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ABSTRACT

The rapid development of artificial intelligence and networking technologies has catalyzed the
popularity of intelligent services based on deep learning in recent years, which in turn fosters the
advancement of Web of Things (WoT). Big social data (BSD) plays an important role during the
processing of intelligent services in WoT. However, intelligent BSD services are computationally
intensive and require ultra-low latency. End or edge devices with limited computing power cannot
realize the extremely low response latency of those services. Distributed inference of deep neural
networks (DNNs) on various devices is considered a feasible solution by allocating the computing
load of a DNN to several devices. In this work, an efficient model parallelism method that couples
convolution layer (Conv) split with resource allocation is proposed. First, given a random computing
resource allocation strategy, the Conv split decision is made through a mathematical analysis method
to realize the parallel inference of convolutional neural networks (CNNs). Next, Deep Reinforcement
Learning is used to get the optimal computing resource allocation strategy to maximize the resource
utilization rate and minimize the CNN inference latency. Finally, simulation results show that our
approach performs better than the baselines and is applicable for BSD services in WoT with a high

workload.

1. Introduction

As a novel implementation pattern of Internet of Things
(IoT), Web of Things (WoT) integrates various intelligent de-
vices in web. In traditional IoT, the connection is established
only between devices belonging to the same platform for
the inconformity of IoT protocols in different platforms [1].
WoT focuses on leveraging the standards of Web to extend
the Internet ecosystem to intelligent devices and realizing
cross-platform interaction [2, 3]. Through WoT, the potential
of IoT is completely inspired and data sharing between
arbitrary two devices without limitation is truly realized [4].
In WOT, massive customer data, i.e. big social data (BSD),
need to be recorded and analyzed by the intelligent devices
for providing corresponding services [5]. Then, the personal
information may be stored in multimedia databases for future
use.

Thanks to the fast advancement of artificial intelligence
and the appearing of BSD, deep learning (DL) has been
widely applied in intelligent applications in WoT. Convolu-
tional neural networks (CNNs), regarded as one significant
advancement in DL, are widely utilized in computer vision
services, such as augmented reality, object classification,
object recognition, et al [6, 7, 8]. In spite of the accurate
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results produced by CNNs, the huge amount of input data
which include massive customer information in WoT lead
to extremely high computing workload [9], which makes
it difficult to infer whole CNN models of intelligent BSD
applications on end or edge devices with limited comput-
ing resources at a high speed [10, 11, 12]. The traditional
solution to this problem is inferring the CNN models on
the cloud. Utilizing the robust computational capability of
the cloud significantly decreases CNN inference latency,
consequently enhancing the quality of service (QoS) for
intelligent BSD services in WoT.

However, considering the remote distance between
end/edge and cloud as well as the high transmission load
caused by the large volume of BSD, the transmission latency
is so high in cloud computing. The long transmission time
will affect customers’ experience, and even cause serious
consequences in special occasions like automatic driving.
As a result, combining the strong computing power on the
cloud with relatively short transmission distance at edge,
distributed inference of CNN models in a cloud-edge collab-
oration framework becomes a breakthrough of the challenge
mentioned above. Nevertheless, cloud-edge collaborative
inference methods proposed in existing studies either cannot
reduce inference latency to the great extent or bring accuracy
loss and extral training cost [13, 14, 15]. In addition, with the
development WoT, there are more BSD services offloaded
from the end [16, 17], which causes higher computing load
on the devices to which the services are offloaded [18, 19].
Therefore, for lower inference latency of CNNs with less
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accuracy loss and extral training cost, how to make reason-
able convolution layer (Conv) split and computing resource
allocation strategies is challenging.

In this paper, we propose a new model parallelism ap-
proach which couples Conv split with computing resource
allocation to address the issue described above. We set pri-
orities for tasks in WoT and split every Conv into many parts
along its height for each CNN. Then, we deploy different
parts of each Conv on several edge servers for parallel
inference, with a certain number of resources for each part
of the corresponding Conv. Compared to former studies,
we overcome two challenges. First, the inference latency
of CNN still has space for further optimization. Second,
the methods for model parallelism proposed before cause
large accuracy loss or additional training cost. The main
contributions of this paper are as follows:

e We propose a multi-task alternation mechanism con-
sidering the huge number of tasks with different pri-
orities in WoT. In the mechanism, the CNN models of
intelligent BSD services are inferred alternatively (i.e.
anteroposterior Convs of different tasks are inferred
at the same time), and services that are assigned
greater priority levels are naturally given precedence
in processing. This mechanism reduces the time taken
for services designated as top priorities to respond as
much as possible.

e For each CNN, we design a novel Conv split method
which will not cause accuracy loss in theory. This
method splits each Conv vertically into multiple parts
which are then simultaneously inferred on several sep-
arate edge servers, so that it makes full use of available
computing resources in all edge servers during the
processing of multiple tasks.

e Coupled with the method for Conv split, we design
a resource allocation method for inference of each
Conv within a specific CNN architecture. We use
Deep Reinforcement Learning (DRL) to get the ratio-
nal resource allocation decision for the minimality of
parallel inference latency of each Conv.

e We evaluate the performance of our approach through
simulation experiments. We compare the inference
latency and accuracy loss of the approach proposed
in this paper with those of four baselines. The results
prove the applicability of our approach for the services
designated as top priorities in WoT with ultra-high
workload.

The reminder of this paper is presented as follows.
Section 2 shows the related work. Section 3 introduces the
system model. Section 4 described the methodology. The
results of simulation experiments are presented in 5. Finally,
this paper is concluded in Section 6.

