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Abstract: Our research goal is to develop a new 

dynamic scheduling algorithm for an edge cluster 

of servers with FPGA accelerators for workloads 

supporting deep learning inference. A creation of 

synthetic benchmark set of characteristic 

workloads with a deep learning component will 

create a better insight into the needs of such 

workloads. A new system scheduling approach 

will be formulated, extensively analyzed by 

simulations, and its prototype will be 

implemented. 

Index Terms: Dee learning, Scheduling, Edge 

cluster, FPGA Accelerators 

1. INTRODUCTION 

Deep learning is currently widely used in a 

variety of applications, including computer vision 

and natural language processing. End devices 

such as smart phones and IoT sensors are 

generating data that need to be analyzed in real-

time using deep learning or used to train deep 

learning models. However, since deep learning 

tasks are computational-intensive, the limited 

computation resource on the mobile device 

cannot execute the application effectively. 

Traditional approach is to push the data and the 

workload to the remote cloud. Meanwhile, it 

introduces a high data transmission delay and 

possibly bottlenecks the overall performance. 

Edge computing is a promising concept for 

mobile deep learning applications, where 

reduced by pushing the workload to the near-

computing nodes are places near end devices. 

Comparing with cloud learning, the 

communication delay can be significantly end 
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edge, with additional benefits in terms of privacy 

and bandwidth efficiency. 

The FPGAs are very suitable for edge 

computing because they combine low latency 

with high throughput. Moreover, FPGAs can 

provide a consistent throughput invariant to the 

size of application workload, which is critical to 

aggregating individual service requests from 

various IoT sensors; and FPGAs have lowest 

energy cost per functionality [Bio18] and 

[MilutinovicSalom2015] 

2. EXISTING SOLUTIONS 

When deep neural network (DNN) computations 

run on edge servers, DNN tasks from multiple 

end devices need to run and be efficiently 

managed on shared compute resources, which 

is a focus of our proposal. Several works have 

explored this problem space, focusing on the 

tradeoffs between accuracy, latency, and other 

performance metrics, such as the number of 

requests served. 

[Kang17] proposes a lightweight scheduler to 

automatically partition DNN computation 

between mobile devices and datacenters at the 

granularity of neural network layers. Their 

scheduler automatically adapts to variations in 

device performance and network connections 

bandwidths, but it schedules just one kind of 

DNN workload, and does not relate to FPGA 

technology. The underlying architecture is 

mobile devices and cloud, so it does not relate 

to edge computing scenario. 

[Yan18] proposes, for a grid architecture of 

network connected CPUs, without hardware 

accelerators, a dynamic scheduler for DNN 



workloads. Their solution combines a profiler for 

several application configurations, with a 

queuing based dynamic scheduler, in order to 

minimize response time and mitigate resource 

contentions. 

[Chen19] focuses on a scheduling for DNN 

applications on a platform with heterogeneous 

accelerators. Their system model ia a set of 

accelerators with certain performances directly 

interconnected with network connections of 

certain bandwidth. Several modes of scheduling 

is proposed that are transplanted from the 

domain of all purpose heterogeneous systems. 

However, they consider just DNN inference as a 

workload and not other kinds of workloads that 

comprise real world applications.  

Kelp approach [Zhu19] is one that takes CPU 

workloads into account. It deals with Warehouse 

Scale Computers (defined as thousands of 

commodity servers with accelerators 

interconnected with fast network connections). 

They deal with ASIC and GPU accelerators, and 

conclude that ram memory is often a bottleneck 

for system performance. Many of their findings 

could be taken into account for the system 

architecture we intend to investigate. 

VideoStorm [Zhang17] deals with cluster 

scheduling (in the Azure cluster) of video 

queries, and profiles these tradeoffs to choose 

the right DNN configuration for each request, to 

meet accuracy and latency goals. VideoEdge 

[Hung18] additionally considers computation that 

is distributed across a hierarchy of edge and 

cloud servers, and how to jointly tune all the 

DNN hyper-parameters. 

[Huang19] gives an example of mixed 

application scheduling analysis for an edge 

architecture. Their scheduler is unilateral in the 

sense that is only considers DNN partitioning 

between mobile end, edge server (with a GPU 

accelerator) and the cloud, but their results 

justify considering the scheduling of various 

intelligent workloads at the system level.  

 

3.  AN OUTLINE OF THE APPROACH 

3.1 Underlying System Architecture   

Our research goal is to develop a dynamic 

scheduling algorithm for an edge cluster of 

servers with FPGA accelerators for workloads 

supporting deep learning inference. These kinds 

of accelerators offer higher power efficiency and 

are suitable for edge computing. Suppose there 

are n mobile devices, m edge servers and one 

centralized cloud platform. Each mobile device 

can connect to edge cluster (possible routing 

techniques are discussed e.g. in [Rausch18]), 

and each edge server is connecting to the cloud 

through the backbone network. There is an 

allocable maximum downlink or uplink 

bandwidth for each edge server. For the 

computation and storage resources, we assume 

the cloud provides abundant computation 

resources which can support all tasks’ 

execution. 

