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ABSTRACT

With the development of intelligent hardware, front-end de-
vices can also perform DNN computation. Moreover, the
deep neural network can be divided into several layers. In this
way, part of the computation of DNN models can be migrated
to the front-end devices, which can alleviate the cloud bur-
den and shorten the processing latency. This paper proposes a
computation allocation algorithm of DNN between the front-
end devices and the cloud server. In brief, we divide the DNN
layers dynamically according to the current and the predicted
future status of the processing system, by which we obtain a
shorter end-to-end latency. The simulation results reveal that
the overall latency reduction is more than 70% compared with
traditional cloud-centered processing.

Index Terms— Collaborative Processing, Video Big
Data, Edge Computing, Intelligent Front-end, DNN

1. INTRODUCTION

In recent years, the deep neural network (DNN) are widely
used in video analysis, which has significantly improved the
accuracy of many computer vision tasks such as image classi-
fication [1], object detection [2], speech recognition [3], and
action recognition [4]. However, DNN computation is very
complicated and time-consuming. It will bring about an enor-
mous burden to the cloud server and lead to a long processing
latency if all the videos are analyzed on the cloud server using
the high computational complexity DNN models.

With hardware development, some embedded devices and
mobile terminals have been equipped with graphic processing
units (GPU). Although the computing capability is inferior to
the powerful cloud server, the front-end devices also have in-
telligent computing. Besides, DNNs can be divided into sev-
eral layers. Based on these observations, part of the DNN can
be computed by the front-end devices, then the intermediate
output is transmitted to the cloud server, and the rest of the
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DNN is computed on the cloud server. It is very helpful for
latency-sensitive analysis tasks.

Feature extraction on the front-end devices and analysis
on the cloud server is a kind of DNN partition. Many re-
searchers focused on the compact description and compres-
sion of the features [5, 6, 7, 8, 9, 10]. They did not pay much
attention to the DNN partitions. Kang et al. [11] studied
transferring part of the computation of network structure to
the mobile terminal to improve the efficiency and throughput
of the whole system. They proposed a scheduler to partition
DNN computation between mobile devices and data centers.
However, they only focused on the single job DNN partition.
Eshratifar et al. [12] presented an intermediate feature com-
pression method for the dynamic DNN partition. An infer-
ence computation allocation method among multi-layer Inter-
net of things systems was introduced in [13], in which all the
videos still need to send to the cloud server. Zhang et al. [14]
provided a task-level allocation method to shorten the end-
to-end latency. The previous works mainly focused on either
the compression of the intermediate output of a specific DNN
layer or task computation allocation among the cloud server.
The most related DNN partition method was introduced by
Kang et al. [11]. However, the algorithm can only obtain the
best partition point with a single analysis task.

In contrast, our work focus on the dynamic DNN parti-
tioning of many parallel processed analysis tasks. We pro-
pose a DNN computation allocation algorithm between the
front-end devices and the cloud server. As shown in Fig. 1,
according to the current and predicted future system status,
we divide the DNN layers of consecutive tasks into different
two parts dynamically. The first part will be performed on the
front-end devices, and the second part will be finished on the
cloud server. The simulation results show that we shorten the
latency by more than 70% compared with traditional cloud-
centered processing.

2. PROBLEM DESCRIPTION

Part of the DNN layers will be performed on the front-end de-
vices, and the computation for the rest part will be continued
on the cloud server after the intermediate vector transmission.
The challenge is where to partition the DNN layers to shorten
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Fig. 1: The ”front-cloud” collaborative video analysis archi-
tecture. DNN partition algorithm decide the partition point i
via front and cloud server status.

the overall end-to-end latency.

2.1. Symbol Definitions

Although the number of front-end devices may change, the
videos produced by the front-end devices are fixed at a spe-
cific time. We call the contents to be analyzed as events.
To give a formal mathematical problem formulation, give a
event list with n events V = {v1, v2, . . . , vn}. Each event
vj ∈ V has an arrive time aj satisfying aj1 ≤ aj2 for any
1 ≤ j1 < j2 ≤ n. Each event will be processed by DNN
layers, divided into two parts at some point. The first part is
computed on the front-end device, then the intermediate vec-
tor will be transferred to the cloud via the network, and the
rest part is computed on the cloud server. We denote the par-
tition point set as L = {0, 1, 2, . . . , k} (partition point 0 indi-
cates all DNN layers computed at cloud (All at Cloud) and k
indicates all DNN layers computed at front-end (All at Front).
For each j ∈ [n] and each i ∈ L, we define Fj,i, Tj,i(ω)
and Cj,i(θ) are the first part computation time on front-end
device, intermediate data transmission time and the rest part
computation time on cloud server, respectively, for event vj
partition at point i, where ω and θ indicate the current network
congestion status and cloud server load level, respectively.