2. Related Work

Existing work on model partition is summarized at first
in this section. Next, former studies on model parallelism are
described. Then, related work on resource allocation is elab-
orated. At last, we briefly introduce our model parallelism
method.

2.1. Model Partition

Model partition means that the DNN is layer-wise parti-
tioned into several parts and deployed on multiple devices to
infer sequentially. State-of-the-art work on model partition
mainly studies the problems about reduction of inference
latency and energy consumption. For inference latency re-
ducing, Hu et al. [13] designed a dynamic adaptive scheme
for model partition based on max-min cut algorithm [20]. It
supports model partition between edge and cloud under dif-
ferent network conditions in real time. Banitalebi-Dehkordi
etal. [21] proposed a method for DNN inference acceleration
which joins parameter quantization with model partition.
Different from the inference optimization for a single DNN,
Duan et al. [22] considered the condition where several DL
applications need to be processed in the same time on an
end device, and proposed a model partition method join-
ing latency-awareness with task scheduling. This method
minimizes the total response time of all tasks on the end
device. For energy consumption reducing, Chen et al. [23]
solved the problem of DNN model partition and offloading
jointly based on particle swarm optimization algorithm and
genetic algorithm. Their approach reduces the total energy
consumption of all devices.

2.2. Model Parallelism

Model parallelism entails the parallel inference of a
DNN model across several devices simultaneously. Note that
different from model partition where the whole model is
cut into several parts and Convs themselves are not cut,
each Conv is cut into several parts in model parallelism.
We call the cut of a Conv in model parallelism as "split"
in this paper. In terms of model segmentation for distributed
inference, the meaning of "partition" and "split" should be
distinguished clearly because the two terms represent two
different model segmentation dimensions and distributed
inference methods. Existing model parallelism methods is
divided into two categories, which are spatial split and chan-
nel split, respectively. In spatial split, the complete DNN
model is copied on each device while the input is split into
many parts for parallel inference. Zeng et al. [14] proposed a
model parallelism method to optimize inference latency and
device energy consumption jointly. In this method, the input
is split into several pieces along the height, which are then
inferred in parallel on various devices. The optimal input
split decision is obtained through linear programming. Zhao
et al. [24] proposed a CNN parallel inference framework for
edge Internet of Things clusters. They realized the adaptive
workload allocation in dynamic scenarios to reduce the
latency of CNN inference. In channel split, the different
channels of each filter in the Convs are split into several
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groups and deployed on different devices for parallel infer-
ence. Kim et al. [15] proposed a CNN parallelism approach
based on channel split. They grouped the channels of each
filter according to the semantics in the input and inferred
those grouped channels on several devices in parallel, which
enables to reduce the total inference latency a lot.

2.3. Resource Allocation

With the development of edge computing, the design
of rational resource allocation decisions for edge devices
is of more and more importance. Chen et al. [25] pro-
posed a novel Federated Learning (FL) framework joint
with resource allocation. They considered the allocation of
computing and communication resources for edge servers
which partially merge the raw data before they are uploaded
to the cloud. Liang et al. [26] proposed a resource allocation
method jointly with task offloading and content caching to
improve the efficiency of offloading and caching in mobile
edge computing (MEC). They transformed the problem into
a convex problem and solved it in a distributed way. Sun
et al. [27] considered the cross-server resource allocation
in MEC driven by blockchain. They proposed two double
auction mechanisms to tackle the problem. Wang et al. [28]
proposed a method for edge resource allocation in a dynamic
scenario. They formulated the problem of online resource
allocation with a nonlinear problem and solved it through
the “regularization” technique.

2.4. WoT and BSD

The development of WoT has attracted great attention
of researchers. Wang et al. [9] proposed a novel scheme for
FL across WoT devices with heterogeneous model architec-
tures, by which training accuracy and speed are improved
a lot. Focused on communication security in WoTl, Wazid
et al. [29] designed an authentication and key agreement
scheme based on signature. This scheme largely strengthens
security of customers’ privacy in interaction between WoT
devices. Likewise, as the significant product of WoTl, BSD
has also been studied a lot. Based on BSD, Nilashi et al.
[30] developed a new method for predicting and recom-
mending vegetarian friendly restaurants to customers. In this
method, text mining, cluster analysis and predictive learning
are jointly used to generate customers’ preferences. This
BSD analysis-based method improves prediction accuracy
and helps customers get better service experience. Feng
et al. [31] used BSD to profile e-scooter usages, explore
stakeholders, examine operation patterns and do sentiment
analysis. This BSD-based study on shared e-scooters helps
people deeply understand the emerging shared e-scooter
services.

2.5. Introduction of Our Approach

However, the methods for distributed inference of DNN
proposed in the former studies are still defective. Model par-
tition cannot realize the acceleration to the greatest extend
because its nature of sequential inference. A Conv is inferred
in parallel on several servers in model parallelism, but the
approaches designed in former studies cause huge accuracy

Table 1
Symbols and Definitions

Symbols Definitions

N Number of Convs for a certain CNN

M Number of edge servers in the scenario

size; FLOPs of Conv i

x The split rate of Conv i on se,

ki Number of threads in sub-zone i of a certain
resource zone in se,,

W FLOPS of per thread on se,

K, Total number of threads in a certain resource
zone of se,,

t The transmission time for the partial output of
Conv i between co, and se,,

£ The data transmission time from edge to cloud

1, The inference time of fully connected layers on ¢

. The height of the part of Conv i inferred on
server m without optimization

d The height of the part of Conv i inferred on
server m after optimization

act; Action space of TD3

r The resource allocating proportion for sub-zone
i of a certain resource zone in se,

sta; State space of TD3

c Number of the residual resources in a resource
zone of se,, after the allocation for sub-zone i

Z, Number of sub-zones to which the resources
are not allocated in a certain resource zone

re; Return function of TD3

loss and additional training cost. Furthermore, the inference
acceleration methods proposed before are seldom joint with
resource allocation. The novel model parallelism approach
proposed successfully overcome problems mentioned above.
It accelerates the processing of BSD based CNN inference
tasks to the greatest extend in Wol, without additional
training cost and accuracy loss in theory (may still exist
accuracy loss in reality, but much lower than other model
parallelism methods designed before). Also, we successfully
couple the process of Conv split with resource allocation in
our model parallelism method.