3.2 Model of Computation  

For the single inference task, we assume the 

use the state-of-the-art DNN synthesis tool from 

a high-level Tensorflow or Caffe model, which 

performs known optimizations such as DNN 

compression by weights quantization, weight 

reduction, fast convolution design, exploitation of 

parallelism utilizing loop tiling and loop unrolling, 

operation pipelining, effective use of internal 

memory to maximize data reuse, regularizing 

data access patterns, frequency optimization etc 

[Guo18], [Shawahna19]. The design synthesis 

tool should have the option to generate 

performance measures based on different 

performance metrics as selected by the user 

such as number of frames processed per 

second or number of operations performed per 

second. Multiple application configurations 

(including different FPGA kernels for edge 

servers) are synthesized for each application. 

Set of application configurations for an 

application should include alternative ways of 

executing application tasks, including mobile 

only, edge CPU only, edge FPGA accelerated 

etc. For each application configuration one 

needs estimates of resource usage and 



execution time, to be used later by the 

scheduler. 

We take into account a possibility that multiple 

tasks share a single FPGA accelerator. The 

techniques for that are elaborated in 

[Venieris18], where they propose f-CNNx an 

automated framework that maps multiple CNNs 

on a target FPGA, by taking into account the 

application-level required performance for each 

model and the available hardware resources, in 

order to generate an optimized multi-CNN 

architecture.  

Our solution to a scheduling problem should not 

only determine the optimal FPGA partitioning, 

but also consider the appropriate scheduling of 

the partitioned deep learning and other tasks 

across the device, the edge server and, 

optionally, the cloud. 

3.3 Scheduling Algorithm Highlights  

The proposed cluster scheduler aims at splitting 

all jobs available for scheduling in the cluster 

onto the nodes. Splitting is done one job at the 

time, based on resources that a job requires and 

availability of resources on nodes. The mobile 

client is responsible for sending a job 

specification and the scheduler determines 

whether the job should be executed on the edge 

server CPU or on FPGAs.  

The best schedule for one node is found by 

comparing the total computation time for each 

combination of jobs that could be implemented 

on a single FPGA image. Two branch-and-

bound based schedulers could be formulated 

that aim to schedule jobs onto the FPGA 

images. The aim of the first one is to minimize 

the total execution time of all applications. The 

second one aims at maximizing the throughput.  

Based on the ideal branch and bound 

schedulers for finding the optimal solution in 

terms of the total execution time and the 

throughput, a heuristic score-based scheduler 

could be defined that are capable of scheduling 

an arbitrary number of jobs in real time. For 

each job that can be scheduled on both the CPU 

and the FPGA, we will assign certain score. A 

score depends on: 

1. Time needed for the job to be processed 

by the CPU, 

2. Time needed for the FPGA to process it, 

3. Time needed for initializing job to be 

executed on the FPGA, 

4. The amount of resources it would 

consume in the case of executing all jobs 

using the CPU, and 

5. The amount of resources it would 

consume in the case of executing all jobs 

using FPGA. 

Since FPGA can be configured to execute many 

jobs in parallel, and the time needed for jobs to 

be processed differs from each other, we will be 

assigning scores at run time. 

3.4 Research Methodology  

Apart from deriving analytical model of the 

proposed scheduling techniques, a simulation 

analysis of the proposed techniques using a 

synthetic benchmark will be performed. The 

benchmark to be created will include a set of 

realistic applications in deep learning domains 

such as image classification, facial recognition, 

speech recognition, part of speech tagging, 

named entity recognition. The synthetic 

workload should include multiple application 

profiles for each of applications. Apart from deep 

learning, the applications should include non 

trivial classic processing. 

The planned software environment for creating 

benchmark, and performing experimental 

analysis, includes Xilinx DNNDK with Xilinx edge 

boards, and AWS Cloud. 

4. CHALLENGES 

A benchmark set creation: It is not easy to find 

real world applications readily amenable to 

create multiple profiles by varying many 

parameters of interest. Another challenge is a 

fast evolution of DNN architectures, their 

hardware acceleration technology and its 

software support, so the project team should 



closely monitor new developments in these 

areas throughout the project life cycle. 

5. CONCLUSION 

A creation of synthetic benchmark set of 

characteristic workloads with deep learning 

component will make better insight in the needs 

of such workloads. A new system scheduling 

approach will be formulated, extensively 

analyzed by simulations, and its prototype will 

be implemented. This research follows the 

methodology paths defined in [Bankovic2020] 

and [Blagojevic2017]. Extensions to other 

technologies are possible, if speed and 

radiation-hardening or precision are needed 

[Flynn2013], [Milutinovic1996] and 

[MilutinovicSalom2015]. 
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