In our problem, it is a natural assumption that the com-
puting capability of the cloud server is stronger than that of
front-end devices for any θ. Otherwise, the problem is trivial-
ity because the best partition is to compute all DNN layers on
front-end devices for this θ.

2.2. Problem Formulation

A feasible solution σ is to find a partition for each event vj .
The objective is to find a feasible solution with minimum la-
tency (the maximum finish time among all events in set V ).

Then, we introduce how to compute the latency Z(σ) of a
feasible solution σ. Formally, Define xσ = (x1, x2, . . . , xn)
is a eigenvector of a feasible solution σ, i.e. xj = i if event
vj is partition at point i in σ.

Define F (σl) and C(σl) be the finish time of front-end
device and the finish time of cloud servers for computing only
l events v1, v2, . . . , vl for the feasible solution σ. Because the
(l + 1)-th event arrives at al+1 and is partition at point xl+1,
the first part of the (l+1)-th event can be computed at al+1 if
al+1 ≥ F (σl); otherwise, the first part of the (l + 1)-th event
will be computed at F (σl). Thus, we have

F (σl+1) = max{F (σl), al+1}+ Fl+1,xl+1
.

And the rest part of the (l + 1)-th event can be computed at
F (σl+1)+Tl+1,xl+1

(ω) if F (σl+1)+Tl+1,xl+1
(ω) ≥ C(σl);

otherwise the rest part of the (l + 1)-th event will be com-
puted at C(σl). Thus, we have C(σl+1) = max{F (σl+1) +
Tl+1,xl+1

(ω), C(σl)}+ Cl+1,xl+1
(θ).

And because front-end device can be computed all DNN
layers, that means, it is possible when the event is completed
on the cloud server, the front-end device is computing some
event vj with xj = k. Therefore, the latency of σ is

Z(σ) = max{F (σn) + Tn,k(ω), C(σn)} = C(σn).

Algorithm 1: DDP(j, aj , L, F, F (σj−1), C(σj−1)),
the dynamic DNN partitioning algorithm

Input: j: Event ID; aj : Event arriving time;
L = {0, 1, ..., k} :the DNN partition point
set; F = {Fi | i ∈ L} :Front-end computation
time set; F (σj−1) :the finish time of
front-end device; C(σj−1) :the finish time of
cloud server for computing j − 1 events
{v1, . . . , vj−1.}

Output: xj:Event Partition Point; F (σj): the
front-end device finish time; C(σj): the
cloud finish time for computing j events
{v1, . . . , vj .}

1 Analysis of the current processing systems ;
2 ωj : the current network congestion status ;
3 θj : current cloud servers load level ;
4 Transmission time set with ωj :

T(ωj) = {Ti(ωj) | i ∈ L} ;
5 Cloud computation time set with θi:

C(θj) = {Ci(θj) | i ∈ L} ;
6 Partition point selection ;
7 xj = argmini∈L{max[max(F (σj−1), aj) + Fi +

Ti(ωj), C(σj−1)] + Ci(θj)},
8 F (σj) = max{F (σj−1), aj}+ Fxj

,
9 C(σj) =

max{F (σj) + Txj (ωj), C(σj−1)}+ Cxj (θj).

3. DYNAMIC DNN PARTITIONING

3.1. Events from Same Front-end Device

Our algorithm has two-steps: 1. analysis of the processing
systems. 2. partition point selection. The detailed description
of our method is shown in Alg. 1 and Alg. 2.
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Analysis of the processing systems: For each event vj ∈
V , at lines 2 and 3 in Alg. 1, check the current network con-
gestion status ωj and the current cloud servers load level θj .
And, line 4 estimates the transmission time Ti(ωj) for each
partition point i(∈ L), while taking into consideration of cur-
rent network congestion status ωj and line 5 calculates the
cloud computation time Ci(θj) for each partition point i(∈
L), while taking into consideration of current cloud servers
load level θj .

