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With the development of mobile edge computing (MEC), more and more intelligent services and applications based on deep
neural networks are deployed onmobile devices tomeet the diverse and personalized needs of users. Unfortunately, deploying and
inferencing deep learning models on resource-constrained devices are challenging. *e traditional cloud-based method usually
runs the deep learning model on the cloud server. Since a large amount of input data needs to be transmitted to the server through
WAN, it will cause a large service latency. *is is unacceptable for most current latency-sensitive and computation-intensive
applications. In this paper, we propose Cogent, an execution framework that accelerates deep neural network inference through
device-edge synergy. In the Cogent framework, it is divided into two operation stages, including the automatic pruning and
partition stage and the containerized deployment stage. Cogent uses reinforcement learning (RL) to automatically predict pruning
and partition strategies based on feedback from the hardware configuration and system conditions so that the pruned and
partitioned model can better adapt to the system environment and user hardware configuration. *en through containerized
deployment to the device and the edge server to accelerate model inference, experiments show that the learning-based hardware-
aware automatic pruning and partition scheme can significantly reduce the service latency, and it accelerates the overall model
inference process while maintaining accuracy. Using this method can accelerate up to 8.89×without loss of accuracy of more
than 7%.

1. Introduction

As the backbone technology to support modern intelligent
services and applications, deep neural network (DNN) has
become more and more popular due to their superior
performance in computer vision [1], speech recognition [2],
natural language processing [3], and big data analysis [4].
With the development of mobile edge computing (MEC),
more and more intelligent services and applications based
on DNN are deployed on mobile terminal devices to meet
the diverse and personalized needs of users. Unfortunately,
today’s mobile devices cannot support these DNN-based
intelligent services and applications well because these in-
telligent models usually require a lot of computing resources.

To solve a large number of service resource requirements
of the DNNmodel, the traditional method relies on powerful
cloud servers to provide rich computing power. In this case,

the training and inference data generated on the mobile
device are transmitted to the remote cloud server, and the
inference result is returned after the execution is completed.
However, many intelligent applications require frequent
information interaction, which makes large amounts of data
to be transmitted between mobile devices and remote cloud
server through a long wide area network. *is will bring
intolerable communication latency, making cloud-based
computing impractical. To solve this problem, we explored
the emerging computing architecture of device-edge syn-
ergy. By adding an edge service node composed of an edge
server and an edge microbase station near the terminal
device, the cloud computing capability is sunk from the core
network to the edge network closer to the user. *is new
computing architecture provides sufficient computing
power support for DNN-based computing-intensive and
latency-sensitive applications at the edge network. So how to
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effectively deploy the intelligent model based on DNN to the
edge and make full use of the rich computing resources of
the edge server to perform model inference (i.e., edge in-
telligence) [5] to minimize the service latency will be the
main consideration in this paper.

In response to the above problems, the predecessors have
made many efforts. *ese include collaborative computing
between terminal devices and cloud servers [6–8], model
compression and parameter pruning [9–12], or customized
mobile implementation [13–15]. Despite all these efforts
made by the predecessors, on the premise of ensuring the
accuracy of the model required by the user, the service la-
tency is minimized, and the user’s hardware configuration
and system status can be sensed to implement automatic
model pruning and partition. *e current edge intelligence
architecture still has major defects.

On this issue, this paper proposes a device-edge synergy
framework Cogent, which uses reinforcement learning (RL)
to achieve automatic pruning and partition of models. And
through the container technology, the divided model blocks
are packaged and deployed on the edge server and the
terminal device, and the rich computing resources of the
edge server are used to accelerate the model inference
collaboratively. *e Cogent framework is a latency-sensitive
collaborative intelligent design. It is mainly divided into two
operation stages, namely, automatic pruning and partition
stage and containerized deployment stage. In the automated
pruning and partition phase, Cogent uses RL to observe
hardware accelerators and system status (including network
bandwidth and edge server load) and provides model
pruning and partition strategies. We observe that the ac-
curacy of the compression model is very sensitive to the
sparsity of each layer and requires a fine-grained action
space. *erefore, instead of searching in discrete space, we
propose a continuous compression ratio control strategy
with DDPG [16] agent, which learns through trial and error
and penalizes loss of accuracy, while encouraging model
acceleration and reduction. Specifically, our DDPG agent
handles the network model in an integrated and layered
approach. For the overall network model, the agent receives
network structure information of the entire model, system
network bandwidth B, hardware accelerator information A,
and edge server load information E, and then it outputs the
model partition point. For each layer, the agent receives the
state information St and hardware accelerator information
A, and then it outputs the precise pruning ratio of each
layer. Our Cogent framework automates this process
through learning-based strategies rather than relying on
rule-based strategies and experienced engineers. In the
containerized deployment phase, we use Docker and
Kubernetes to dynamically package model blocks and as-
sign containers to one or more available devices to com-
plete a DNN task, which greatly increases the flexibility and
reliability of Cogent. Cogent makes full use of device-edge
synergy to achieve collaborative intelligence, which can
minimize inference latency while meeting user accuracy
requirements.