3. System Model

In this section, we present the framework of our approach
and establish a mathematical model for it. We aim at re-
ducing the time taken for latency-sensitive intelligent BSD
services to respond in WoT, where the number of intelligent
service customers is so large and some services with high
latency-requirement cannot be responded in a short time.
Note that all key symbols in this paper are given in Table
1, which will be used in the following parts of this paper.

3.1. Overview

In our system, we consider a WoT scenario with sev-
eral edge servers and a large number of intelligent BSD
service customers, where workload of edge servers are so
large and the fast response requirement of latency-sensitive
services cannot meet. In this scenario, we assume that edge
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Fig. 1: Overview of our CNN inference acceleration method in
WoT.

servers interact with each other through wired connection.
Connection between edge and cloud, as well as end and edge,
is achieved through wireless network. Each WoT device
sends an intelligent BSD service request to controller 1, and
service requests are converted to CNN inference tasks in
controller 1. As shown in Fig. 1, for the CNN inference task
from each customer, each Conv is split into multiple parts
and all obtained parts are inferred simultaneously on several
separate edge servers. Outputs of each Conv from different
servers are merged in controller 1 and then transmitted to the
servers for inference of next Conv. The inference of layers
with low calculation amount (max pooling layers etc.) are
also executed in controller 1. After finishing feature extrac-
tion, the activation map is transmitted to fully connected
layers on the cloud. Controller 2 makes computing resource
allocation decisions for edge servers according to the change
of network condition in real time. It is worth emphasizing
that the process of Conv split is offline, while the allocation
of resources to each Conv is online and dynamically.

In WoT, let DE = {dey,dey, - ,deQ} denote the
set of WoT devices. Q is the number of Wol devices.
In terms of the CNN where a service from WoTl device
is based, the Conv number is denoted as N. Let SE =
{seq, sey, -, se,, } denote the set of edge servers. M is the
number of edge servers. Controller 1 and controller 2 are
denoted as co; and co,, respectively. The cloud server is
denoted as c.

3.2. Multi-task Alternation Architecture

We assume that only few kinds of CNN are used in a
certain scenario. Edge servers and controller co; have stored
the models of these kinds of CNNs beforehand. During the
multi-task alternatively processing course, various numbers
of computing resources are allocated to different CNN in-
ference tasks. The resource allocation strategy making is
divided into two steps. The first step is finished offline. In the
first step, controller co; creates empty queues for inference
tasks of all kinds of CNNss deployed. A queue is correspond-
ing to one of the deployed CNN kinds. In each edge server,
the total calculation amount of all kinds of deployed CNNs is
computed, and computing resources are allocated to a queue

according to the product of total resource number in the edge
server and ratio of the corresponding CNN’s calculation
number to total calculation amount of all deployed CNNss.
In terms of resources an edge server allocates to a queue, we
regard them belong to a "resource zone". The second step
is conducted online. For Convs of each kind of CNN, the
corresponding resource zone in each edge server is further
partitioned into sub-zones and resources in each sub-zone
are allocated to one Conv. The sub-zone partitioning process
is context-aware and based on DRL, which is described
in detail in Section 4. Note that similar to the relationship
between different resource zones, sub-zones in each resource
zone are also independent with each other. Computing re-
sources in one sub-zone are particularly allocated to a certain
Conv, and other Convs of the corresponding CNN cannot
share resources in that sub-zone at any time. The number of
sub-zones in a resource zone is equal to the number of Convs
of the corresponding CNN. For multiple tasks in succession
in a queue, different Convs of the CNN can be inferred
with resources in corresponding sub-zones at the same time.
Besides, for the same Conv of different tasks in a queue, one
Conv of a task cannot begin to be inferred until the inference
of this Conv of the previous task is finished.

