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Abstract—Deep Neural Networks (DNN) have been widely used
in a large number of application scenarios. However, DNN models
are generally both computation-intensive and memory-intensive,
thus difficult to be deployed on resource-constrained edge devices.
Most previous studies focus on local model compression or remote
cloud offloading, but overlook the potential benefits brought by
distributed DNN execution on multiple edge devices. In this paper,
we propose EdgeLD, a new framework for locally distributed
execution of DNN-based inference tasks on a cluster of edge
devices. In EdgeLD, DNN models’ time cost will be firstly profiled
in terms of computing capability and network bandwidth. Guided
by profiling, an efficient model partition scheme is designed in
EdgeLLD to balance the assigned workload and the inference
runtime among different edge devices. We also propose to employ
layer fusion to reduce communication overheads on exchanging
intermediate data among devices. Experiment results show that
our proposed partition scheme saves up to 15.82% of inference
time with regard to the conventional solution. Besides, applying
layer fusion can speedup the DNN inference by 1.11-1.13X. When
combined, EdgelLD can accelerate the original inference time by
1.77-3.57X on a cluster of 2-4 edge devices.

Index Terms—deep learning, distributed inference, deep neural
network, edge computing.

I. INTRODUCTION

Deep Neural Network (DNN) has become the most im-
portant technology that enables a variety of computer vision
and natural language processing applications [1]. With the
growing need for high accuracy, there is a clear trend to
increase the size and complexity of DNN models. However,
this incurs heavy computation workload and high resource
consumption. For example, AlexNet has 61M weights and
requires 724M multiply-and-accumulates (MACs) per image,
and VGG16 has 138M weights and requires 15.5G MACs
per image [2]. Such resource demands become prohibitive for
edge devices, e.g., embedded boards and smartphones, due to
limitations in processing capacity and memory space [1]. It is
generally intolerable in practice if the on-device DNN model
takes a long time duration for obtaining the classification result
for one image [3].
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In recent years, researchers have proposed many approaches
to close the gap between resource demands of DNN models
and resource constraints of edge devices [1]. These studies can
be classified into two kinds, namely, model compression and
cloud offloading. DNN compression techniques seek to reduce
the number of operations and model size, by weight pruning,
knowledge distillation or compact architecture design [2], [4].
However, eliminating model redundancies requires complex
pre-processing [7], and incurs accuracy loss inevitably. Cloud
offloading schemes divide the DNN model and offload the
computational-intensive part to a cloud server, so as to alleviate
the heavy workload of edge device. Nevertheless, the inference
performance is highly dependent on unpredictable network
conditions [5]. Furthermore, these schemes may raise concern
about data privacy in the offloading process [6].

To address the aforementioned challenges, we propose
EdgeLD - a new framework that aims to solve the resource
constraint problem by executing inference of unmodified DNN
models in a locally distributed manner on a cluster of edge
devices. Compared to prior work, EdgeLLD can better adapt to
the variation of computing resources and network bandwidth
[3], [7], and provide protection for data privacy (the cluster
can be privately owned) [4], [5]. In summary, we make the
following contributions in this paper:

1) We first profile the device’s inference time cost in terms
of computing capability and network bandwidth. The
obtained profiling model provides the decision-making
basis for the following model partition.

2) Inspired by the MapReduce paradigm, we propose a
DNN model partition scheme for dividing and assigning
the workload to heterogeneous edge devices, so as to
optimize execution parallelism.

3) We further introduce a layer fusion scheme to reduce
communication overheads on exchanging intermediate
data among edge devices.

Experiments with EdgeLD show that it can provide scal-
able speedups for DNN inference under various parameter
settings, and significantly outperform the prior work [3].
The EdgeLD codebase is released in open-source form at
https://github.com/fangvv/EdgeLD.

The rest of this paper is organized as follows. Section II
reviews the related work. Section III describes the proposed



EdgeLD framework in detail. Section IV presents experimental
results for performance evaluation. Finally, Section V con-
cludes this paper.

II. RELATED WORK

Researchers have proposed different methods to alleviate the
tension between resource-hungry DNN models and resource-
constrained edge devices. In the following, we outline several
important prior work on model compression, cloud offloading
and distributed inference. Due to the space limitation, more
detailed introduction can be referred to [1], [2].

