption of GPUs across broader classes
of applications and environments, e.g., data centers, cloud
computing, etc. Programmability and portability of GPU applications are two such challenges. But future GPUs will
need to address several other challenges before truly becoming first-class compute engines. As we describe below, we
believe that our work can help address some of these other
challenges.
Multiprogramming in Virtualized Environments.
Zorua lends itself to easily addressing two key challenges
in enabling multiprogramming in virtualized environments
today:
Fine-grained resource sharing across kernels: Zorua manages
the different resources independently and at a fine granularity, using a dynamic runtime system. Hence, Zorua can be
extended to support fine-grained sharing and partitioning of
resources across multiple kernels to enable efficient multiprogramming in GPUs. Zorua enables better resource utilization
in these multiprogrammed environments, while providing
the ability to control the partitioning of resources at runtime
to provide QoS, fairness, etc., by leveraging the hardware
runtime system. Zorua can work synergistically with systems such as Mosaic [8] and MASK [9], which enable efficient
memory virtualization techniques for GPUs, to enable true
full-system multi-kernel execution.

5. Significance and Long-Term Impact
In this section, we describe the significance and long-term
impact of our MICRO 2016 work, Zorua, by delineating its novelty, what it can enable in future systems, and new research
directions that it triggers.

5.1. Novelty
• This is the first work that takes a holistic approach to decoupling a GPU application’s resource specification from its
7
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Preemptive multitasking: Another key challenge in enabling true multiprogramming in GPUs is enabling rapid
preemption of kernels [69,83,90]. Context switching on GPUs
incurs a very high latency and overhead, as a result of the
large amount of register file/scratchpad state that needs to
be saved before a new kernel can be executed. Zorua enables
fine-grained management and virtualization of on-chip resources. It can be naturally extended to enable quick preemption of a task via intelligent management of the swap space
and the mapping tables. It can also work synergistically with
CABA [87], framework for assist warp execution in GPUs,
to provide flexible and efficient support for multitasking and
context switching.
Support for Other Parallel Programming Paradigms.
The fixed static resource allocation for each thread in modern
GPU architectures requires statically dictating the parallelism
for the program throughout its execution. Other forms of
parallel execution that are dynamic (e.g., CILK [12]) require
more flexible allocation of resources at runtime, and are hence
more challenging to enable on GPUs. Examples of this include
nested parallelism [56], where a kernel can dynamically spawn
new kernels or thread blocks, and helper threads [87] to utilize
idle resource at runtime to perform different optimizations or
background tasks in parallel. Zorua makes it easy to enable
these paradigms by providing on-demand dynamic allocation
of resources.
Energy Efficiency, Scalability, and Reliability. To support massive parallelism, on-chip resources are a precious
and critical resource. However, these resources cannot grow
arbitrarily large as GPUs continue to be area-limited and onchip memory tends to be extremely power hungry and area
intensive [2, 27, 28, 42, 73, 98], which are trends we believe
will become increasingly important for the foreseeable future.
Furthermore, complex thread schedulers that can select a
thread for execution from an increasingly large thread pool
are required. Zorua enables using smaller register files, scratchpad memory and less complex or fewer thread schedulers
to save power and area while still retaining or improving
parallelism. The indirection offered by Zorua, along with
the dynamic management of resources, could also enable better reliability. The virtualization framework trivially allows
portions of a resource that contain hard or soft faults to be
remapped to other portions of the resource that do not contain faults, or to spare structures, thereby increasing the error
tolerance of these resources.

portunity to rethink resource management in GPUs from the
ground up. One could envision more powerful resource allocation and better programmability with programming models
that do not require static resource specification, leaving the
compiler/runtime system and the underlying virtualized framework to completely handle all forms of on-chip resource
allocation, unconstrained by the fixed physical resources in a
specific GPU, entirely at runtime. This is especially significant in future systems that are likely to support a wide range
of compute engines and accelerators, making it important
to be able to write high-level code that can be partitioned
easily, efficiently, and at a fine granularity across any set of
accelerators, without statically tuning any code segment to
run efficiently on the GPU.
Virtualization-Aware Compilation and Auto-Tuning.
Zorua changes the contract between the hardware and software to provide a more powerful resource abstraction (in the
software) that is flexible and dynamic, by pushing some more
functionality to the hardware, which can more easily react
to runtime resource requirements of the program. We can
re-imagine compilers and auto-tuners to be more intelligent,
leveraging this new abstraction and, hence the virtualization,
to deliver more efficient and high-performing code optimizations that are not possible with the fixed and static abstractions
of today. They could, for example, leverage the oversubscription and dynamic management that Zorua provides to tune
the code to more aggressively use resources.
Support for System-Level Tasks on GPUs. As GPUs
become increasingly general purpose, a key requirement is
better integration with the CPU operating system, and with
complex distributed software systems such as those employed
for large-scale distributed machine learning [1, 39] or graph
processing [3, 4, 60]. If GPUs are architected to be first-class
compute engines, rather than the slave devices they are today,
they can be programmed and utilized in the same manner as
a modern CPU. This integration requires the GPU execution
model to support system-level tasks like interrupts, exceptions, etc. and more generally provide support for access to
distributed file systems, disk I/O, or network communication.
Support for these tasks and execution models require dynamic provisioning of resources for execution of system-level
code. Zorua provides a building block to enable this.
Applicability to General Resource Management in
Accelerators. Zorua uses a program phase as the granularity for managing resources. This allows handling resources across phases dynamically, while leveraging static information regarding resource requirements from the software by inserting annotations at phase boundaries. Future work could potentially investigate the applicability of
the same approach to manage resources and parallelism
in other accelerators (e.g., processing-in-memory accelerators [3, 4, 13, 14, 34, 38, 40, 51, 52, 70, 77, 78, 80, 100] or directmemory access engines [16, 55, 76]) that require efficient dy-

5.3. New Research Directions Zorua Enables
Zorua opens up several new avenues for more research,
which we briefly discuss here.
Flexible Programming Models for GPUs and Heterogeneous Systems. By providing a flexible but dynamically
controlled view of the on-chip hardware resources, Zorua
changes the abstraction of the on-chip resources that is offered to the programmer and software. This offers the op8
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namic management of large amounts of particular critical
resources.
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6. Conclusion
We propose Zorua, a new framework that decouples the
application resource specification from the allocation in the
physical hardware resources (i.e., registers, scratchpad memory, and thread slots) in GPUs. Zorua encompasses a holistic virtualization strategy to effectively virtualize multiple
latency-critical on-chip resources in a controlled and coordinated manner. We demonstrate that by providing the illusion
of more resources than physically available, via dynamic management of resources and the judicious use of a swap space
in main memory, Zorua enhances (i) programming ease (by
reducing the performance penalty of suboptimal resource specification), (ii) portability (by reducing the impact of different
hardware configurations), and (iii) performance for code with
an optimized resource specification (by leveraging dynamic
underutilization of resources). We conclude that Zorua is
an effective, holistic virtualization framework for GPUs. We
believe that the indirection provided by Zorua’s virtualization
mechanism makes it a generic framework that can address
other challenges in modern GPUs. For example, Zorua can
enable fine-grained resource sharing and partitioning among
multiple kernels/applications, as well as low-latency preemption of GPU programs. We hope that future work explores
these promising directions, building on the insights and the
framework developed in our MICRO 2016 paper.
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execution model [30]. The thousands of threads within a
GPU application are clustered into thread blocks, each of
which contains multiple smaller bundles (warps) of threads
that run concurrently. Each thread in a warp executes the
same instruction on a different piece of data. A warp completes an instruction when all threads in the warp complete the
instruction.

This paper summarizes the idea of Memory Divergence Correction (MeDiC), which was published at PACT 2015 [6], and
examines the work’s significance and future potential. In a
modern GPU architecture, all threads within a warp execute
the same instruction in lockstep. For a memory instruction, this
can lead to memory divergence: the memory requests for some
threads are serviced early, while the remaining requests incur
long latencies. This divergence stalls the warp, as it cannot
execute the next instruction until all requests from the current
instruction complete.
In this work, we make three new observations. First, GPGPU
warps exhibit heterogeneous memory divergence behavior at
the shared cache: some warps have most of their requests hit
in the cache (high cache utility), while other warps see most of
their request miss (low cache utility). Second, a warp retains the
same divergence behavior for long periods of execution. Third,
due to high memory level parallelism, requests going to the
shared cache can incur queuing delays as large as hundreds of
cycles, exacerbating the effects of memory divergence.
We propose a set of techniques, collectively called Memory
Divergence Correction (MeDiC), that reduce the negative performance impact of memory divergence and cache queuing.
MeDiC uses online warp divergence characterization to guide
three components: (1) a cache bypassing mechanism that exploits the latency tolerance of low cache utility warps to both
alleviate queuing delay and increase the hit rate for high cache
utility warps, (2) a cache insertion policy that prevents data
from high cache utility warps from being prematurely evicted,
and (3) a memory controller that prioritizes the few requests
received from high cache utility warps to minimize stall time.
We compare MeDiC to four cache management techniques, and
find that it delivers an average speedup of 21.8%, and 20.1%
higher energy efficiency, over a state-of-the-art GPU cache management mechanism across 15 different GPGPU applications.