In the WoT scenario, all tasks converted from services
based on the same kind of CNN (TBKCs) are placed within
the identical queue, and each task in one queue is given a
priority according to its latency-sensitivity. The priority set-
ting is independent among different queues. In each queue,
in terms of different task types, the latency-sensitivities of
various types of tasks have been recorded and compared
in controller co; beforehand. For instance, a task converted
from one automatic driving service request is more latency-
sensitive than that converted from one game running service
request, and the automatic driving related task gets a higher
priority. In terms of the same task type, the comparison
method of different tasks’ latency-sensitivities has also been
stored in controller co; beforehand. For instance, latency-
sensitivities of two tasks both converted from automatic
driving service requests are compared based on the speeds
of vehicles. Besides, latency-sensitivities of two tasks both
converted from game running service requests are compared
based on the order in which the games are opened. In a
queue, for the most latency-sensitive task, such as object
recognition on a self-driving car which is moving with a
high speed, we set its priority as one, which means that
this task should be processed firstly. We use an instance
shown in Fig. 2 to analyze the multi-task alternation process.
There are three edge servers in Wol and three TBKCs to
be processed in the queue. The CNN where the TBKCs are
based has three Convs. Note that feature extraction layers
excluding Convs are not split and they are inferred inte-
grally in controller co; because of their negligible Floating
Point Operations (FLOPs). Additionally, the fully connected
layers are inferred on the cloud for their large FLOPs and
inseparability [32]. The split decisions of Convs have already
been made by controller co,, and Convs deployed on all edge
servers have been split according to the obtained decisions
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At this moment, considering resources in sub-zone 1 of
each edge server are idle, so task 2’s Conv 1 begins to be
inferred in parallel with sub-zone 1’s resources. The parallel
inference of task 1’s Conv 2 and task 2’s Conv 1 is conducted
concurrently. After parallel inference of task 1’s Conv 2 and
task 2’s Conv 1 is completed, the results are sent to controller
co; for merging and the merged results are returned, and then
the parallel inference of task 1’s Conv 3, task 2’s Conv 2 and
task 3’s Conv 1 starts at the same time. When the parallel
inference of task 1’s Conv 3, task 2’s Conv 2 and task 3’s
Conv 1 is finished, the merged intermediate result of task 1 is
transmitted to the cloud for fully connected layer inference,
and parallel inference of task 2’s Conv 3 and task 3’s Conv
2 begins at edge. The Conv parallel inference continues
until the merged intermediate result of task 3’s Conv 3 is
sent to the cloud. Through the method described above, the
response time of services with high priorities is shortened a
lot.

3.3. Inference Process of a Single Conv

As shown in Fig. 3, we now analyze the parallel inference
process of a single Conv in detail. A Conv is split along
its height into several parts, which are allocated to different

Fig. 3: The architecture for the parallel inference process of a
single Conv.

servers for parallel inference. It is well known that in con-
volution operation, Convs require the surrounding data of
a specific region in input for actual computation, and each
part of an original Conv does not convolve with each pixel
of input. So in order to reduce communication link load and
avoid inference accuracy loss caused by input data missing,
input of each Conv is also split according to the split decision
of the Conv. That is to say, during the parallel inference of
each Conv, each part of the Conv gets all needed input data
without any data loss and redundancy.

Due to the split of Conv, its input should also be split.
We denote the height of input and a Conv as A and b,
respectively. On an edge server, it is assumed that the Conv is
split from e to / along its height, and the obtained part of the
original Conv after splitting is inferred on this edge server.
According to the Conv split decision on this edge server, the

Y. Hu, X. Xu, M. Bilal et al.: Preprint submitted to Elsevier

Page 5 of 15



Optimizing CNN Inference Speed over Big Social Data through Efficient Model Parallelism for Sustainable Web of Things

Wi1 | Wiz | Wi3 Wik " )
Wity 1(-b+1)V11
Wy gvig o + W n-pa2)V12
+ WopVbp
Wz | W22 | W3 W2,h +WonVbp
Vb
W31 | W32 | W33 W3 h ® | e = |
Vb
...... Wonobs 11V st
+ Win-panya¥ia st
+ -t Wi pVnp [+ Wnnvos
Wh1 | Wh2 Wh 3 Whh
Wi1 | Wi2 W13 Wih
Wyiviy Wi,(h-b+1)V11
Wy abis WL -pa2)V12
Wi | Woo | Wa3 Wo,n +Wvip .
V11 V1b 1 Vb
W31 | W3p | W33 W3 ® | = |
Vb
"""" Wo-b+0a%1 [Wn-pt1).(n-pen)Vra
+ Wn-b+1)2V12 [+ Won-paay -2y Vs
[+ Win-b+1,)n V1,0
Wn=b+1) W n-b+1,) W (h=-b+1,); W(n-b+1,),1 Wn-b+12) V1,0
Weo1| Wep2 | Weyz| We,h
We, (n-b+1) Ve, 1
We,,1Ve, 1
I+ We, 2Ve, 2 + | We, (h-b+2)Ve, 2
(ex+1)IW(es +1).3W(es +1).4 (e +1)1 4 WyooVion o
Ve, 1 Ve,b + Wi a0
(e1+2),1W(ey+2).qW (e, +2).3 (e1+2).1 ® | e =
Vi b
(h-b+ey)1V11
[ Win-biey)2V12
Lo 4
Wn-b+1) W (n-b+1,) W (n-b+1,)3 W(n-b+1,),1 ‘ Win-b+13)0V10 * Wi avte
Weo 1| Wep2 | Weps | Weoh ‘ Wey (h-b+1)Veot
(Weo.1Veo1
+ We2Ve,2 + ] Wey (h-b+2)Veo2
+ Wo.pVbp +o
(eo+1).AW(eo+1). W (eo+1)q  *** (eo+1), Ve p + WonVop
o
(e0+2),1W(eo+2).qW (eo+2), (e0+2). ® | e = 1
Vb,
.....
[+ Wn-breg) 2?1 [mep——
[+ WiV Lot
Wh,1 Wh2 Wh3 Whh

Fig. 4: Proof of non-accuracy loss in theory for our approach.

input is split from s, to s,, which are calculated as s; = e
and s, =h—(b—1).

For each Conv, the size of output from each server is
same as that of the result after merging process in controller
coy, which only includes add operations. As shown in Fig. 4,
our model parallelism method will not cause accuracy loss
in theory.