A. Model Compression

In order to directly running DNN inference on edge devices,
various model compression approaches have been proposed.
For example, weight pruning based schemes attempt to remove
the redundant and unimportant model parameters of a trained
DNN to reduce both computational complexity and model size
[4], [8]. The knowledge distillation aims to distill a compact
and fast network that performs as well as the large complex
network [9], [10]. However, these techniques may suffer from
design complexity and accuracy loss [3]. More recently, some
compact and efficient DNN models are proposed, by making
use of the multiple group convolution strategy and 1 x 1
convolution [2], [11].

B. Cloud Offloading

To alleviate the unaffordable workload of DNN inference,
an intuitive idea is to decouple an DNN model according to
the execution sequence, and offload the latter part which is
often computing-intensive onto a powerful cloud server. The
key challenge here is how to well partition so as to achieve
the optimal latency performance. Neurosurgeon [12] proposes
a regression model for predicting the layer latency and energy
consumption, and selects an optimal partition point that satisfy-
ing either the latency requirement or the energy requirement.
JALAD [13] formulates the partition problem as an Integer
Linear Programming problem to minimize the runtime under
the given accuracy requirement. However, such techniques may
suffer from excessive long transmission latency due to unstable
wide-area network connections [7].

C. Distributed Inference

MoDNN [3] is the first work designed to orchestrate DNN
inference among multiple mobile devices in the same WLAN.
It proposes a Biased One-Dimensional Partition (BODP)
scheme to partition individual layers into strips for parallel
execution in a MapReduce fashion. MeDNN [7], as a follow-up
work, develops a Greedy Two-Dimensional Partition (GTDP)
scheme for layer partitioning. The 2D-like partitioning strategy
will significantly increase the overlap parts of data regions of
different partitions, resulting in more communication and syn-
chronization overhead. Note that both MeDNN and MoDNN
process the DNN model in a layer-by-layer manner. In contrast,
DeepThings [6] proposes a Fused Tile Partitioning (FTP)
method to partition the fused layers vertically in a grid fashion,

so as to reduce memory footprint and communication over-
head. However, DeepThings is only applicable for a computing
cluster with homogeneous devices. What’s more, none of these
prior work has taken the impact of network conditions among
devices into consideration.

III. EDGELD FRAMEWORK
A. Framework Overview

EdgeLD implements MapReduce-like distributed inference
on a cluster of edge devices with same or different computation
and communication resources. In this cluster, one device is
appointed or elected as the group leader (GL), and dedicated
for data storage and model partitioning. The other devices act
as follower nodes (FNs) to share the inference workload from
the GL. All these devices are inter-connected by wired or
wireless links.

According to the performance analysis on DNN layers in [7],
convolutional layers dominates the computation time and the
memory footprint, either of which is at least 10.3 times higher
than that of fully-connected layers. Meanwhile, the other types
of layers, e.g., pooling or ReLu layers, remains negligible.
Thus, EdgeLLD chooses to only offload the computation of
convolutional layers to FNs, and leave the other types of layers
to GL [6], [7].

As shown in Fig. 1, the EdgeLD framework is consisted of
the following operations: 1) Profiling: EdgeLD profiles each
type of FNs to generate time prediction models for convolution
computations and data transmissions; 2) Mapping: Guided by
profiling, the GL runs the partition algorithm to the given
convolutional layer or layers, and assigns the partitioned part
of workload to each corresponding FN; 3) Reducing: After all
FNs have finished processing their work, the GL will collect
and merge the subparts of output from these devices; 4) Local
Computing: Except for the convolutional layers, all the other
layers (e.g., fully-connected layer) are computed locally at the
GL in the conventional centralized way.

B. Device-Specific Time Profiling

Given an edge device, the inference consumption of a DNN
model can be generally evaluated by the execution time. In
EdgeLD, the execution time of a FN is consisted of the time
on convolution computation and the time on data transmission.

As reveled in [14], given the computation hardware and a
DNN model, it can be considered that the computation time
is approximately proportional to the number of floating-point
operations (FLOPs) required by the neural network layers. For
convolutional kernels, the FLOPs F' can be given as [15]:

F =2HW(Cip K% 4+ 1)Cous, (D

where H and W denote height and width of the input feature
map, K denotes the kernel size, C;, and C,,; denote the
number of input and output channels, respectively.