While many GPGPU applications can tolerate a significant amount of memory latency due to their parallelism and
the use of fine-grained multithreading, memory divergence
(where the threads of a warp reach a memory instruction,
and some of the threads’ memory requests take longer to service than others) can significantly increase the stall time of a
warp [51, 52, 63, 75, 89, 101, 116, 117, 155]. Because all threads
within a warp operate in lockstep due to the SIMD execution
model, the warp cannot proceed to the next instruction until
the slowest request within the warp completes. Figures 1a
and 1b show examples of memory divergence within a warp.
Figure 1a shows a mostly-hit warp, where most of the warp’s
memory accesses hit in the cache ( 1 ). Only a single access
misses in the cache and must go to main memory ( 2 ). As a
result, the entire warp is stalled until the much longer cache
miss completes. Figure 1b shows a mostly-miss warp, where
most of the warp’s memory requests miss in the cache ( 3 ),
resulting in many accesses to main memory. Even though
some requests are cache hits ( 4 ), these do not benefit the
execution time of the warp since the execution of the warp
ends when the slowest thread finishes the instruction.
Based on these three observations, we aim to devise a
mechanism that has two major goals: (1) convert mostly-hit
warps into all-hit warps (warps where all requests hit in the
cache, as shown in Figure 1c), and (2) convert mostly-miss
warps into all-miss warps (warps where none of the requests
hit in the cache, as shown in Figure 1d). As we can see in
Figure 1a, the stall time due to memory divergence for the
mostly-hit warp can be eliminated by converting only the
single cache miss ( 2 ) into a hit. Doing so requires additional
cache space. If we convert the two cache hits of the mostlymiss warp (Figure 1b, 4 ) into cache misses, we can allocate
the cache space previously used by these hits to the mostlyhit warp, thus converting the mostly-hit warp into an all-hit
warp. Though the mostly-miss warp is now an all-miss warp
(Figure 1d), it incurs no extra stall penalty, as the warp was
already waiting on the other six cache misses to complete.

1. Introduction
Graphics Processing Units (GPUs) have enormous parallel processing power to leverage thread-level parallelism.
GPU applications are usually broken down into thousands
of threads, allowing GPUs to use fine-grained multithreading [128, 136] to prevent GPU cores from stalling due to dependencies and long memory latencies. Ideally, there should
always be available threads for GPU cores to continue execution, preventing stalls within the core. GPUs also take
advantage of the SIMD (Single Instruction, Multiple Data)
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We observe that different warps have different amounts
of sensitivity to memory latency and cache utilization. We
study the cache utilization of a warp by determining its hit
ratio, the percentage of memory requests that hit in the cache when the warp issues a single memory instruction. As
Figure 2 shows, the warps from each of our three representative GPGPU applications are distributed across all possible
ranges of hit ratio, exhibiting significant heterogeneity. To
better characterize warp behavior, we break the warps down
into the five types shown in Figure 3 based on their hit ratios:
all-hit, mostly-hit, balanced, mostly-miss, and all-miss.
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Figure 1: Memory divergence within a warp. (a) and (b)
show the heterogeneity between mostly-hit and mostly-miss
warps, respectively. (c) and (d) show the change in stall time
from converting mostly-hit warps into all-hit warps, and
mostly-miss warps into all-miss warps, respectively. Reproduced from [6].

L2 Hit Ratio

Figure 2: L2 cache hit ratio of different warps in three representative GPGPU applications. Reproduced from [6].

Moreover, now that it is an all-miss warp, we can predict
that its future memory requests will also not be in the L2
cache. Based on this prediction, we can simply have these
requests bypass the cache. By doing so, the requests from the
all-miss warp can completely avoid unnecessary L2 access
and queuing delays, and enable the use of L2 cache bandwidth
and buffer space by warps that benefit from the L2 cache. This
decreases the total number of requests going to the L2 cache,
thus reducing the queuing latencies for requests from mostlyhit and all-hit warps, as there is less contention.
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20% – 70%
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All-miss

0%

Hit Request

Miss Request

Figure 3: Warp type categorization based on the shared cache
hit ratios. Hit ratio values are empirically chosen. Reproduced from [6].

MeDiC provide two mechanisms, warp-type-aware cache
bypassing and warp-type-aware cache insertion policy, in
order to convert mostly-hit warps into all-hit warps, where
all requests in the warp hit in the cache, thereby reducing
the stall time of mostly-hit warp significantly. This is done
at the cost of converting the mostly-miss warps into all-miss
warps, but doing so does not increase the stall time of such
warps. To speed up uncacheable cache misses from mostlyhit warps, the warp-type-aware memory scheduling policy in
MeDiC prioritizes memory requests from mostly-hit warps
over memory requests from mostly-miss warps.

2. Observation on GPU Memory Divergence
We make three new key observations about memory divergence (at the shared L2 cache). First, we observe that the
degree of memory divergence can differ across warps (as illustrated in Figure 1). This inter-warp heterogeneity affects how
well each warp takes advantage of the shared cache. Second,
we observe that a warp’s memory divergence behavior tends
to remain stable for long periods of execution, making it predictable. Third, we observe that requests to the shared cache
experience long queuing delays due to the large amount of
parallelism in GPGPU programs, which exacerbates the memory divergence problem and slows down GPU execution.
Next, we describe each of these observations in detail and
motivate our solutions.

2.2. Memory Divergence Stability Over Time
A warp tends to retain its memory divergence behavior (e.g.,
whether or not it is mostly-hit or mostly-miss) for long periods
of execution, and is thus predictable. This is due to the spatial
and temporal locality of each thread within the warp. Figure 4
shows a sample of warps from a representative application
(i.e., BFS [10]) that shows this predictability. This predictability enables us to perform history-based warp divergence
characterization.

2.1. Memory Divergence Heterogeneity
There is heterogeneity across warps in the degree of memory
divergence experienced by each warp at the shared L2 cache.
Figures 1a and 1b show examples of two different types of
warps that exhibit different degrees of memory divergence.
2
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Based on these three new observations we made, we define
three major goals for our new mechanism. We would like to
devise a mechanism that (1) converts mostly-hit warps into
all-hit warps (warps where all requests hit in the cache, as
shown in Figure 1c), (2) converts mostly-miss warps into allmiss warps (warps where none of the requests hit in the cache,
as shown in Figure 1d) and (3) reduces L2 cache queuing
delay for all warp types. As we can see in Figure 1a, the
stall time due to memory divergence for the mostly-hit warp
can be eliminated by converting only the single cache miss
(Figure 1a, 2 ) into a cache hit.
To this end, we introduce Memory Divergence Correction
(MeDiC), a GPU-specific mechanism that exploits memory
divergence heterogeneity across warps at the shared cache
and at main memory to improve the overall performance of
GPGPU applications. MeDiC consists of three different components, which work together to achieve our three goals: (1) a
warp-type-aware cache bypassing mechanism, which prevents
requests from mostly-miss and all-miss warps from accessing
the shared L2 cache; (2) a warp-type-aware cache insertion
policy, which prioritizes requests from mostly-hit and all-hit
warps, in order to increase the likelihood that they all become
cache hits; and (3) a warp-type-aware memory scheduling mechanism, which prioritizes requests from mostly-hit warps
that were not successfully converted to all-hit warps, in order
to minimize the stall time due to divergence. These three
components are all driven by an online mechanism that can
identify the expected memory divergence behavior of each
warp.
Figure 6 shows the overall MeDiC mechanism. MeDiC consists of four different components: 1 a warp-typeidentification mechanism that classifies warps into one of the
four warp types as described in Section 2.1; 2 a bypass mechanism that bypasses requests from all-miss and mostly-miss
warps, reducing the queuing delay in the L2 cache; 3 an
insertion policy that prevent mostly-hit requests from being
evicted from the cache; and 4 a memory scheduler that prioritizes requests from mostly-hit warps, which are more latency
sensitive.
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Figure 4: Hit ratio of randomly selected warps over time
from BFS. Reproduced from [6].

2.3. High Queuing Latencies at the Shared Cache

Fract. of L2 Requests

Due to the amount of thread parallelism within a GPU, a
large number of memory requests can arrive at the L2 cache
in a small window of execution time, leading to significant
queuing delays. Prior work observes high access latencies
for the shared L2 cache within a GPU [126, 127, 142], but
does not identify why these latencies are so high. We show
that when a large number of requests arrive at the L2 cache,
both the limited number of read/write ports and backpressure from cache bank conflicts force many of these requests
to queue up for long periods of time. We observe that this
queuing latency can sometimes add hundreds of cycles to the
cache access latency, and that non-uniform queuing across
the different cache banks exacerbates memory divergence.
Figure 5 quantifies the magnitude of this queue contention if
we set the cache lookup latency at one cycle, for one application, BFS [10]. As shown, a significant number of requests
experience tens to hundreds of cycles of queuing delay.
16%
14%
12%
10%
8%
6%
4%
2%
0%

53.8%

3.1. Warp Type Identification
In order to take advantage of the memory divergence heterogeneity across warps, we must first add hardware that
can identify the divergence behavior of each warp. The key
idea is to periodically sample the hit ratio of a warp, and to
classify the warp’s divergence behavior as one of the five
types in Figure 3 based on the observed hit ratio. This information can then be used to drive the warp-type-aware
components of MeDiC. In general, warps tend to retain the
same memory divergence behavior for long periods of execution. However, there can be some long-term shifts in warp
divergence behavior, requiring periodic resampling of the
hit ratio to potentially re-evaluate the warp type. Warp type

Queuing Time (cycles)

Figure 5: Distribution of per-request queuing latencies for L2
cache requests from BFS. Reproduced from [6].