3.4. Inference Latency Model

CNN inference latency includes computing time and
transmission time. The computing time is modeled at first.
During parallel inference of Conv i at edge, computing time

c L
1, on edge server se,, is given by

i .
X, size

ki

€ = : M)
where xin is Conv i’s split ratio on edge server se,,, size;
is FLOPs of Conv i, k;n is the number of threads in sub-
zone i of a certain resource zone in edge server se,,, and 7,
is computing rate (floating point of per second, FLOPS) of
per thread in edge server se,. Computing time # of fully
connected layers on cloud ¢ is given by

sizefu”

tC:—, 2
p . (2)
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where size s, is total FLOPs of all fully connected layers of
the CNN, k. is the FLOPS of cloud c.

In terms of data transmission, round-trip transmission
time tf’m of the partial output of Conv i between controller
coy and server se,, is given by

0?,,,,:1 + OT:nged

fo=mm ?3)

Lm ra,,
where o' and o:"’"ged are the sizes of Conv i’s partial
output from server se,, and merged result of Conv i from
controller co;, respectively. ra,, is data transmission rate
between server se,, and controller co;. Data transmission
time 7, from edge to cloud c is given by

Oout

= &)

c
ra.

where 02“’ is the size of intermediate result sent to the cloud
and ra, is the edge-cloud transmission rate.

3.5. Problem Formulation

As mentioned above, we reduce the time taken for
latency-sensitive intelligent BSD services to respond in WoT
with so many customers through a multi-task alternation
mechanism, in which the processing of each CNN inference
task is independent. In this subsection, we assume that
there is only one customer in the scene, and establish a
mathematical model to minimize the latency of the single
task.

We ignore the end-edge interaction latency and the re-
turning latency of final results from the cloud. The FLOPs
of other feature extraction layers are so small that their
inference latency can also be neglected. Thus, the problem
is formulated as

N i

X, - size; )
min (t, +t; + Zmax{[— +t. 1) 5)
i=1 Ko * M

st.me[l, M], (5a)

iell, N1, (5b)

xt €0, 1], (5¢)

K e[l K,|. (5d)
M

Z xi =1, (5e)
m=1
N

D K= K, (5f)

i—1

where x;n and k;n are the parameters that we need to solve.
Constraint (5a) means that the maximal and minimal num-
bers of servers used to infer each Conv are 1 and M,
respectively. Constraint (5b) means that a CNN has 1 Conv at
least and N Convs at most. Constraint (5¢) means that each
split rate of Convs ranges from O to 1. Constraint (5d) means

that the numbers of resources allocated to each Conv ranges
from 1 to K,,. Constraint (5e) means that the summation
of all split rates for one Conv is 1. Constraint (5f) means
that resources allocated to the Convs within a specific CNN
do not exceed the number of resources in the corresponding
resource zone, which is K.

4. Methodology

In this section, the mathematical model shown above
will be solved. This model is a complex min-max problem
and hard to be solved in polynomial time. As a result, we
make a simplification for this problem. Note that the data
transmission time from edge to cloud and the inference
latency on the cloud will not be influenced by our model
parallelism method, that is to say they are not relative with
the solution to the problem, so these parameters can be
removed from the original model. The simplified formula is
shown below.

N i ;
x! - size; .
min Z max{]':i—'nl +1,} 6)
i=1 mim
st.me|[l, M], (6a)
ie[l, N], (6b)
xi €0, 1], (6¢)
ke[l K,]. (6d)
M
Z xﬁn =1, (6e)
m=1
N
Sk = K, (6f)

Il
—

As shown in Fig. 5, this problem is solved in two steps,
which are Conv split and resource allocation. The two prob-
lems are coupled with each other.

4.1. Conv Split

As described in the previous section, the whole process
of inference of one Conv includes the computation on the
servers and controller co;, and the data transmission between
them. In addition, there is no relation between inference of
different Convs, so we can solve the optimal Conv split deci-
sion for each Conv independently. For further simplification
of this problem, we now temporarily do not consider the data
transmission time between controller co; and the servers,
and set the number of threads in each sub-zone as the average
of several random values. After finishing the split of Convs,
computing resources are allocated to them in each server in
the next sub-section, considering the transmission time. In
addition, note that during the process of parallel inference on
edge servers, we want to minimize the latency of the server
whose inference time is the longest. As a result, the inference
time of each server is the same in the ideal condition. So for
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Fig. 5: The workflow of solution to the mathematical model.

the split of each Conv, we get the following formula,

[ S S R
Xp @y =Xy )y ==Xy dy
- )
s.t. me =1,
m=1
where a§ = 2% is a fixed coefficient. i and j represent

i1
the i-th Conv and the j-th server, respectively. We get that
i 1

i M1 -
(=2t )

X

Proof.
M
1 1 1 1
P ke R
m=1 %m 4 G m
i i i i i i i i
3 (a2 3y taayay +a,ag aM_l) X;
P00 i i
(a1a2a3 aM) X;

Therefore, for the i-th Conv, the size of the part inferred
on the m-th server is denoted as p!, = x' -size;. However, p!,
must be an integer. So it needs further optimization. In detail,
we getd! = |pi | firstly, and calculate b — E"A:lzl d! , which
k:f':]m (m € [1, M])
and find the minimal one, which is denoted as tin i and
the size of the corresponding part of Conv is d) . . Finally,
we getd; = d; —landd,, = d, .+ 1. The last two

is added to di. Then, we traversal all

min min
. . d
steps are repeated until the maximal one among —=

_ is not

. . di .
smaller than the original ﬁ Then we repeat the operations
A
mentioned above from d, to d), one by one. At last, we

Algorithm 1 Split of Convs.