Based on (1), we establish linear regression models [14]
about time consumption of convolution computation 7597V

comp
for each hardware type of FN. Specifically, measurement
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Fig. 1. Overview of the EdgeL.D framework.

experiments are carried out on convolution computation with
various settings of parameters, including H, W, C;, and
Coyyut- Suppose we have obtained a set of measurement results
{(f1,t1), (f2,t2), ... (fn,tn)}, the model can be given based
on the least-squares regression technique as:

T — F + b, )

comp

where the coefficients a and b are given as follows,

_ n iy (fiti) = D00y fidoi t
nZ?:l fzg - (Z?:l fi)? ’

b— Z:‘L:l ti —aZ?:l fi.
n

It can be inferred from (2) that the coefficient a is inversely
proportional to the computation capability, denoted by ¢, of the
given device. Thus, in this paper the reciprocal of a is used to
1

measure and represent ¢, i.e., ¢ = o

As the other key factor, the communication time 1o, is
dependent on the transmission amount and the link bandwidth
from a FN to the GL. The real-time link bandwidth can be
easily measured by the well-known software iPerf.

Based on the analysis above, each FN is able to predict the
execution time cost 77" by summing up (Tigms + Teomm)
for the assigned convolution computation workload from one
layer or multiple layers. EdgeLD will use the prediction results

to improve execution parallelism among all FNs.

C. Convolutional-Layer Computation Partitioning

According to [6], [7], convolutional layers contribute to
the majority (e.g., about 90%) of both computation time and
memory footprint in DNN inference. An intuitive idea is to
partition the original convolutional layer into independently
distributable execution parts, so as to enable inference speedup
with multiple devices. Similar to BODP in [3], we propose

BODP Scheme OCBP Scheme

Fig. 2. An illustration of partition results for BODP and OCBP. The cluster
is comprised of 4 FNs with the same computation capabilities but different
network conditions.

Algorithm 1 OCBP Partition Scheme
Input:
M: the total number of FNs
{¢;}: the computation capabilities of FNs
W: the width of original feature map
Witep = 1: the adjusting step size of partition width
{TF"°}: the predicted time costs of FNs
Tiolerate: the tolerable difference of time cost
Output:
{W;}: the workload partitions for FNs
1: Procedure
2: fori=1,...,M do
3 Calculate the initial partition width for FN ¢,
4 Wi = Round(s=xi— * W)
5: end for e
6
7
8

cfori=1,...,M do

Obtain the required FLOPs F; based on W; for FN i
: Use F; to predict the time costs {77}
9: end for

10: Find TP7¢ = max(77"°) and T%"° = min(T7"°)
e Taipy = Thivy — Thiy

12: if Tyirr < Tioterate or IW; = Wstepv(i =1,....M
then

13:  return the partitioned width {I¥;} for FNs

14: else

~—

15: Warg max(Thoz) = Warg max(Thax) Wstep
16: Warg min(T5"0) = Warg max(T5"" ) + Wstep
17:  Goto Step 6

18: end if

a One-dimensional Computation&Bandwidth-based Partition
(OCBP) scheme to partition the convolutional layers. The main
difference between these two schemes is that OCBP takes
not only computational resources but also network conditions
into consideration. The reason is that in a real-world cluster
environment, network latency is so important a factor for
application performance that can’t be simply neglected [16].
The OCBP partition scheme is illustrated in Algorithm 1.
We first divide the original layer computation workload, i.e.,
the input feature map, into multiple strip-like partitions based
on computation capabilities obtained in device profiling. Next,
we iteratively adjust and balance the workload distributions
among the FNs, according to the predictions on execution



time. Specifically, OCBP searches for the two devices with
the smallest and largest time consumption, and then adjusts
the partition width of them by increasing or decreasing by
one step size Wiy, respectively. At last, if the partition
results are acceptable (i.e., Tyy;r5 < Tiolerate), OF there exists
one FN that is extremely inferior to the other ones (i.e.,
AW; = Weiep, (i = 1,...,M)), OCBP terminates and returns
the final partitions for FNs.

D. Inter-Device Data Exchanging

The convolution computation in EdgeLD is executed in a
layer-wise parallel manner. Each FN is only responsible for
computing a part of output of the current layer, while the
GL will collect, merge and re-partition all the subparts of the
output before executing the next layer [3], [7]. However, such
a layer-wise strategy will bring about considerable communi-
cation overhead and memory footprint, resulting in a negative
impact on speedup performance.