The warp-type-aware bypassing logic in MeDiC helps to alleviate these L2 queuing latencies. By preventing mostly-miss
and all-miss warps from accessing the cache, which yields
little or no benefit to them, we reduce the access latencies
for requests from (1) mostly-hit and all-hit warps, which benefit from the cache much more; and also (2) mostly-miss
and all-miss warps themselves; thereby improving the overall
performance of all warps and the system.
3
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Figure 6: Overview of MeDiC: 1 warp type identification logic, 2 warp-type-aware cache bypassing, 3 warp-type-aware cache
insertion policy, 4 warp-type-aware memory scheduler. Reproduced from [6].

identification through hit ratio sampling requires hardware
within the cache to periodically count the number of hits
and misses each warp incurs. We append two counters to
the metadata stored for each warp, which represent the total
number of cache hits and cache accesses for the warp during
the sampling interval.

evicted first, while data from mostly-hit warps and all-hit
warps are evicted last.
To ensure that a cache block from a mostly-hit warp stays
in the cache for as long as possible, we insert the block closer
to the MRU position. A cache block requested by a mostlymiss warp is inserted closer to the LRU position, making it
more likely to be evicted. To track the warp type associated
with these cache blocks, we add two bits of metadata to each
cache block, indicating the warp type. These bits are then
appended to the replacement policy bits. The bits modify
the replacement policy behavior, such that a cache block
from a mostly-miss warp is more likely to get evicted than a
block from a balanced warp. Similarly, a cache block from a
balanced warp is more likely to be evicted than a block from
a mostly-hit or all-hit warp.

3.2. Warp-type-aware Shared Cache Bypassing
Once the warp type is known and a warp generates a request to the L2 cache, our mechanism first decides whether to
bypass the cache based on the warp type. The key idea behind
warp-type-aware cache bypassing is to convert mostly-miss
warps into all-miss warps, as they do not benefit greatly from
the few cache hits that they get. By bypassing these requests,
we achieve three benefits: (1) bypassed requests can avoid
L2 queuing latencies entirely, (2) other requests that do hit
in the L2 cache experience shorter queuing delays due to the
reduced contention, and (3) space is created in the L2 cache
for mostly-hit warps.
The cache bypassing logic must make a simple decision: if
an incoming memory request was generated by a mostly-miss
or all-miss warp, the request is bypassed directly to DRAM.
This is determined by reading the warp type stored in the
warp metadata from the warp type identification mechanism.
A simple 2-bit demultiplexer can be used to determine whether a request is sent to the L2 bank arbiter, or directly to the
DRAM request queue.

3.4. Warp-type-aware Memory Scheduler
Our cache bypassing mechanism and cache insertion policy
work to increase the likelihood that all requests from a mostlyhit warp become cache hits, converting the warp into an allhit warp. However, due to cache conflicts, or due to poor
locality, there may still be cases when a mostly-hit warp
cannot be fully converted into an all-hit warp, and is therefore
unable to avoid stalling due to memory divergence as at least
one of its requests has to go to DRAM. In such a case, we want
to minimize the amount of time that this warp stalls. To this
end, we propose a warp-type-aware memory scheduler that
prioritizes the occasional DRAM requests from mostly-hit
warps.
The design of our memory scheduler is very simple. Each
memory request is tagged with a single bit, which is set if the
memory request comes from a mostly-hit warp (or an all-hit
warp, in case the warp was mischaracterized). We modify
the request queue at the memory controller to contain two
different queues, where a high-priority queue contains all
requests that have their mostly-hit bit set to one. The lowpriority queue contains all other requests, whose mostly-hit
bits are set to zero. Each queue uses FR-FCFS [115, 156] as

3.3. Warp-type-aware Cache Insertion Policy
Our cache bypassing mechanism frees up space within the
L2 cache, which we want to use for the cache misses from
mostly-hit warps (to convert the cache miss memory requests
into cache hits). However, even with the new bypassing
mechanism, other warps (e.g., balanced, mostly-miss) still
insert some data into the cache. In order to aid the conversion
of mostly-hit warps into all-hit warps, we develop a warptype-aware cache insertion policy, whose key idea is to ensure
that in a given cache set, data from mostly-miss warps are
4
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the scheduling policy; however, the scheduler always selects
requests from the high priority queue over requests in the
low priority queue.1
We describe each component of MeDiC in more detail in
Sections 4.1, 4.2, 4.3 and 4.4 of our PACT 2015 paper [6].

from mostly-miss warps are much more likely to be evicted.
In addition, WIP reduces the cache miss rate of several applications. Our memory scheduler, WMS, provides significant
performance gains (30.2%) over Baseline, because the memory
scheduler prioritizes requests from warps that have a high
hit ratio, allowing these warps to become active much sooner
than they do in Baseline. Our bypassing mechanism, WByp
provides an average 33.6% performance improvement over
Baseline, because it is effective at reducing the L2 queuing
latency..
Compared to PCAL [79], WByp provides 12.8% better performance, and full MeDiC provides 21.8% better performance.
We observe that while PCAL reduces the amount of cache
thrashing, the reduction in thrashing does not directly translate into better performance. We observe that warps in the
mostly-miss category sometimes have high reuse, and acquire
tokens to access the cache. This causes less cache space to
become available for mostly-hit warps, limiting how many
of these warps become all-hit. However, when high-reuse
warps that possess tokens are mainly in the mostly-hit category (PVC, PVR, SS, and BH), we find that PCAL performs
better than WByp.
Compared to Rand,3 MeDiC performs 6.8% better, because
MeDiC is able to make bypassing decisions that do not increase the miss rate significantly. This leads to lower off-chip
bandwidth usage under MeDiC than under Rand. Rand increases the cache miss rate by 10% for the kernels of several
applications (BP, PVC, PVR, BFS, and MST). We observe that
in many cases, MeDiC improves the performance of applications that tend to generate a large number of memory requests,
and thus experience substantial queuing latencies.
Compared to PC-Byp, MeDiC performs 12.4% better. We
observe that the overhead of tracking the PC becomes significant, and that thrashing occurs as two PCs can hash to the
same index, leading to inaccuracies in the bypassing decisions.
We conclude that each component of MeDiC, and the full
MeDiC framework, are effective. Note that each component
of MeDiC addresses the same problem (i.e., memory divergence of threads within a warp) using different techniques
on different parts of the memory hierarchy. For the majority
of workloads, one optimization is enough. However, we see
that for certain high-intensity workloads (BFS and SSSP), the
congestion is so high that we need to attack divergence on
multiple fronts. Thus, MeDiC provides better average performance than all of its individual components, especially for
such memory-intensive workloads.
We provide the following other evaluation results in our
PACT 2015 paper [6]:
• Impact of MeDiC on cache miss rate.

4. Methodology
We model our mechanism using GPGPU-Sim 3.2.1 [9]. We
modified GPGPU-Sim to accurately model cache bank conflicts, and added the cache bypassing, cache insertion, and
memory scheduling mechanisms needed to support MeDiC.
We use GPUWattch [76] to evaluate power consumption.
We have open sourced our simulator source code at [118].
We evaluate our system across multiple GPGPU applications
from the CUDA SDK [102], Rodinia [19], MARS [39], and
Lonestar [10] benchmark suites.
We report performance results using the harmonic average
of the IPC speedup (over the baseline GPU) of each kernel
of each application.2 Harmonic speedup [28, 85] was shown
to reflect the average normalized execution time in multiprogrammed workloads. We calculate energy efficiency for
each workload by dividing the IPC by the energy consumed
Section 5 of our PACT 2015 paper [6] provides more detail
on our experimental methodology.