Input: Edge server number M, Conv i’s height b;, The
split part’s height of Conv i on edge server se,, without
optimization p’,

Output: The set of the split decision for the i-th Conv on
M edge servers S={}

1: form=1t0 M do
. i |
z dm - [pmJ
3: end for
Cogi o i _NM i
4 dy =d| + (b Do 40)s
5: form=1t0 M do
6: d=d!
m
7: form=1tod do
dl
8: = —u
9: Chose the minimal value 7, . among
I LY
kpm? kymy” K i
) i i _ i i
10: d,=d, l,dml.n —_dml.n +1 .
- dl di
11: Update set { ——, —>—, ..., —4—
P {k‘,m K,y ‘ Ky v }
12: Find the maximal value #  among
_ . K max
1 1 1
I T T
Kpm?” kymy” K e
. T ’
13: ifr, >t then
14: break
15: end if
16: end for
. [
17: putd, into S
18: end for
19: return .S

get the best split decision. The overview of this approach
is given in Algorithm 1.

Now, let us analyze the time complexity of this algo-
rithm. The minimal split unit of a Conv is defined as a pie,
and each part of the Conv allocated to a certain server is
consisted of several pies. The core of this algorithm makes
up of three nested loops, which is shown in lines 5-18. The
outermost loop means that we need to optimize the pin for
each server, so we traversal the M edge servers in this loop.
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In the two loops inside, we need to find the minimal inference
time among all servers with the constant adjusting of dfn for
each server, which means that the number of steps in these
two loops is d - M. As a result, the time complexity of this
algorithm is O(M2d), we assume that d = i here, so the
time complexity is O(M b).

There is one thing we need to emphasize that different
from the algorithm above, each Conv can also be split
directly at first without the calculation of pin . In this method,
we just need to traversal all allocation decisions for all pies in
a Conv, and choose the best combination. However, it is easy
to get that the time complexity of this method is O(M ™),
which is much larger than that of Algorithm 1. It proves the
high efficiency of our approach.

4.2. Resource Allocation

After getting the Conv split decision, controller 2 should
constantly adjusts the number of threads in each sub-zone,
with the goal that the inference time of the CNN is mini-
mized. Considering that the cloud-edge transmission time
and the inference latency on the cloud are not influenced
by the resource allocation method, so we only need to take
the inference time in the edge into account. We plan to use
Twin Delayed Deep Deterministic Policy Gradient (TD3)
algorithm [33] in DRL to reach this goal.

For a resource zone, we allocate resources for each sub-
zone, which corresponds to a Conv, in sequence. The action
space act; is defined as:

act; = (r"l, rg, T rﬂw), ®)
where rjn € [0,1] (m € [1, M]) is the resource allocating
proportion for the i-th sub-zone of a certain resource zone in
the m-th server. The state space sta; is defined as:

sta; = (C;,C’Z, ,c;w’ Z), )

where cﬁn € [0,1](m € [1, M])isthe number of the residual
and not distributed resources in this resource zone. Z; rep-
resents the number of sub-zones to which the resources are
not allocated. We denote that the total number of resources
in this resource zone is R. Note that ¢! = ¢/ —|rl - R| and
Z;,1 = Z; — 1, which means that the next state is decided
by the current state and action. It proves that the problem
conforms to Markov property and can be solved through
DRL. As we aim at minimizing the end-to-end latency in
the edge, the reward function is defined as:
x;, - size;
W+tm|me[1, M]}. (10)

m m

re; = —max{

The training of TD3 is shown in Algorithm 2. We now
describe Algorithm 2 in detail. We first conduct initialization
(lines 1-3). The number of episodes for training is set as T'
(line 4), and there are N states in each episode (line 5). Then,
the action exploration is executed (lines 6-10). It is ensured
that the total allocated resource number for all sub-zones
of a resource zone in a server is R (lines 11-17). Then the

Algorithm 2 Training of TD3.

Input: Total number of resources in the resource zone R,
Number of sub-zones N, Number of edge servers M
Output: Actor network 7y
1: Initialize critic networks Qg and Qg , and actor network
7y with random parameters 6, 6,, @

2: Initialize target networks 6] « 6,60} < 6,, % < f§
3: Initialize replay buffer g

4: for episode =1to T do

5: fori=1t0 N do

6: if episode < 7 then

7: act; = ¢

8: else

9: act; = my(sta;)

10: end if

11: form=1to M do

12: if |[F -R|>(R-N +1)then

13: |ri,-R| > (R=N +1)

14: else

15: cfn = [r;n . RJ

16: end i

17: end for

18: Update g with transition (sta;, act;, re;, sta; 1)
19: if episode > 7 then
20: Sample H transitions (stay, acty, rey,

Smh+1)h=1,...,H from g
21: yp—re,+y- ming:LzQ%(stahH,
7 (Stapyy))
22: Update critics 6, < argming, H L
> (v — Oy, (stay, acty))®

23: if episode % v == 0 then
24: Update actor network 7:

25: Vg ) = N7' ¥V, (51a)Qo, (55,

ng(sta;)Vgry(sta;)

26: Update target networks:

27: 9; « 060, +(1- 6)9;

28: ¥ <60+ (-6

29: end if

30: end if

31 end for

32: end for

33: return 7y

replay buffer g is updated (line 18). Delayed Policy Updates
is utilized in the training process of TD3 (lines 19-28).

After getting the parameters of the actor network, we
save them in controller 2, which makes resource allocation
decisions in real time.