To summarize, we present the contribution of this paper
as follows:

(i) We propose Cogent, an execution framework that
accelerates deep neural network inference through
device-edge synergy. We use Cogent automated
pruning and partition to jointly optimize DNN
model inference to minimize service latency while
ensuring user accuracy requirements.

(ii) We propose an automated DNNmodel pruning and
partition algorithm, which uses reinforcement
learning to determine pruning and partition strat-
egies automatically. At the same time, we receive the
feedback of the hardware accelerator and system
state in the design cycle, so that the pruned and
partitioned models can better adapt to different
hardware architectures and system conditions,
greatly reducing service latency.

(iii) We use Docker and Kubernetes to dynamically
package model blocks and assign containers to the
edge server and terminal devices to complete a DNN
task cooperatively. It not only makes full use of the
rich computing resources of the edge server to
accelerate the inference process but also greatly
increases the flexibility and reliability of Cogent.

*e rest of this paper is organized as follows. First, we
review the related work in Section 2. *e proposed overall
framework of Cogent is introduced in Section 3. *e results
of the performance evaluation are shown in Section 4 to
demonstrate the effectiveness of Cogent. Finally, the paper is
concluded in Section 5.

2. Related Work

*e rapid development of DNN makes it quickly become
one of the most important components of artificial intelli-
gence technology today. DNN consists of a series of network
layers, and each layer of network consists of a group of
neurons. DNN is widely used in the field of computer vision
and natural language processing, including image classifi-
cation, target detection, video recognition, and text pro-
cessing. At present, edge intelligence technology has
attracted the attention of researchers. To implement artificial
intelligence at the edge, edge intelligence technology deploys
DNN models on mobile devices that are closer to users to
enable more flexible and safe interaction between users and
smart models. However, due to the resource limitations of
terminal devices, it has become very challenging to directly
deploy and infer computation-intensive DNN models on
edge devices. On this issue, existing efforts are devoted to
optimizing DNN calculations on edge devices. *ere are
three main areas worthy of attention here.

2.1.OptimizeDNNModel. DNNmodel optimization is used
to include model structure optimization and hardware ac-
celeration. In terms of model structure optimization, some
researchers tried to develop new DNN structures to achieve
the desired accuracy under moderate calculations, such as
DNN models that were much smaller than normal network
models without sacrificing excessive accuracy [13]. Also, in
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order to reduce the amount of data transmission during
DNN inference, the DNN model was compressed by model
pruning [17–19]. Others were focused on reducing the re-
dundancy in the original model by the model compression
techniques [20–22] to obtain an effective model. Recent
advances in this optimization had turned to network ar-
chitecture search (NAS) [23–25]. In terms of hardware
acceleration, mobile devices could be embedded with deep
learning inference chips to improve latency and energy
efficiency with the help of architectural acceleration tech-
nology [26, 27]. Other works were aimed at optimizing the
use of existing resources [28–30] and improving service
performance [31–34].