5. Evaluation
Figure 7 shows the performance of MeDiC compared to
four GPU cache management mechanisms: the Evicted Address Filter insertion policy [123] (EAF), PCAL bypassing
policy [79] (PCAL), PC-based cache bypassing policy (PCByp) and an idealized random bypassing policy (Rand) over
15 different GPGPU applications from 4 benchmark suites.
We also show the performance of each individual component
of MeDiC: our warp-type-aware insertion policy (WIP), our
warp-type-aware memory scheduling policy (WMS) and our
warp-type-aware bypassing policy (WByp).
We found that each component of MeDiC individually provides significant performance improvement: WIP (32.5%),
WMS (30.2%), and WByp (33.6%). MeDiC, which combines
all three mechanisms, provides a 41.5% performance improvement over Baseline, on average. MeDiC matches or outperforms its individual components for all benchmarks except
BP, where MeDiC has a higher L2 miss rate and lower row
buffer locality than WMS and WByp.
Our insertion policy, WIP, outperforms EAF [123] by 12.2%.
We observe that the key benefit of WIP is that cache blocks
1 Using two queues ensures that high-priority requests are not blocked
by low-priority requests even when the low-priority queue is full. Two-queue
priority also uses simpler logic design than comparator-based priority [5,
132, 133].
2 We confirm that for each application, all kernels have similar speedup
values, and that aside from SS and PVC, there are no outliers (i.e., no kernel
has a much higher speedup than the other kernels). To verify that harmonic
speedup is not swayed greatly by these few outliers, we recompute it for
SS and PVC without these outliers, and find that the outlier-free speedup is
within 1% of the harmonic speedup we report in the paper.

3 Note that our evaluation uses an ideal random bypassing mechanism,
where we manually select the best individual percentage of requests to
bypass the cache for each workload. As a result, the performance shown for
Rand is better than can be practically realized.
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Figure 7: Performance of MeDiC. Adapted from [6].
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•
•
•
•

Impact of MeDiC on queuing latency.
Impact of MeDiC on row buffer locality.
Analysis of reuse in GPGPU applications.
Hardware cost of MeDiC.

Chen et al. [20,21] propose a combined warp throttling and
bypassing mechanism for the L1 cache based on the cacheconscious warp scheduler [116]. The key idea is to bypass the
cache when resource contention is detected. This is done by
embedding history information into the L2 tag arrays. The L1
cache uses this information to perform bypassing decisions,
and only warps with high reuse are allowed to access the L1
cache. Jia et al. propose an L1 bypassing mechanism [48],
whose key idea is to bypass requests when there is an associativity stall. Dai et al. propose a mechanism to bypass cache
based on a model of a cache miss rate [23].
MeDiC differs from these prior cache bypassing works
because it uses warp memory divergence heterogeneity for
bypassing decisions. We also show (in Section 6.4 of our
PACT 2015 paper [6]) that our mechanism implicitly takes
reuse information into account.
Software-based Cache Bypassing. Concurrent work by
Li et al. [77] proposes a compiler-based technique that performs cache bypassing using a method similar to PCAL [79].
Xie et al. [145] propose a mechanism that allows the compiler
to perform cache bypassing for global load instructions. Both
of these mechanisms are different from MeDiC in that MeDiC applies bypassing to all loads and stores that utilize the
shared cache, without requiring additional characterization
at the compiler level. Mekkat et al. [87] propose a bypassing
mechanism for when a CPU and a GPU share the last level
cache. Their key idea is to bypass GPU cache accesses when
CPU applications are cache sensitive, which is not applicable
to GPU-only execution.
CPU Cache Bypassing. There are also several other CPUbased cache bypassing techniques. These techniques include
using additional buffers track cache statistics to predict cache

6. Related Work
To our knowledge, MeDiC is the first work that identifies
inter-warp memory divergence heterogeneity and exploits
it to achieve better system performance in GPGPU applications. Our new mechanism consists of warp-type-aware components for cache bypassing, cache insertion, and memory
scheduling. We have already provided extensive quantitative
and qualitative comparisons to state-of-the-art mechanisms
in GPU cache bypassing [79], cache insertion [123], and memory scheduling [115, 156]. In this section, we discuss other
related work in these areas.
Hardware-based Cache Bypassing. PCAL is a bypassing mechanism that addresses the cache thrashing problem
by throttling the number of threads that time-share the cache
at any given time [79]. The key idea of PCAL is to limit the
number of threads that get to access the cache. Concurrent
work by Li et al. [78] proposes a cache bypassing mechanism
that allows only threads with high reuse to utilize the cache.
The key idea is to use locality filtering based on the reuse
characteristics of GPGPU applications, with only high reuse
threads having access to the cache. Xie et al. [146] propose
a bypassing mechanism at the thread block level. In their
mechanism, the compiler statically marks whether thread
blocks prefer caching or bypassing. At runtime, the mechanism dynamically selects a subset of thread blocks to use the
cache, to increase cache utilization.
6
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blocks that have high utility based on reuse count [18, 27,
32, 50, 55, 81, 144, 152], reuse distance [18, 24, 29, 31, 34, 104,
143, 149], behavior of the cache block [46] or miss rate [22,
88, 120, 137] As they do not operate on SIMD systems, these
mechanisms do not (need to) account for memory divergence
heterogeneity when performing bypassing decisions.

Other Ways to Handle Memory Divergence. In addition to cache bypassing, cache insertion policy, and memory
scheduling, other works propose different methods of decreasing memory divergence [51, 52, 63, 75, 89, 101, 116, 117, 155].
These methods range from thread throttling [51,52,63,116] to
warp scheduling [75, 89, 101, 116, 117, 155]. While these methods share our goal of reducing memory divergence, none
of them exploit inter-warp heterogeneity and, as a result, are
either orthogonal or complementary to our proposal. Our
work also makes new observations about memory divergence
not covered by these works.

Cache Insertion and Replacement Policies. Many
works propose different insertion policies for CPU systems
(e.g., [44, 45, 54, 110, 112, 123]). We compare our insertion
policy against the Evicted-Address Filter (EAF) [123], and
show that our policy, which takes advantage of inter-warp
divergence heterogeneity, outperforms EAF. Dynamic Insertion Policy (DIP) [44] and Dynamic Re-Reference Interval
Prediction (DRRIP) [45] are insertion policies that account
for cache thrashing. The downside of these two policies is
that they are unable to distinguish between high-reuse and
low-reuse blocks in the same thread [123]. The Bi-modal
Insertion Policy [110] dynamically characterizes the cache
blocks being inserted. None of these works take warp type
characteristics or memory divergence behavior into account.
Other work proposed prefetch-aware insertion and replacement policies [25, 124, 130]. MeDiC can be combined with
such policies.

7. Potential Impact
While the problem that MeDiC is trying to solve, which
is memory divergence, is not new, key findings in this work
provide novelty and create potential research topics for the
future. We discuss at least three such opportunities and future
directions.
Taking Advantage of Memory Divergence Heterogeneity. MeDiC modifies the memory hierarchy to introduce
awareness of the memory divergence heterogeneity between
different types of warps. There are many other applications that can exploit warp type information. Other resources
within the GPU (e.g., GPU cores, warp scheduler) can exploit the memory divergence heterogeneity across different
warps to further improve the performance of GPGPU applications. For example, the warp type information can be
used by the warp scheduler and thread block scheduler to
ensure that they do not schedule warps of the same type to
execute at the same time, to limit the amount of cache contention that occurs. Incorporating the warp type information
with other techniques, such as assist warps to relieve execution bottlenecks [140], can enable GPUs to utilize resources
based on the type of warps the GPU is executing. For example, mostly-hit warps favor a mechanism that provides low
memory latency, while mostly-miss warps might favor a mechanism that provides higher off-chip bandwidth. Memory
divergence heterogeneity can also be used to assist GPU resource virtualization [139], as virtual resource allocation can
take into account the utilization of shared memory resources
to determine how much of a particular memory resource to
allocate to each thread block.
Warp type information can be used to improve the performance of GPU address translation. Prior works [7, 8] show
that address translations that do not hit in a TLB can incur
long-latency page table walks, which can affect hundreds of
application threads at once. Such long-latency address translations might have a greater impact on warps that are latency
sensitive (e.g., mostly-hit and all-hit warps). Thus, warptype information can be combined with previously-proposed
techniques that aim to reduce the overhead of GPU address
translation [7, 8] to provide synergistic performance benefits.
We believe the idea of warp-type heterogeneity enables
many different mechanisms to customize execution on a GPU