Partition point selection: For each event vj ∈ V , ac-
cording to the partition point of events v1, . . . , vj−1 that have
been partitioned, line 7 determines the best-partitioned point
in the current network congestion status and cloud servers
load level. Line 8 decides the begin time of the event vj with
arriving time aj . The begin time is especially related to the ar-
rival time aj if partition point i = 0, which means this event is
performed on the cloud server. The selected partition points
are the minimum latency among all points. Line 9 updates
the finish time of front-end device F (σj) and the finish time
of cloud servers C(σj) for computing j events v1, . . . , vj .

When the events arrive successively, the dynamic DNN
partition process is shown in Alg. 2. When the new event
comes, the partition point,front-end finish time and cloud
server finish time are obtained through Alg. 1 (lines 3-5).
If no more event comes or receiving the quit signal of the
processing system, the event partition point set and system
finish time will be returned (lines 7-11).

Algorithm 2: Dynamic DNN Partition for Video
Big Data Analysis

Input: the DNN layers partition point set
L = {0, 1, . . . , k}, Front-end computation
time set F = {Fi | i ∈ L}.

Output: Event Partition Point Set x, System finish
time Z

1 Let F (σ0) = C(σ0) = 0 and j = 0;
2 while True do
3 if new event comes then
4 j = j + 1 ;
5 xj , F (j), C(j)=DDP

(j, aj , L, F, F (σj−1), C(σj−1))
6 end
7 if no more events || quit signal then
8 x = (x1, x2, . . . , xj) ;
9 Z = max{C(e)|e = 1, 2, ..., j} ;

10 return x, Z

11 end
12 end

3.2. Events from Different Front-end devices

In the practical system, the multiple front-end devices are
connected to the cloud server, and the cloud server has the

ability of parallel processing. Multiple events can be pro-
cessed at the same time. When the cloud server processes
events in parallel, it can be viewed as multiple computing
units with the same processing capacity in the cloud. When
multiple events arrive, the system load balancing module al-
locates the events to these processing units. In general, there
are more events to be processed than in processing units. Un-
der the control of the load balancing module, we can treat the
events from different front-end devices as event groups, and
the events in each group are processed in the same processing
unit.

Therefore, we can optimize the processing latency of
multiple events in the same processing unit. Let M =
{m1, . . . ,mm} be the set of m front-end devices and L =
{0, 1, . . . , k} be the set of the partition point, respectively.
For each α ∈ [m] and each i ∈ L, FTi(α) is the first part
computation time on front-end devicemα, for event partitions
at point i. The algorithm is shown in Alg. 3.

Algorithm 3: Multi-Front Dynamic DNN Partition
Input: the DNN layers partition point set

L = {0, 1, . . . , k}, Front-end device set
M = {m1,m2, . . . ,mm}. For α ∈ [m], the
front-end computation time set for front-end
device mα: F(α) = {Fi(α) | i ∈ L}

Output: Event Partition Point Set x, System finish
time Z

1 Let F (α) = C(0) = 0 for α ∈ [m] and j = 0;
2 while True do
3 if new event comes then
4 j = j + 1 ;
5 aj = arriving time of vj ;
6 mα = front-end device of vj ;
7 Construct an instance of Algorithm 1, where
8 F (σj−1) = F (α),
9 C(σj−1) = C(j − 1)

10 F = F(α)
11 xj , F (α), C(j))=DDP

(j, aj , L, F, F (σj−1), C(σj−1))
12 end
13 if no more events || quit signal then
14 x = (x1, x2, . . . , xj) ;
15 Z = max{C(e)|e = 1, 2, ..., j} ;
16 return x, Z

17 end
18 end

4. SIMULATION EXPERIMENT

To evaluate the proposed algorithm’s effectiveness, we deduct
a simulation experiment on 3D CNN based action recogni-
tion. We use the MMAction [15] platform and UCF101 data
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Table 1: Events (n = 8) arrive with equal interval: latency
reduction of our method compared with AF, FB, AC and NS

Interval(ms) AF FB AC NS

0 -82.65% -82.41% -13.27% -13.27%
360 -83.45% -82.20% -12.26% -9.13%
720 -80.00% -79.71% 0.00% 0.00%

Table 2: Events arrive with random interval(0 ∼ 720ms):
latency reduction compared with AF, FB, AC and NS

Events AF FB AC NS

8 -81.36 % -81.10 % -8.09 % -7.59 %
100 -81.91 % -81.65 % -10.43 % -11.08 %
400 -82.90 % -82.65 % -14.66 % -13.03 %

set [16] to produce the computation time and data amount out-
put by the DNN points. 3D ResNet-50 and 3D Inception V1
network are tested. The 3D ResNet-50 can be viewed as sev-
eral bottlenecks with pooling and full connection (FC) layers.
Because of the shortcut connection in the network, we select
the layers out of the shortcut scope. The partition point of the
3D ResNet-50 and 3D Inception V1 are 18 parts (k = 18) and
14 parts (k = 14), respectively.