5. Performance Evaluation

In this section, we evaluate the performance of the
proposed model parallelism approach through simulation
experiments. We first introduce the experimental settings.
Then, we present the convergence of TD3 algorithm used
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Table 2 Table 3
Details of AlexNet Model Details of VGG-16 Model
Layer number  Layer type Size Stride Layer number  Layer type Size Stride
1 Convolution 8x8xBorl)x 1 1 Convolution 3x3xBorl)x 1
96 64
2 Convolution 8x8%x96%x256 1 2 Convolution 3x3x64%x64 1
3 Convolution TXTx256x384 1 3 Convolution 3x3x64x128 1
4 Convolution 6XxX6x384%x384 1 4 Convolution 3x3x128x128 1
5 Convolution 3x3%x384x256 1 5 Convolution 3x3%x128%x256 1
6 Fully 6400 x 4096 - 6 Convolution 3%x3%256x256 1
connected 7 Convolution 3x3%256x256 1
7 Fully 4096 x 4096 - 8 Convolution 3x3x256x512 1
connected 9 Convolution 3x3%x512%x512 1
8 Fully 4096 x 100 - 10 Convolution 3x3%x512%x512 1
connected 11 Convolution 3x3x512x512 1
12 Convolution 3x3%x512%x512 1
13 Convolution 3x3%x512%x512 1
in resource allocation. We finally compare the inference 14 Fully 100352 x 4096 -
latency and inference accuracy loss of the proposed model connected
parallelism approach with four baselines. 15 Fully 4096 x 4096 -
connected
5.1. Experimental Settings 16 Fully 4096 x 100 i
connected

5.1.1. Device Configuration and Simulation
Environmental Parameters

In terms of the device configuration, we use a laptop with
a NVIDIA GeForce RTX3070 GPU and the 12-th Gen Intel
(R) Core (TM) 19-12900H CPU to execute our simulation
experiment. In terms of the environmental parameters, we
assume that the computing rate of per thread in each device
is same, which is 80 GFLOPS (clock speed is 2.5GHz and
32FLOPs per cycle). Considering that we mainly focus on
the split of Convs coupled with resource allocation in CNN
parallelism, we assume that the network state is good in WoT.
We set the transmission speed of wired connection at edge
as values random between 605 Gb/s and 635 Gb/s [34]. The
transmission speed of wireless network between edge and
cloud is set as a value random between 105 Mb/s and 125
Mb/s [35]. Furthermore, we assume that there are 8 edge
servers in the scenario, and 20 threads are allocated to the
designated resource zone in each server.

5.1.2. CNN Models and Datasets

For the evaluation of the optimization for inference
latency in our approach, AlexNet and VGG-16 [14] are
used as the models of CNN inference tasks. We use rela-
tive formulas to calculate the latency of data transmission
and layer inference for a single customer at first, and then
simulate model parallelism and multi-task alternately pro-
cessing through the multiprocessing module in Python. In
the comparison on accuracy loss, we use AlexNet and four
datasets, which are CIFAR-100, CIFAR-10 [36], MINIST
[37] and FASHIONMINIST [38]. The four datasets include
so much information from customers and accord with the
characteristic of BSD. The details of used AlexNet and
VGG-16 models are respectively shown in Table 2 and Table
3.

5.1.3. Baselines

In order to assess the performance of our approach
on inference latency, two baselines are selected, which are
shown below.

e DADS [12]. In DADS, CNN is partitioned into two
parts sequentially through max-min cut algorithm, and
the obtained two parts of original network are respec-
tively deployed on the edge and cloud for distributed
inference.

e No Split. In No Split, the whole model of CNN is
inferred on an edge server, without any partition or
split.

To make the baselines adapt to the Wol scenario with
multiple customers, we assume all CNN inference tasks are
processed synchronously in the two baselines.

In order to evaluate the performance of our approach on
inference accuracy loss reduction, we select two baselines
which are shown as follows.

o CoEdge [14]. In CoEdge, the complete CNN model
is inferred on each edge server while the input is
split into many parts dynamically according to the
changing of computing and communication resource
number at edge.

o Average Channel Split. In Average Channel Split, all
Convs except the first one of a CNN are splitin average
and inferred in parallel on the servers.

5.2. Performance of TD3 in Resource Allocation
TD3 is one of improved versions of Deep Determin-

istic Policy Gradient (DDPG) [39]. Compared to DDPG,

improvements on TD3 are mainly reflected in three aspects.
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Fig. 6: Comparison between reward functions of TD3 and
DDPG.

At first, a new mechanism called Delayed Policy Updates is
used in TD3, by which TD3 better balances the frequency of
policy updating with the accuracy of the target Q value, mak-
ing it easier to converge the policy to a better solution. Next,
TD3 uses two independent Q networks when computing the
target Q value, and selects the smaller Q value as the target,
thus suppressing the overestimation of the target Q value
and further improving the stability of the training. Finally,
TD3 introduces Target Policy Smoothing in action selection.
This noise technique helps to improve the exploration ability,
making it easier for the agent to explore the unknown action
space and obtain a better strategy.

As illustrated in Fig. 6, the convergence speed of TD3
is a little higher than that of DDPG when allocating com-
puting resources not only to AlexNet inference tasks but
also to VGG-16 inference tasks. Besides, after converging,
the average reward values of TD3 are almost 0.5 times
larger than those of DDPG in resource allocation both to
AlexNet inference tasks and to VGG-16 inference tasks.
These prove the more excellent convergence performance of
TD3 compared to DDPG.

5.3. Inference Latency

We study the performance of our approach, which is
called Model Parallelism here, on inference latency from two
angles: the latency of a single task under different levels of
customer density, and the total latency of different numbers
of tasks with the fixed amount of resources for each task.
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Fig. 7: Inference latency of a single task with different number
of resources.