Memory Scheduling. Yuan et al. propose a GPU interconnect design that rearrange the sequence of memory requests
that arrive at each memory channel to reduce the complexity
of GPU memory scheduler [151]. Chatterjee et al. propose a
GPU memory scheduler that allows requests from the same
warp to be grouped together, in order to reduce the memory
divergence across different memory requests within the same
warp [17]. Jog et al. propose a GPU memory scheduler that
exploit the criticality information of warps in the GPU cores
in order to improve the performance of GPGPU applications [49]. Principles of MeDiC can be incorporated into these
schedulers.
There are several memory scheduler designs that target
systems with CPUs [26, 33, 43, 56, 57, 59, 60, 67, 68, 69, 82, 93, 94,
95, 96, 98, 99, 115, 131, 132, 133, 134, 135, 147, 153], and heterogeneous compute elements [5, 47, 138]. Memory schedulers
for CPUs and heterogeneous systems generally aim to reduce
interference across different applications.
Improving DRAM. An alternative approach to mitigate
memory divergence is to improve the performance of the
main memory itself. Previous works propose new DRAM
designs that are capable of reducing memory latency in conventional DRAM [1, 2, 3, 4, 11, 12, 13, 13, 14, 14, 15, 16, 35, 36,
37, 38, 40, 41, 42, 53, 58, 61, 70, 71, 72, 73, 74, 83, 86, 92, 97, 100,
103, 109, 119, 121, 122, 125, 129, 141, 154] as well as non-volatile
memory [62,64,65,66,80,84,90,91,111,113,114,148,150]. Data
compression techniques can increase the effective DRAM
bandwidth [105, 106, 107, 108, 140]. All these techniques are
orthogonal to MeDiC and can be used to further improve the
performance of GPGPU applications.
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to achieve higher performance and energy efficiency. Hence,
our PACT 2015 paper [6] paves the way for fine-grained
customization of a GPU.
Identifying Long-Latency Threads in a Warp. Our
PACT 2015 paper [6] shows how to intelligently reduce the
memory latency of threads within a warp in order to reduce
the memory divergence problem. However, MeDiC focuses
on reducing the stall time of mostly-hit warps. Long-latency
threads can still exist in the mostly-hit warps due to other
problems such as load balancing at the memory partitions.
Additional work on (1) how to identify latency-critical threads
within a warp and (2) how to accelerate these specific threads
can further improve the performance and energy efficiency
of GPGPU applications.
Reducing High Queuing Delays and Memory Contention in the GPU Memory Hierarchy. As shown in our
PACT 2015 paper [6], the queuing delay of throughput processors such as GPUs can become a performance bottleneck, as
the delay increases the stall time of warps of all types. While
the proposed warp-type-aware cache bypassing mechanism
in MeDiC aims to reduce the queuing delay, non-uniform
memory access patterns can still cause contention at a few
L2 cache banks and memory partitions. In future systems,
the parallelism of throughput processors is likely to increase
further. For example, future GPUs will likely come with a
higher number of GPU cores and larger SIMD widths. This is
expected to greatly increase the amount of contention and,
thus, queuing delay, for many resources. The different components of MeDiC can serve as a starting point for future
research on alleviating cache and memory contention in future systems, and can ultimately enable a larger amount of
thread-level parallelism. We believe studying the mitigation
of high cache and memory contention is very promising for
future parallel throughput processors and encourage future
work in this area.

policies, and over a state-of-the-art GPU cache management
technique. We conclude that exploiting inter-warp heterogeneity is effective, and hope future works explore other ways
of improving systems based on this key observation of our
work.
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This paper summarizes the idea and key contributions of
Mosaic, which was published at MICRO 2017 [8], and examines
the work’s significance and future potential. Contemporary
discrete GPUs support rich memory management features such
as virtual memory and demand paging. These features simplify GPU programming by providing a virtual address space
abstraction similar to CPUs and eliminating manual memory
management, but they introduce high performance overheads
during (1) address translation and (2) page faults. A GPU relies on high degrees of thread-level parallelism (TLP) to hide
memory latency. Address translation can undermine TLP, as a
single miss in the translation lookaside buffer (TLB) invokes an
expensive serialized page table walk that often stalls multiple
threads. Demand paging can also undermine TLP, as multiple
threads often stall while they wait for an expensive data transfer
over the system I/O (e.g., PCIe) bus when the GPU demands a
page.

uses base pages to transfer data over the system I/O bus, and
allocates physical memory in a way that (1) preserves base page
contiguity and (2) ensures that a large page frame contains
pages from only a single memory protection domain. We take
advantage of this allocation strategy to design a novel in-place
page size selection mechanism that avoids data migration. This
mechanism allows the TLB to use large pages, reducing address
translation overhead. During data transfer, this mechanism
enables the GPU to transfer only the base pages that are needed
by the application over the system I/O bus, keeping demand
paging overhead low. Our evaluations show that Mosaic reduces
address translation overheads while efficiently achieving the
benefits of demand paging, compared to a contemporary GPU
that uses only a 4KB page size. Relative to a state-of-the-art
GPU memory manager, Mosaic improves the performance of
homogeneous and heterogeneous multi-application workloads
by 55.5% and 29.7% on average, respectively, coming within
6.8% and 15.4% of the performance of an ideal TLB where all
TLB requests are hits.

In modern GPUs, we face a trade-off on how the page size
used for memory management affects address translation and
demand paging. The address translation overhead is lower when
we employ a larger page size (e.g., 2MB large pages, compared
with conventional 4KB base pages), which increases TLB coverage and thus reduces TLB misses. Conversely, the demand
paging overhead is lower when we employ a smaller page size,
which decreases the system I/O bus transfer latency. Support
for multiple page sizes can help relax the page size trade-off
so that address translation and demand paging optimizations
work together synergistically. However, existing page coalescing (i.e., merging base pages into a large page) and splintering
(i.e., splitting a large page into base pages) policies require costly
base page migrations that undermine the benefits multiple page
sizes provide. In this paper, we observe that GPGPU applications
present an opportunity to support multiple page sizes without
costly data migration, as the applications perform most of their
memory allocation en masse (i.e., they allocate a large number
of base pages at once). We show that this en masse allocation
allows us to create intelligent memory allocation policies which
ensure that base pages that are contiguous in virtual memory
are allocated to contiguous physical memory pages. As a result,
coalescing and splintering operations no longer need to migrate
base pages.

1. Introduction
Graphics Processing Units (GPUs) are used for an evergrowing range of application domains due to their capability
to provide high throughput. GPUs provide a high amount of
throughput but they require a different programming model
than CPUs, making their general adoption difficult. Recent
support within GPUs for memory virtualization features, such
as a unified virtual address space [57,70], demand paging [73],
and preemption [2,73], can ease programming by allowing developers to exploit key benefits such as application portability
and multi-application execution.
Hardware-supported memory virtualization relies on address translation to map each virtual memory address to a
physical address within the GPU memory. Address translation uses page-granularity virtual-to-physical mappings that
are stored within a multi-level page table. To look up a mapping within the page table, the GPU performs a page table
walk, where a page table walker traverses through each level
of the page table in main memory until the walker locates
the page table entry for the requested mapping in the last
level of the table. GPUs with virtual memory support have
translation lookaside buffers (TLBs), which cache page table
entries and avoid the need to perform a page table walk for

We introduce Mosaic, a GPU memory manager that provides
application-transparent support for multiple page sizes. Mosaic
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the cached entries, thereby reducing the address translation
latency.
State-of-the-art GPU memory virtualization provides support for demand paging [3, 57, 73, 81, 102]. In demand paging,
all of the memory used by a GPU application does not need
to be transferred to the GPU memory at the beginning of
application execution. Instead, during application execution,
when a GPU thread issues a memory request to a page that
has not yet been allocated in the GPU memory, the GPU
issues a page fault, at which point the data for that page is
transferred over the off-chip system I/O bus (e.g., the PCIe
bus [76] in contemporary systems) from the CPU memory to
the GPU memory. The transfer requires a long latency due
to its use of an off-chip bus. Once the transfer completes, the
GPU runtime allocates a physical GPU memory address to
the page, and the thread can complete its memory request.
GPU Virtualization Challenges. Two fundamental
challenges prevent further adoption of virtualization in GPUs:
(1) the address translation challenge, and (2) the demand paging challenge. The address translation challenge stems from
a long latency process that consists of a series of serialized
memory accesses required to traverse the page table [80, 81].
As many threads can access different data present in a single
page, these serialized page walk accesses significantly limit
GPU concurrency, by lowering thread-level parallelism (TLP)
and thereby reducing the latency hiding capability of a GPU.
Translation lookaside buffers (TLBs) can reduce the latency of
address translation by caching recently-used address translation information. Unfortunately, as application working
sets and DRAM capacity have increased in recent years, stateof-the-art TLB designs [80, 81] suffer from poor TLB reach,
i.e., the TLB covers only a small fraction of the physical memory working set of an application. We found that the poor
TLB reach has a detrimental effect on GPU performance, because a single TLB miss can stall hundreds of threads at once,
undermining TLP within a GPU and significantly reducing
performance [8, 61, 95].
Figure 1 shows the performance of two GPU-MMU designs:
(1) a design that uses the base 4KB page size, and (2) a design
that uses a 2MB large page size, where both designs have
no demand paging overhead (i.e., the system I/O bus transfer
takes zero cycles to transfer a page). We normalize the performance of the two designs to a GPU with an ideal TLB, where
all TLB requests hit in the L1 TLB. Our full experimental methodology is described in detail in our MICRO 2017 paper [8].
We make two major observations from the figure.
First, compared to the ideal TLB, the GPU-MMU with 4KB
base pages experiences an average performance loss of 48.1%.
We observe that with 4KB base pages, a single TLB miss
often stalls many of the warps, which undermines the latency
hiding behavior of the SIMT execution model used by GPUs.
Second, the figure shows that using a 2MB page size with
the same number of TLB entries as the 4KB design allows
applications to come within 2% of the ideal TLB performance.