We use two different GPU servers to simulate the front-
end device and the cloud server, respectively. The transmis-
sion time is simulated by the data amount that needs to be
sent. After obtaining the computation time and transmission
time of different parts of DNN on the front-end device and
cloud server, we simulate the computation allocation process
with n event and arriving time set {a1, a2, ..., an}.

When the n events come from the same front-end de-
vice, we simulate the DNN partition with constant and ran-
dom interval of the arriving time, respectively. The sim-
ulation results are shown in Tab. 1, 2 and 3. We com-
pared our partition method with all at front-end(AF), feature
based[5] ∼ [10](FB), all at cloud(AC) processing mode and
Neurosurgeon[11](NS).

As shown in Tab. 1, when n = 8, our method saves
13.27% system latency compared with the partition algorithm
in [11], if the events arrive at the same time(event interval is
0ms in the table). With the increase of the event interval,
the system latency saving varies from 13.27% to 0%, which
shows the effectiveness of our DNN partition algorithm.
When the event interval is larger enough (> 720ms, n = 8),
our method gets the same schedule schema as the method in
[11]. All the events will be processed by the cloud server
when the arriving interval is larger than the sum of video
transmission and cloud computing time. Because other events
do not occupy the cloud server computing resource, and the
computing power is superior to the front-end device.

As shown in Tab. 2, if the events arrive randomly (event
interval is random from 0 ∼ 720ms in the table), our method

Table 3: Events arrive with random interval: latency reduc-
tion of our method compared with AF, FB and AC

Events Interval(ms) AF FB AC

1 ∼ 100 0 ∼ 120 -83.05% -82.80% -15.24%
1 ∼ 500 0 ∼ 360 -83.11% -82.86% -15.54%
1 ∼ 5000 0 ∼ 720 -83.14% -82.90% -15.70%

Table 4: Events arrive with random interval from different
front-end device: latency reduction of the proposed method
compared with AF, FB and AC

Front-Ends Events Interval AF FB AC

8 1 ∼ 5000 0 ∼ 720 -78.05% -74.80% -30.24%
32 1 ∼ 5000 0 ∼ 720 -53.08% -52.83% -51.38%

128 1 ∼ 5000 0 ∼ 720 -26.77% -28.82% -80.17%

also saves more than 10% system latency compared with the
partition algorithm in [11]. We evaluate the average perfor-
mance of our algorithm with a random event number and ran-
dom arriving time. We use 1000 event numbers between 1
and 5000 with a normal distribution. And the events arrive
with a random interval from 0 ∼ 720. As shown in Tab. 3,
our method saving 83.14%, 82.90%,15.70% system latency
compared with AF, FB and AC, respectively.

Can be seen from the results in Tab. 4, when the num-
ber of front-end devices are small (front computation is in-
sufficient), Our method can reduce the system latency with
30.24% compared with AC; However when the number of
front-end devices increase, the overall latency can be short-
ened directly. We use 128 front-end devices, numbers of
events between 1 and 5000 with normal distribution to show
the average performance of our method at the last row of the
table. Our method saving 26.77%, 28.82%,80.17% system
latency compared with AF, FB and AC, respectively.

5. CONCLUSION

To fully use the ability of intelligent computing of the front-
end devices, parts of the deep neural network layers computa-
tion are migrated to the front-end devices, which can shorten
the system processing latency. Applying the previous task
partition algorithm directly will lead to wasting of comput-
ing resources and long latency. To address this problem, we
give a formal mathematical problem formulation considering
more aspect of the processing system status. And, we propose
a dynamic DNN computation allocation algorithm between
the front-end devices and the cloud server. The simulation
result shows that we can shorten the overall latency by more
than 70% compared with traditional cloud-centered process-
ing, average about 30% for any case, and 10.39% latency sav-
ing over the previous DNN partition algorithm. In the future,
we will study the more complicated cases.
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