2.2. Device-Edge Synergy. *e most involved in the mobile
device and edge server collaboration were model partition
and related technologies. DNN model partition technology
referred to partitioning a specific DNN model into some
continuous parts and deploying these parts on multiple
participating devices.*e goal of model partition technology
was similar to computation offloading and aimed to max-
imize the use of external computing resources to accelerate
mobile edge computing. For example, some frameworks
used DNN partition to optimize computation offloading
between mobile devices and the cloud, while other frame-
works aimed to distribute computing workload among
mobile devices [35–37].*emost critical technique of model
partition lied in the choice of partition point. In the work
[38], the DNN partitioning problem was transformed into
the shortest path problem, and the approximate solution was
used to solve the problem. At the same time, they also used
PNG encoding to reduce the amount of intermediate data
transmission. To study the influence of network conditions
and server load during the partition process, Kang [7]
studied the hierarchical partition of the DNNmodel, and the
variation of latency with server load changed under three
typical wireless communication conditions. Besides, an
improved DNN structure had been proposed for device-
edge synergy [8, 39], where early exit network branches were
added to the original network. *eir evaluation proved the
effectiveness of the improved DNN structure in low-latency
inference and accuracy assurance.

2.3. Automatic Machine Learning (AutoML). Besides, many
research efforts aimed to improve the performance of DNNs
through an automated search of network structures: NAS
[40] aimed to search for transferable network blocks whose
performance exceeds many manually designed architec-
tures. Progressive NAS [24] adopted sequential model-based
optimization methods to accelerate architecture search by
5×. Pham et al. [25] introduced efficient NAS used pa-
rameter sharing to accelerate the speed of architecture ex-
ploration by 1000×. Cai et al. [41] introduced path-level
network transformation to efficiently search the tree
structure space. Driven by these AutoML frameworks, He
et al. [42] leveraged reinforcement learning to automatically
prune the convolution channel.

Compared with the current work, the Cogent framework
designed in this paper makes a good combination of DNN
model optimization, device-edge synergy, and AutoML.
Cogent leverages reinforcement learning to automatically
predict the pruning ratio of each layer and the partition
point of the model. At the same time, it takes into account
the hardware architecture and system state. Finally, through
containerized deployment, the flexibility and reliability of
the Cogent framework are greatly improved. Cogent can
speed upmodel inference as much as possible while ensuring
user accuracy requirements and at the same time has better
adaptability to different hardware devices and system status.
*is provides a good choice for latency-sensitive service
requests on mobile devices.

3. Overall Framework Design

3.1. Framework Overview. As shown in Figure 1, we pro-
posed the design of the Cogent framework, which includes
two operational stages, namely, automated pruning and
partition stage and containerized deployment stage. First of
all, the Cogent framework uses reinforcement learning to
automatically search the huge pruning design space in the
loop. Its RL agent integrates hardware accelerators and
system status (including network bandwidth and edge server
load) into the detection loop so that it can obtain direct
feedback from the hardware and system status. *en, the
agent proposes an optimal model partitioning and pruning
strategy under the given amount of computing resources and
network bandwidth. *e automatic model pruning and
partition algorithm on Cogent will perform model pruning
and partition according to these strategies. Finally, the di-
vided model blocks are packaged and delivered. *e Cogent
framework automates the pruning process and model
partition process by using learning-based methods that take
hardware- and system-state-specific metrics as direct re-
wards to meet the requirements of service request accuracy
while minimizing service latency. We use the actor-critic
model with the deep deterministic policy gradient (DDPG)
agent to give actions: the pruning ratio of each layer and the
partition point of the model. We collect hardware counters
as constraints and use latency as a reward to search for
optimal pruning and partition strategies. We have two
hardware environments, including terminal device accel-
erators and edge server accelerators. *e following describes
the details of each element of reinforcement learning.

3.2. State Space. Our agent deals with neural networks in a
combination of whole and layer. For the overall model, the
agent needs to determine the most appropriate partition
point. For each layer, the agent needs to determine the
proportion of pruning for each layer. In this paper, we
introduced an 11-dimensional feature vector as our state
value St:

B, E, Am,c, Lt t, n, c, FLOPs, reduced , rest, at−1, time(  ,

(1)
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where B is the network bandwidth, E is the edge server load,
and Am,c is the hardware accelerator configuration, which
usually refers to the CPU speed of the mobile terminal device
and the CPU speed of the edge server. t is the layer index, n is
the dimension of the core, c is the input of this layer, FLOPs is
the FLOPs calculation of the layer, reduced is the total number
of calculations reduced in previous layers, rest is the number of
calculations remaining in the subsequent layer, at−1 is the
pruning ratio selected by the upper layer, and time is the
inference time spent on this layer. Before being passed to the
agent, they are scaled within [0, 1]. *ese features are essential
for the agent to distinguish one network layer from another.