Note that there may be several task queues in a certain
scenario because of the various types of CNNs which are
possibly used, and the tasks mentioned in the analysis of our
simulation below are in the same queue.

5.3.1. Single Task Latency under Different Customer
Densities

In our approach, tasks in each queue are processed one
by one and the resources are allocated to each Conv of
different types of CNNs, which mean that the number of
resources allocated to each task is not influenced by the
density of tasks in the scenario. While in the two baselines,
in extreme circumstances, each task is just assigned with a
single thread. Fig. 7 presents the inference latencies of the
three methods under different levels of customer densities,
which are reflected by the average threads per task assigned
in the baselines. We learn that for one task, the inference
latency of our approach does not change under different cus-
tomer densities, while the latencies of the baselines decrease
with the increasing of resources allocated to the task. For
AlexNet, in extreme condition, the inference latencies of
DADS and No Split are about 17 and 38 milliseconds for a
single task, which are around 1 time and 3 times higher than
our approach, respectively. When five threads are allocated
to the task in the baselines, the inference latencies of DADS
and No Split begin to be exceeded by that of our approach.
For VGG-16, in extreme condition, the inference latencies
of DADS and No Split are about 1 time and 4 times higher
than our approach. Like AlexNet, the inference latency of
our approach here also exceeds those of DADS and No Split
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Fig. 8: Inference latency under different number of customers.

when five threads are allocated to the task in the baselines.
Because number of computing resources allocated to each
task is not impacted by the workload of edge servers in our
approach, the performance of our approach on each task‘s
latency is much more stable than that of the two baselines in
WoT where the customer density changes fast. As a result,
it is reasonable that when the customer density is small, the
performance of the two baselines on each task ‘s latency may
exceed that of our approach considering the large number of
idle resources in edge servers. The analyses presented above
show that the method proposed in this paper is effective
when there are many service requests to be dealt with in the
scenario and the workload for each edge server is so large.

5.3.2. Total Latency for Multiple Tasks

We now consider multiple tasks to which each is allo-
cated one thread in the baselines. As shown in Fig. 8, because
all tasks are processed in parallel in the baselines, the infer-
ence latencies of DADS and No Split are fixed regardless
of how many tasks we are considering. While due to the
multi-task alternation mechanism, the inference latency of
our approach nearly goes up linearly as the increase of tasks.
In terms of AlexNet, for the first task, the inference latency
of our approach is about 12 and 33 milliseconds lower than
those of DADS and No Split, respectively. The gaps keep
reducing and when the total inference time of six tasks is
considered, we find that the latency of our approach exceeds
that of DADS. In terms of VGG-16, the condition is similar
to AlexNet, and the total inference time of our approach
also begins to exceed that of DADS from the 6-th task in
the queue. In the two baselines, considering that all tasks

1.0
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o o o
s> o ©

Accuracy Loss

o
)

0.0 |
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Fig. 9: Accuracy loss using different datasets.

are processed synchronously, total latency of processing all
tasks is equal to the latency of processing a single task. While
in our approach, tasks in a queue are processed following
the priority order, and total latency of processing all tasks
increases with the growth of task number. So it is common
that the total latency of our approach may be higher when
the task number becomes large. Besides, for the both CNN
models, the inference latency of No Split keeps much higher
than those of our approach and DADS in the first seven
tasks. It generally shows that our approach is available for the
several services with the highest priorities in the scenario,
where exists a huge amount of service requests waited to be
processed.

5.4. Accuracy Loss

In spite of the proof of non-accuracy loss in theory for
our approach above, we find that the accuracy loss exists in
reality. This is because that during the convolution process,
many values in the feature maps are infinite decimals, and the
split of Convs breaks the integrity of convolution operations,
which produce much errors in the process of result merging.
Furthermore, considering that each Conv in a CNN is split,
the errors constantly enlarge layer by layer. As shown in Fig.
9, in terms of CIFAR-100, the accuracy loss of our approach
is about 30%, while the losses of CoEdge and Average
Channel Split are about 44% and 49%, which are both about
0.5 times higher than that of our approach. In terms of
CIFAR-10, the accuracy loss of our method is around 26%,
while the losses of CoEdge and Average Channel Split are
around 58% and 65%, which are both more than twice higher
than that of our method. For MINIST, the accuracy loss of
our method is about 4%, while the losses of CoEdge and
Average Channel Split are about 19% and 77%, which are
nearly 5 times and more than 19 times as high as that of our
method, respectively. For FASHIONMINIST, the accuracy
loss of our method is about 14%, while the losses of CoEdge
and Average Channel Split are about 38% and 71%, which
are nearly 4 times and more than 5 times as high as that of
our method, respectively. In a word, although the accuracy
losses in the three methods are various in terms of the four
datasets, our approach outperforms CoEdge and Average
Channel Split in inference accuracy in general.
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6. Conclusion

Generally, the CNN parallelism approach proposed in
this paper largely reduces time taken for intelligent BSD
services to respond in WoT. This approach includes two
coupled problems, which are Conv split and resource al-
location. Simulation experiments prove that our approach
outperforms the baselines, and is suited to process latency-
sensitive intelligent BSD services in WoT where the work-
load is extremely high. Nevertheless, the CNN inference
latency is promising to be further reduced by shortening data
transmission time, which is an important research direction
of our future work. In addition, the multi-task alternation
mechanism in this paper is unfair for the tasks with relatively
low priorities, which can be further optimized.
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