Normalized
Performance

4KBpages
(no demand
paging
overhead)
4KB
(no demand
paging
overhead)
1.0
0.8
0.6
0.4
0.2
0.0

2MBpages
(no demand
paging
overhead)
2MB
(no demand
paging
overhead)

Figure 1: Performance of a GPU with no demand paging overhead, using (1) 4KB base pages and (2) 2MB large pages, normalized to the performance of a GPU with an ideal TLB. Reproduced from [8].

We find that with 2MB pages, the TLB has a much larger reach,
which reduces the TLB miss rate substantially. Thus, there is
strong incentive to use large pages for address translation.
To increase the TLB reach, large pages (e.g., the 2MB or 1GB
pages used in many modern CPU architectures [39,40]) can be
employed. However, large pages increase the risk of internal
fragmentation, where a portion of the large page is unallocated (or unused). Internal fragmentation occurs because it
might often be difficult for an application to completely utilize large contiguous regions of memory. This fragmentation
leads to (1) memory bloat, where a much greater amount of
physical memory is allocated than the amount of memory
that the application needs; and (2) longer memory access
latencies, due to a potentially lower effective TLB reach and
more page faults [56].
The demand paging challenge stems from a page fault,
which requires a long-latency data transfer for an entire page
over the system I/O bus [76]. Since GPU threads often access
data in the same page due to data locality, a single page fault
can cause multiple threads to stall at once. As a result, the
page fault can significantly reduce the amount of TLP that
the GPU can exploit, and thus significantly degrade performance [8, 102].
Unlike address translation, which benefits from larger pages, the overhead of demand paging is smaller when a smaller
page size is used. A larger amount of data transfer increases
the transfer time, increases the amount of time that GPU threads stall, and decreases TLP. Furthermore, as the size of a page
increases, there is a greater probability that an application
does not need all of the data in the page. As a result, threads
may stall for a longer time without gaining any further benefit in return. Based on these two conflicting observations,
memory virtualization in GPU systems has a fundamental
trade-off due to the page size choice. We provide more detail
on the trade-off in our MICRO 2017 paper [8].

2. Mosaic
In our MICRO 2017 paper [8], we propose Mosaic, a new
GPU memory management scheme that aims to get the best
of both small and large page sizes. Mosaic relaxes the page
size trade-off by using multiple page sizes transparently to the
application, and, thus, to the programmer. With multiple page
sizes, and the ability to change virtual-to-physical mappings
2
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dynamically, the GPU system can support good TLB reach
by using large pages for address translation, while providing
good demand paging performance by using base pages for data
transfer. However, while coalescing multiple small pages into
a large page requires a contiguous region, existing memory
allocation mechanisms make it difficult to find regions of
physical memory where base pages can be coalesced without
a large number of page migration operations. This is because
existing GPU memory allocation mechanisms do not allocate
base pages in a manner that is aware of the contiguity of
memory allocated to each application. Figure 2 shows how
a state-of-the-art GPU memory manager [81] allocates memory for two applications. Within a single large page frame
(i.e., a contiguous piece of physical memory that is the size
of a large page and whose starting address is page aligned),
the GPU memory manager allocates base pages from both
Applications 1 and 2 ( 1 in Figure 2). As a result, the memory
manager cannot coalesce the base pages into a large page ( 2 )
without first migrating some of the base pages, which would
incur a high latency. Instead, Mosaic allocates physical base
pages in a way that avoids the need to migrate data during
coalescing ( 3 in Figure 3), and uses a simple coalescing mechanism to combine base pages into large pages (e.g., 2MB)
and thus increase TLB reach ( 4 in Figure 3).
Application 1 Base Pages

1

Application 2 Base Pages

in virtual memory are allocated to a contiguous portion of
physical memory and aligned within the large page frame.
Mosaic is designed to achieve these two goals. It consists of three major components: Contiguity-Conserving
Allocation (CoCoA), the In-Place Coalescer, and ContiguityAware Compaction (CAC). These three components work
together to coalesce (i.e., combine) base pages into large pages
and splinter (i.e., split apart) large pages back to base pages
during memory management. Memory management operations for Mosaic take place at two times: (1) when memory is
allocated, and (2) when memory is deallocated. We describe
what happens at each component briefly. Figure 4 depicts
the three components of Mosaic, and we will use Figure 4 to
provide a walkthrough of the actions taken during memory
allocation and deallocation.
Memory Allocation. When a GPGPU application wants
to access data that is not currently in the GPU memory, it
sends a request to the GPU runtime (e.g., OpenCL, CUDA
runtimes) to transfer the data from the CPU memory to the
GPU memory ( 1 in Figure 4). A GPGPU application typically allocates a large number of base pages at the same time.
CoCoA allocates space within the GPU memory ( 2 ) for the
base pages, working to conserve the contiguity of base pages,
if possible during allocation. Regardless of contiguity, CoCoA
provides a soft guarantee that a single large page frame contains base pages from only a single application. Once the base
page is allocated, CoCoA initiates the data transfer across
the system I/O bus ( 3 ). When the data transfer is complete
( 4 ), CoCoA notifies the In-Place Coalescer that allocation is
done by sending a list of the large page frame addresses that
were allocated ( 5 ). For each of these large page frames, the
runtime portion of the In-Place Coalescer then checks to see
whether (1) all base pages within the large page frame have
been allocated, and (2) the base pages within the large page
frame are contiguous in both virtual and physical memory.
If both conditions are true, the hardware portion of the InPlace Coalescer updates the page table to coalesce the base
pages into a large page ( 6 ). Section 4.3 of our MICRO 2017
paper [8] describes how page tables are modified to support
coalescing.
Memory Deallocation. When a GPGPU application
would like to deallocate memory (e.g., when an application
kernel finishes), it sends a deallocation request to the GPU
runtime ( 7 ). For all deallocated base pages that are coalesced into a large page, the runtime invokes Contiguity-Aware
Compaction (CAC) for the corresponding large page. The
runtime portion of CAC checks to see whether the large page
has a high degree of internal fragmentation (i.e., if the number of unallocated base pages within the large page exceeds
a predetermined threshold). For each large page with high
internal fragmentation, the hardware portion of CAC updates
the page table to splinter the large page back into its constituent base pages ( 8 ). Next, CAC compacts the splintered
large page frames, by migrating data from multiple splintered

Unallocated Pages

Large Page Frame 1

2 Large Page Frame 1

Large Page Frame 2

Large Page Frame 2

Standard Memory Allocation

Cannot Coalesce Pages
Without Migrating Data

Figure 2: Page allocation and coalescing behavior of a stateof-the-art GPU memory manager [81]. Adapted from [8].
3 Large Page Frame 1

4 Coalesced Large Page 1

Large Page Frame 2

Coalesced Large Page 2

Contiguity-Conserving
Allocation

Lazy Coalescer

Figure 3: Page allocation and coalescing behavior of Mosaic.
Adapted from [8].

We make a key observation about the memory behavior
of contemporary general-purpose GPU (GPGPU) applications. We find that the vast majority of memory allocations
in GPGPU applications are performed en masse (i.e., a large
number of pages are allocated at the same time). The en masse
memory allocation presents us with an opportunity: with so
many pages being allocated at once, we can rearrange how
we allocate the base pages to ensure that (1) all of the base
pages allocated within a large page frame belong to the same
virtual address space, and (2) base pages that are contiguous
3
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Figure 4: High-level overview of Mosaic, showing how and when its three components interact with the GPU memory. Reproduced from [8].

large page frames into a single large page frame ( 9 ). Finally,
CAC notifies CoCoA of the large page frames that are now
free after compaction ( 10 ), which CoCoA can use for future
memory allocations. We describe each component of Mosaic
in more detail in Sections 4.2, 4.3, and 4.4 of our MICRO 2017
paper [8].

GPU Core Configuration
Shader Core
Config

30 cores, 1020 MHz, GTO warp scheduler [84]

Private L1 Cache

16KB, 4-way associative, LRU, L1 misses are
coalesced before accessing L2, 1-cycle latency

Private L1 TLB

128 base page/16 large page entries per core,
fully associative, LRU, single port, 1-cycle latency

3. Evaluation Methodology

Memory Partition Configuration
(6 memory partitions in total
with each partition accessible by all 30 cores)

Table 1 shows the system configuration we simulate for
our evaluations, including the configurations of the GPU
cores and memory partitions. We modify the MAFIA framework [43], which uses GPGPU-Sim 3.2.2 [10], to evaluate Mosaic. We add a memory allocator into cuda-sim, the CUDA simulator within GPGPU-Sim, to handle all virtual-to-physical
address translations and to provide memory protection. We
add an accurate model of address translation to GPGPU-Sim,
including TLBs, page tables, and a page table walker. The
page table walker is shared across all SMs, and allows up to
64 concurrent walks. Both the L1 and L2 TLBs have separate
entries for base pages and large pages [32, 47, 48, 75, 78, 79].
Each TLB contains miss status holding registers (MSHRs) [54]
to track in-flight page table walks. Our simulation infrastructure supports demand paging by detecting page faults and
faithfully modeling the system I/O bus (i.e., PCIe) latency
based on measurements from NVIDIA GTX 1080 cards [74].
We use a worst-case model for the performance of our compaction mechanism conservatively, by stalling the entire GPU
(all SMs) and flushing the pipeline. We have publicly released
our simulator modifications as open source software [88, 89].
We evaluate the performance of Mosaic using both homogeneous and heterogeneous workloads. We categorize each
workload based on the number of concurrently-executing
applications, which ranges from one to five for our homogeneous workloads, and from two to five for our heterogeneous workloads. We form our homogeneous workloads using
multiple copies of the same application. We build 27 homogeneous workloads for each category using GPGPU applications from the Parboil [92], SHOC [25], LULESH [49, 50],
Rodinia [20], and CUDA SDK [69] suites. We form our heterogeneous workloads by randomly selecting a number of
applications out of these 27 GPGPU applications. We build 25