3.3. Action Space. For the partition point p, we use the
discrete space as the action space, because the choice of p is
fixed and limited. For the pruning ratio of each layer, most of
the existing works use discrete space as a coarse-grained
action space. For high-accuracy model architecture search,
coarse-grained action space may not be a problem. However,
we observe that model compression is very sensitive to the
sparse ratio, which leads to a surge in the number of discrete
actions, so we need a more fine-grained action space.
Otherwise, such a large action space will be difficult to ef-
fectively explore [16]. At the same time, discretization will
also make the action selection jumpy and may miss the
optimal sparse ratio. *erefore, we suggest using the con-
tinuous action space a ∈ (0, 1], which can achieve more
fine-grained and more accurate model pruning.

3.4. DDPG Agent. As shown in Figure 1, we first select the
partition point p before the agent starts to determine the
pruning rate for each layer. *e choice of the partition point
is mainly affected by the network architecture. Of course, the
agent will also adjust the decision based on the hardware
accelerator and system status. After determining the par-
tition point, there is no need to partition immediately, but
first determine the pruning ratio of each layer. *e agent
receives an embedding state St of layer Lt from the envi-
ronment and then outputs a sparse rate as action at. *e
agent then moves to the next layer Lt+1 and receives state
St+1. After the final layer of the decision is made, the accuracy
of the model is evaluated on the validation set and returned

to the agent. On the premise of ensuring the accuracy re-
quirements of users, according to the decision set, the
specified compression algorithm (e.g., channel pruning) is
used to compress the model. To improve the speed of ex-
ploration, we only evaluate the accuracy without fine-tuning,
which is a goodmethod to approximate the precision of fine-
tuning. At this time, we will get the optimal pruning ratio of
each layer for the hardware characteristics and system status
when the current partition point is p.

For agent decision at, we use DDPG to continuously
control the compression ratio. For the noise distribution
during exploration, we use a truncated normal distribution.
*e noise σ is initialized to 0.5 and decays exponentially after
each episode:

μ′ st(  ∼ TN μ st θμt
 , σ2, 0, 1 . (2)

*e design of the DDPG agent follows Block-QNN [43],
applying a variant of the Bellman equation [44]. Each state
input of each episode is (St, at, R, St+1), whereR is the reward
after pruning the network. In the update process, to reduce
the gradient loss, the gradient estimate needs to subtract the
baseline reward b, which is equivalent to the exponential
moving average of the previous reward [40]:

Loss �
1
N


i

yi − Q si, ai θQ
  

2
,

yi � ri − b + cQ si+1, μ si+1(  θQ
 .

(3)

*e discount factor c is set to 1 to avoid overprioritizing
short-term rewards.

3.5. Reward Function. By adjusting the reward function, we
can accurately find the limit of compression and minimize
service latency. Using the reward function to limit the action
space (sparse rate of each layer), we can accurately obtain the
target accuracy. Take fine-grained pruning to reduce in-
ference latency as an example: we allow arbitrary operations
in the first few layers. When we find that we are close to the
target accuracy, we begin to limit action a, pruning all the
following layers with the most conservative strategy. Our
reward function is as follows:

Original model

Pruning Partition Agent: DDPG

Agent: DDPG

Pruning partition model
Automated model pruning and
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Figure 1: Overview of Cogent framework for model pruning and partition.
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R � λ × Δlatency, (4)

whereΔlatency is the latency difference before and after pruning
and λ is a scaling factor, which is set to 0.1 in our experiment.