To avoid frequent data exchanges between FN and GL, we
further propose to parallelize multiple consecutive layers as a
single fused block [6]. Specifically, all convolutional layers in
a fused block are computed layer-by-layer by the same FN, and
the FN communicates with GL only for receiving the input of
the first layer and sending the output of the last layer. In this
way, the frequency of data exchanges and the corresponding
communication costs can be well reduced. Note that a fused
block merely contains several consecutive convolutional layers,
and should not contain any other type of DNN layers (e.g.,
fully-connected layer).

Due to the nature of convolution computation [2], the output
of a layer partition depends on not only the corresponding data
region R but also a small part of region surrounded R in the
input feature map. That is, input data regions of the adjoining
partitions will overlap with each other in the feature space [6].
The outward offset for the partition is determined by the size
of convolution kernel, and can be given as:

Wopgoet = 2yt 3

Depending on the total number of fused layers n (n > 1)

in a block, the actual range [Index’,,., Index’, | for the
partition ¢ can be given as,
, 0 1=1
Index! = , 4
start {23:11 Wj —nok Woffset { 7é 1 @

Index! ;= {%j—l Wi+ nxWopgser Z # %
1 =

Note that FN 1 and FN M located at the border have
no neighboring partition on one side. We solve this problem
in the computation process by padding zeros at the vacant
side as overlapped elements. Although the overlap between
input partitions leads to additional costs on communication
and computation, we believe that these costs are affordable
and much less than those in the layer-wise strategy.

®)

6L

Input Data Frame

Input Data Frame

(1) Layer-wise Parallelization (2) Fused-layer Parallelization

Fig. 3. Layer-wise and fused-layer partitioning strategies.

IV. PERFORMANCE EVALUATION
A. Experiment Settings

The implementation of EdgeLD is based on PyTorch, which
is a Python based tensor library for deep learning research. As
suggested in [17], [18], we create multiple virtual machines
(VMs) with constrained resources to emulate our edge devices.
All VMs have a single-core 800MHz CPU, 1GB of memory,
and run Ubuntu 18.04. The networking module for inter-VM
communication is implemented using Python Socket APIs, and
the Linux Traffic Control (TC) command is used to configure
the inbound/outbound network bandwidth for all VMs. Without
loss of generality, we evaluate EdgeLD using the VGG13 and
VGG16 models, which are two variations of the popular VGG
network architecture [3], [7].

We first run profiling experiments to the VMs, with key
parameters H, W € {7,14,21,...,217,224}, K = 3, and
Cin, Cour € {32,64,128,256,512}. The results shown in Fig.
4 verify the linear relationship between computation time and
FLOPs. The regression model is finally obtained as T¢770 =
6.24E—-11% F + 1.97E-2.
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Fig. 4. FLOPs versus computation time.

Without otherwise specified, in the following experiments,
the number of VMs is 5 (i.e., 1 GL and 4 FNs, the same
with [3], [7]), the size of input feature map is 224 x 224, the



TABLE I
EXECUTION TIME COMPARISON BETWEEN BODP AND OCBP (UNIT: SECOND).

Network Models VGG13 VGG16
Network Bandwidth FNs 1 2 3 4 1 2 3 4

BODP 22.29 12.84 8.07 7.64 24.57 14.07 9.50 8.78

100Mbps OCBP 20.72 12.04 7.34 6.84 24.02 13.71 9.32 7.52
Gain 7.04% 6.23% 9.04% 8.31% 224% | 256% | 1.89% | 14.34%
BODP | 21.281 12.798 8.28 7.30 23.69 13.5 9.22 7.58

1000Mbps OCBP 20.71 11.25 6.97 6.26 23.36 13.23 8.37 6.53
Gain 2.58% | 12.10% | 15.82% | 14.25% | 1.39% | 2.00% | 9.22% | 13.58%

number of input data frame is 1, and the inter-VM bandwidth
is 1000Mbps. The OCBP scheme is applied to partition the
input computation workload, and the layer fusion technique is
used for efficient data exchanging between FNs and GL.

B. Evaluation of Model Partitioning Scheme

In this set of experiments, we compare the model partition
scheme OCBP in EdgeLD against the BODP in MoDNN [3].
Table I illustrates the comparison results on model execution
time with typical Ethernet bandwidth and different number
of FNs. For VGG13/VGG16 models, our OCBP outperforms
BODP in terms of the execution time by 2.68%-15.82% and
1.39%-14.34%, respectively. That’s because BODP does not
take into consideration the impact of network bandwidth in
workload assignment, resulting in imbalanced partitioning and
idle waiting among FNs, especially when the number of FNs
is relatively large.