Shared L2 Cache

2MB total, 16-way associative, LRU, 2 cache banks,
2 ports per memory partition, 10-cycle latency

Shared L2 TLB

512 base page/256 large page entries,
16-way/fully-associative (base page/large page),
, non-inclusive, LRU,2 ports, 10-cycle latency

DRAM

3GB GDDR5 [37, 53], 1674 MHz,
6 channels, 8 banks per rank,
FR-FCFS scheduler [83, 104], burst length 8

Table 1: Configuration of the simulated system. Adapted
from [8].

heterogeneous workloads per category. In total we evaluate
235 homogeneous and heterogeneous workloads.
We compare Mosaic to two mechanisms: (1) GPU-MMU,
a baseline GPU with a state-of-the-art memory manager based on the work by Power et al. [81]; and (2) Ideal TLB, a
GPU with an ideal TLB, where every address translation request hits in the L1 TLB (i.e., there are no TLB misses). We
report workload performance using the weighted speedup
metric [28, 29], which is calculated as:
Weighted Speedup =

X IPCshared
IPCalone

(1)

where IPCalone is the retired instructions per cycle (IPC) of an
application in the workload that runs on the same number
of shader cores using the baseline state-of-the-art configuration [81], but does not share GPU resources with any other
applications; and IPCshared is the IPC of the application when
it runs concurrently with other applications. We report the
performance of each application within a workload using
IPC.
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Section 5 of our MICRO 2017 paper [8] provides more detail
on our experimental methodology.

baseline and Mosaic when demand paging is enabled. Figure 7
shows the normalized weighted speedup of the GPU-MMU
baseline and Mosaic, compared to GPU-MMU without demand paging, where all data required by an application is
moved to the GPU memory before the application starts executing. We make two observations from the figure. First, we
find that Mosaic outperforms GPU-MMU without demand
paging by 58.5% on average for homogeneous workloads and
47.5% on average for heterogeneous workloads. Second, we
find that demand paging has little impact on the weighted
speedup. This is because demand paging latency occurs only
when a kernel launches, at which point the GPU retrieves
data from the CPU memory. The data transfer overhead is
required regardless of whether or not demand paging is enabled, and thus the GPU incurs similar overhead with and
without demand paging. We conclude that Mosaic improves
performance significantly, regardless of the demand paging
overhead in the baseline.

4. Experimental Results
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Figure 5 shows the performance of Mosaic for the homogeneous workloads we evaluated. We make two observations from the figure. First, we observe that Mosaic is able to
recover most of the performance lost due to the overhead
of address translation (i.e., an ideal TLB) in homogeneous
workloads. Compared to the GPU-MMU baseline, Mosaic improves system performance by 55.5%, averaged across all 135
of our homogeneous workloads. The performance of Mosaic
comes within 6.8% of the Ideal TLB performance, indicating
that Mosaic is effective at extending the TLB reach. Second,
we observe that Mosaic provides good scalability. As we increase the number of concurrently-executing applications,
which puts more pressure on the shared TLBs, we observe
that the performance of Mosaic remains close to the Ideal TLB
performance.
GPU-MMU
Mosaic
Ideal TLB

Weighted
Speedup

Figure 6 shows the performance of Mosaic for heterogeneous workloads that consist of multiple different randomlyselected GPGPU applications (100 workloads in total). From
the figure, we observe that on average across all of the workloads, Mosaic provides a performance improvement of 29.7%
over GPU-MMU, and comes within 15.4% of the Ideal TLB
performance. We find that the improvement comes from the
significant reduction in the TLB miss rate with Mosaic. We
also see that Mosaic’s scalability is good, as the number of applications increases, yet there is still room for improvement to
reach the performance of Ideal TLB. We conclude that Mosaic
is a more effective memory manager than the state-of-the-art.
A detailed analysis of the results in Figures 5 and 6 can be
found in Sections 6.1 and 6.2 of our MICRO 2017 paper [8].
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TLB Hit Rate. Figure 8 compares the overall TLB hit rate
of GPU-MMU to Mosaic for 214 of our 235 workloads, which
suffer from limited TLB reach (i.e., workloads that have an
L2 TLB hit rate lower than 98%). We make two observations
from the figure. First, we observe that Mosaic is very effective
at increasing the TLB reach of these workloads. We find that
for the GPU-MMU baseline, every fully-mapped large page
frame contains pages from multiple applications, as the GPUMMU allocator does not provide the soft guarantee of CoCoA
(i.e., a single large page frame contains base pages from only
a single application). As a result, GPU-MMU does not have
any opportunities to coalesce base pages into a large page
without performing significant amounts of data migration. In
contrast, Mosaic can coalesce a vast majority of base pages
thanks to CoCoA. As a result, Mosaic reduces the TLB miss
rate drastically for these workloads, with the average miss
rate falling below 1% in both the L1 and L2 TLBs. Second, we
observe an increasing amount of interference in GPU-MMU
when more than three applications are running concurrently.
This results in a lower TLB hit rate as the number of applications increases from three to four, and from four to five. The
L2 TLB hit rate of GPU-MMU drops from 81% in workloads
with two concurrently-executing applications to 62% in workloads with five concurrently-executing applications. Mosaic
experiences no such drop due to interference as we increase
the number of concurrently-executing applications, since it
makes much greater use of large page coalescing and enables
a much larger TLB reach. We conclude that Mosaic is very
effective in improving the hit rate.

Figure 5: Homogeneous workload performance of GPU memory managers as we vary the number of concurrentlyexecuting applications in each workload.
Reproduced
from [8].

43.1%

47.5%

Figure 7: Performance of GPU-MMU and Mosaic compared
to GPU-MMU without demand paging. Reproduced from [8].
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Figure 6: Heterogeneous workload performance of the GPU
memory managers. Reproduced from [8].

Impact of Demand Paging on Performance. All of
our results so far show the performance of the GPU-MMU
5
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reservation-based scheme, Ingens [56] employs a utilizationbased scheme that uses a bit vector to track spatial and temporal utilization of base pages.
Techniques to Increase Memory Contiguity.
GLUE [79] groups contiguous, aligned base page translations
under a single speculative large page translation in the
TLB. GTSM [26] provides hardware support to leverage the
contiguity of physical memory region even when pages
have been retired due to bit errors. These mechanisms for
preserving or recovering contiguity are orthogonal to the
contiguity-conserving allocation we propose for Mosaic, and
they can help Mosaic by avoiding the need for compaction.
Gorman et al. [35] propose a placement policy for an OS’s
physical page allocator that mitigates fragmentation and promotes contiguity by grouping pages according to the amount
of migration required to achieve contiguity. Subsequent
work [36] proposes a software-exposed interface for applications to explicitly request large pages like libhugetlbfs [34].
These ideas are complementary to our work. Mosaic can potentially benefit from similar policies if such policies can be
simplified enough to be implementable in hardware.
Alternative TLB Designs. Research on shared last-level
TLB designs [15, 17, 60] and page walk cache designs [14] has
yielded mechanisms that accelerate multithreaded CPU applications by sharing translations between cores. SpecTLB [12]
provides a technique that predicts address translations. While
speculation works on CPU applications, speculation for
highly-parallel GPUs is more complicated [41,44], and can potentially waste off-chip DRAM bandwidth, which is a highlycontended resource in GPUs. Direct segments [13] and redundant memory mappings [47] provide virtual memory support
for server workloads that reduces the overhead of address
translation. These proposals map large contiguous chunks
of virtual memory to the physical address space in order to
reduce the address translation overhead. While these techniques improve the TLB reach, they increase the transfer latency
depending on the size of the virtual chunks they map.

TLB Hit Rate
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Figure 8: L1 and L2 TLB hit rates for GPU-MMU and Mosaic.
Reproduced from [8].

We provide the following additional results in our full
MICRO 2017 paper [8]:
• Individual applications’ performance with Mosaic and the
baseline GPU-MMU
• TLB size sensitivity of Mosaic and the baseline GPU-MMU
• Analysis of the effectiveness of CAC to reduce memory
fragmentation incurs by using large pages

5. Related Work
To our knowledge, this is the first work to (1) analyze the
fundamental trade-offs between TLB reach, demand paging
performance, and internal page fragmentation; and (2) propose an application-transparent GPU memory manager that
preemptively coalesces pages at allocation time to improve
address translation performance, while avoiding the demand
paging inefficiencies and memory copy overheads typically
associated with large page support. Reducing performance
degradation from address translation overhead is an active
area of work for CPUs, and the performance loss that we
observe as a result of address translation is well corroborated [13, 15, 31, 33, 63]. In this section, we discuss previous
techniques that aim to reduce the overhead of address translation and demand paging.

5.1. TLB Designs for CPU Systems
TLB miss overhead can be reduced by (1) accelerating page
table walks [11, 14] or reducing the walk frequency [32]; or
(2) reducing the number of TLB misses (e.g., through prefetching [16, 46, 90], prediction [75], structural changes to the
TLB [77, 78, 93] or a TLB hierarchy [4, 5, 13, 15, 31, 47, 60, 91]).
Support for Multiple Page Sizes. Multi-page mapping
techniques [77,78,93] use a single TLB entry for multiple page
translations, improving TLB reach by a small factor. Much
greater improvements to TLB reach are needed to deal with
modern memory sizes. MIX TLB [24] accommodates entries
that translate multiple page sizes, eliminating the need for
a dedicated set of large page entries in the TLB. MIX TLB
is orthogonal to our work, and can be used with Mosaic to
further improve TLB reach.
Navarro et al. [66] identify contiguity-awareness and fragmentation reduction as primary concerns for large page management, proposing reservation-based allocation and deferred
promotion (i.e., coalescing) of base pages to large pages. Similar ideas are widely used in modern OSes [23]. Instead of the

5.2. TLB Designs for GPU Systems
TLB Designs for Heterogeneous Systems. Previous
works provide several TLB designs for heterogeneous systems with GPUs [80,81,95] and with accelerators [22]. Mosaic
improves upon a state-of-the-art TLB design [81] by providing application-transparent, high-performance support for
multiple page sizes in GPUs. No prior work provides such
support.
TLB-Aware Warp Scheduler. Pichai et al. [80] extend the
cache-conscious warp scheduler [84] to be aware of the TLB in
heterogeneous CPU-GPU systems. Other more sophisticated
warp schedulers [51,59,62,65,84,85,103] can also be extended
to be TLB aware. These techniques are orthogonal to the
problem we focus on, and can be applied in conjunction with
Mosaic to further improve performance.
6
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TLB-Aware Memory Hierarchy. Ausavarungnirun et
al. [9] improve the performance of the GPU under the presence of memory protection by redesigning the GPU main
memory hierarchy to be aware of TLB-related memory requests. Many prior works propose memory scheduling designs
for GPUs [7, 42, 45, 101] and heterogeneous systems [6, 94].
These memory scheduling design can be modified to be aware
of TLB-related memory requests and used in conjunction with
Mosaic to further improve the performance of the GPUs.
Analysis of Address Translation in GPUs. Vesely et
al. [95] analyze support for virtual memory in heterogeneous
systems, finding that the cost of address translation in GPUs is
an order of magnitude higher than that in CPUs. They observe
that high-latency address translations limit the GPU’s latency
hiding capability and hurt performance. Mei et al. [61] use a
set of microbenchmarks to evaluate the address translation
process in commercial GPUs. Their work concludes that
previous NVIDIA architectures [71, 72] have off-chip L1 and
L2 TLBs, which lead to poor performance.
GPU Core Modifications. Many prior works propose
modifications to the GPU core design [7, 45, 51, 52, 55, 59, 62,
65, 84, 85, 86, 87, 97, 98, 103]. These techniques are complementary to Mosaic, and can be combined with Mosaic to further
improve GPU performance.

80, 81, 95], only a handful of these works extensively evaluate
virtual memory on GPUs [58, 80, 81, 95], and no work has
investigated virtual memory as a shared resource when multiple GPGPU applications need to share the GPUs. In this
section, we explore the potential future impact of Mosaic.
Support for Concurrent Application Execution in
GPUs. The large number of cores within a contemporary
GPU make it an attractive substrate for executing multiple
applications in parallel. This can be especially useful in virtualized cloud environments, where hardware resources are
safely partitioned across multiple virtual machines to provide
efficient resource sharing. Prior approaches to execute multiple applications concurrently on a GPU have been limited,
as they either (1) lack sufficient memory protection support
across multiple applications; (2) incur a high performance
overhead to provide memory protection; or (3) perform a
conservative static partitioning of the GPU, which can often
underutilize many resources in the GPU.
Mosaic provides the first flexible support for memory protection within a GPU, allowing applications to dynamically
partition GPU resources without violating memory protection
guarantees. This support can enable the practical virtualization and sharing of GPUs in a cloud environment, which in
turn can increase the appeal of GPGPU programming and
the use cases of GPGPUs. By enabling practical support for
concurrent application execution on GPUs, Mosaic encourages and enables future research in several areas, such as resource sharing mechanisms, kernel scheduling, and qualityof-service enforcement within the GPU and heterogeneous
systems.
Virtual Memory for SIMD Architectures. Mosaic is an
important first step to enable low overhead virtual memory in
GPUs. We believe that the key ideas and general observations
that we make are applicable to any highly-parallel SIMD
architecture [30], and to heterogeneous systems with SIMDbased processing cores [1, 18, 19, 21, 38, 39, 40, 64, 67, 68, 82,
100]. Future works can expand upon our findings and adapt
our mechanisms to reduce the overhead of page walks and
demand paging on other SIMD-based systems.
Improved Programmability. Aside from memory protection, virtual memory can be used to (1) improve the programmability of GPGPU applications, and (2) decouple a GPU
kernel’s working set size from the size of the GPU memory. In
fact, Mosaic transparently allows applications to benefit from
virtual memory without incurring a significant performance
overhead. This is a key advantage for programmers, many of
whom are used to the conventional programming model used
in CPUs to provide application portability and memory protection. By providing programmers with a familiar and simple memory abstraction, we expect that a greater number of
programmers will start writing high-performance GPGPU applications. Furthermore, by enabling low-overhead memory
virtualization, Mosaic can enable new classes of GPGPU applications. For example, in the past, programmers were not able

5.3. GPU Virtualization
VAST [58] is a software-managed virtual memory space
for GPUs. In that work, the authors observe that the limited size of physical memory typically prevents data-parallel
programs from utilizing GPUs. To address this, VAST automatically partitions GPU programs into chunks that fit within
the physical memory space to create the illusion of infinite
virtual memory. Unlike Mosaic, VAST is unable to provide
memory protection from concurrently-executing GPGPU applications. Zorua [96] is a holistic mechanism to virtualize
multiple hardware resources within the GPU. Zorua does not
virtualize the main memory, and is thus orthogonal to our
work. vmCUDA [99] and rCUDA [27] provide close-to-ideal
performance, but they require significant modifications to
GPGPU applications and the operating system, which sacrifice transparency to the application, performance isolation,
and compatibility across multiple GPU architectures.

5.4. Demand Paging for GPUs
Demand paging is a challenge for GPUs [95]. Recent
works [3, 102], and the AMD hUMA [57] and NVIDIA PASCAL architectures [73, 102] provide various levels of support
for demand paging in GPUs. These techniques do not tackle
the existing trade-off in GPUs between using large pages to
improve address translation and using base pages to minimize
demand paging overhead, which we relax with Mosaic.

6. Potential Impact of Mosaic
While several previous works propose mechanisms to lower the overhead of virtual memory [13, 15, 26, 31, 33, 63, 79,
7
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to easily write GPGPU applications whose memory working
set sizes exceeded the physical memory within the GPU. With
Mosaic, programmers no longer need to restrict themselves to
applications whose working sets fit within the physical memory; they can rely on the GPU itself software-transparently
managing page migration and address translation.
Publicly-Released Infrastructure. Our simulation infrastructure is publicly available as open-source software [88].
Other researchers can utilize our infrastructure to conduct
future research on virtual memory management on GPUs.
Some examples of research topics that can be investigated
using our infrastructure include (1) how to manage which
pages reside in CPU memory or GPU memory, (2) how to dynamically partition the physical main memory across multiple
concurrently-executing applications, and (3) how to maintain
programmability of the virtual memory as the GPU architecture evolves and becomes more heterogeneous over time. We
hope and believe that our new, open-source infrastructure
can inspire future research in these and other research areas
on GPU and heterogeneous system memory virtualization.
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7. Conclusion
We introduce Mosaic, a new GPU memory manager that
provides application-transparent support for multiple page
sizes. The key idea of Mosaic is to perform demand paging
using smaller page sizes, and then coalesce small (i.e., base)
pages into a larger page immediately after allocation, which
allows address translation to use large pages and thus increase TLB reach. We have shown that Mosaic significantly
outperforms state-of-the-art GPU address translation designs
and achieves performance close to an ideal TLB, across a wide
variety of workloads. We conclude that Mosaic effectively
combines the benefits of large pages and demand paging in
GPUs, thereby breaking the conventional tension that exists
between these two concepts. We hope the ideas presented in
our MICRO 2017 paper can lead to future works that analyze
Mosaic in detail and provide even lower-overhead support for
synergistic address translation and demand paging in GPUs
and heterogeneous systems.
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