From Table I, we can infer that high bandwidth can help to
reduce the time consumption. Therefore, we further run more
experiments under various bandwidth settings. As depicted in
Fig. 5, OCBP has an execution speedup of 2.68-3.77x, always
better than BODP (2.56-3.19 %), especially when the network
is fast. The results confirm the advantages of taking bandwidth
into account, and validate the efficiency of the OCBP scheme
used in EdgeLD.
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Fig. 5. Speedup comparison between BODP and OCBP schemes.

C. Evaluation of Data Exchanging Strategy

Fig. 6 shows how the communication cost is reduced by
layer fusion. In the experiments, multiple consecutive convolu-
tional layers between two pooling layers are treated as a fused

block. Thanks to the contribution of layer fusion, compared to
the layer-wise strategy, the total execution achieves a 1.11x
and 1.13x speed boost for VGG13 and VGG16, respectively.
We believe that the performance improvement will be more
remarkable when EdgeLD is applied to deeper neural network
structures [2].
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Execution Time (S)

VGG13

VGG16
DNN Model

Fig. 6. Execution time cost comparison between layer-wise and fused-layer
strategies.

D. Impact of System Parameter Variation

1) Impact of the size of feature map: Fig. 7 and Fig. 8 show
the impact of the size of input feature maps on inference speed
of VGGI13 and VGGI16, respectively. Following the increase
of input data size, the total execution time grows explosively
from about one second to tens or even hundreds of seconds.
Generally, the growth rate of time consumption is much slower
when more FNs are used for parallel execution. Taking VGG13
as an example, it takes about 14 times and 214 times longer,
respectively, for a FN to process feature maps of size 224%224
and 448*448 than that of 96%96. When using 4 FNs, we can
find that the corresponding time expenditure only increases by
10 times and 81 times, respectively. However, we can observe
a sharp increase in time and a sudden decrease in speedup from
Fig. 8, when the feature map size is 448%448. The reason is
that the memory usage of VGG16 has exceeded the allocated
capacity of FN memory, and the Linux swap partition is used to
help the system handle extra load. Note that the access time for
swap is much slower than that of physical memory, so the CPU
has to spend a lot of time idle waiting for data to be ready.
This observation indicates that the memory capacity of FNs
has an important impact on computation efficiency, especially
when the DNN model is relatively large and complex.
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2) Impact of the number of data frames: Fig. 9 and Fig.
10 show the impact of the number of input data frames on
inference speed of VGG13 and VGG16, respectively. When
the number of input data frames increases from 1 to 5, the total
execution time grows steadily for both VGG13 and VGGI16.
Meanwhile, we can notice that the speedup ratio of VGG13
first increases from 3.3 to 5.4, and then decreases to 3.1.
Under the same settings, the speedup ratio of VGG16 follows a
decreasing trend from 3.57 to 2.62. All these results reveal that
it is not a good choice to input too much data at one time. The
reason is that the physical memory capacity is limited for edge
devices, and the computation will be forced to slow down due
to the I/O cost of swapping partitions between memory and
disk.

3) Impact of the number of FNs: Fig. 11 shows the speedup
achieved by EdgeLLD with different number of FNs. From this
figure, the inference speed will increase monotonically linearly
with the number of FNs. For VGG13, the total execution time
in EdgeLD reaches 1.84-3.30x speedup with the number of
FNs increasing from 2 to 4. For VGGI16, the total execution
time in EdgeLD improves by 1.77x, 2.79x, and 3.57x with
2,3, and 4 FNs, which are much higher than those (1.53X,
1.67x, and 2.03x) reported in MoDNN [3].
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Fig. 9. Performance comparison of VGGI13 with different number of data
frames.
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V. CONCLUSION

In this paper, we propose a local distributed DNN inference
framework, EdgeLD, to enable computation parallelism with
resource-limited edge devices. EdgeLD can dynamically and
flexibly partition a DNN model for parallel execution to adapt
to heterogeneous computing resources and different network
conditions. Experimental results show that EdgeLD achieves
nearly linear performance improvement for DNN inference,
and outperforms existing schemes under various parameter
settings. Future work will include optimizing the execution
of other network layers, improving fault-tolerance of model



partitions, and generalizing the framework for more types of
DNN models and edge devices. The hope is that frameworks
like EdgeLD can enable edge intelligence and promote Al-
based IoT (AloT) applications in the near future.
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