3.6. Automated Model Pruning and Partition. Our goal is to
find the optimal partition point of themodel first and then find
the redundancy of each layer according to the hardware en-
vironment that the preparatition part will configure in the
future. *e optimal partition point of a DNN model depends
on the topology of the DNN, which is reflected in the change of
the amount of calculation and data of each layer. Besides, even
for the same DNN structure, dynamic factors such as wireless
network bandwidth and edge server load will affect the choice
of optimal partition point. For example, the instability of the
wireless network bandwidth will directly affect the transmis-
sion latency between themobile device and the edge server, and
the load change of the edge server will directly affect the
queuing latency or calculation latency of the application request
at the edge server. We train an RL agent to predict the partition
point and pruning ratio and then perform pruning and par-
tition. We quickly assess the accuracy after pruning before fine-
tuning, as an effective representation of the final accuracy.*en,
we update the agent by rewarding faster, smaller, and more
accurate models. We introduced the AutoML process of the
Cogent framework in Algorithm 1.

Cogent first analyzes the constituent layers of the target
DNN model and extracts the type and configuration (Lt) of
each layer and then uses the RL agent to predict the latency Tm

and Tc of the current layer on mobile devices and the edge
server, respectively. At the same time, the current network
bandwidthB and edge server loadE should be considered. Line
10 ofAlgorithm1uses the agent to predict the output parameter
amount Dt of the execution layer Lt on the mobile device. Line
13 of Algorithm 1 calculates the transmission latency Tt under
the current wireless network bandwidth. Line 15 of Algorithm 1
evaluates the inference latency and inference accuracy of each
candidate partition point and selects the partition point with the
lowest inference latency under the premise of meeting the user’s
accuracy requirements. After determining the partition point,
there is no need to partition immediately, because this will affect
the subsequent pruning process. *e pruning ratio needs to be
comprehensively decided according to the hardware environ-
ment and system status of themodel block to be deployed in the
future. Also, the agent must ensure the accuracy required by the
user when making decisions, which is a prerequisite for Cogent
to perform pruning and partition. Finally, the Cogent frame-
work will automatically perform model pruning and partition
according to the agent’s decision.

3.7. Containerized Deployment. We containerized each
model block after partitioning and deployed the model by
launching pods on the edge server and mobile devices
through Kubernetes. Please note that the general model is
configured to work together on one mobile device and one edge
server. In this case, only two pods will be used for deployment. If
multiple mobile devices request an application at the same time,
multiple pods can be deployed. If the system status changes,

Cogent will periodically recalculate the optimal partition point.
Once themodel execution graph changes, we will adjust the pod
configuration and reschedule them. Besides, application service
requests may fail in mobile edge networks. To quickly restore
services without affecting the normal operation of the pods,
Kubernetes assigned a static virtual IP to each pod. Each pod
communicates with its upstream and downstream pods via
virtual IP. *e association between the virtual IP and the pod is
based on the position of the pod in themodel execution graph. If
the service request fails, we can easily launch a new pod from the
edge server and associate the new pod with the virtual IP. In this
way, the application services can be kept in the normal operation
of the mobile device without being affected. By containerizing
each model block, we use Docker and Kubernetes to simplify
model update and deployment and efficiently handle runtime
resource management and scheduling of containers.

4. Evaluation

4.1. Experimental Setup. We use Xilinx Zynq-7020 FPGA
[45] as our terminal device and Xilinx VU9P [46] as our edge
server and prove the feasibility and efficiency of Cogent
through design experiments. Table 1 shows our experimental
configuration on both platforms and the resources available
to them. Configure the inbound and outbound network
bandwidth of each terminal device to connect to the edge
server through the traffic control (TC) infrastructure. Be-
sides, all physical servers run Ubuntu 18.04 and deploy the
Kubernetes (Release-1.7) cluster. VGG19 [47] is a state-of-the-
art image classification DNN, which serves as the target
network for device-edge synergy inference in this paper. Our
dataset is CIFAR-10 [48], a widely used image classification
dataset with 10 classes of objects. Our network of actors µ has
two hidden layers, each with 300 units. *e final output layer
is a Sigmoid layer that binds the action within (0, 1). Our critic
networkQ also has two hidden layers, each with 300 units.We
set the learning rate to 0.01, the batch size to 64, and the replay
memory capacity to 2000. Our agent first explores 100 epi-
sodes with constant noise σ � 0.5 and then explores 300
episodes with exponential attenuation noise σ, with an at-
tenuation coefficient of 0.99. We set the cloud-based com-
putation offloading method [49] as the baseline and added the
status quo method HierTrain [50] as a comparison. We
compared the performance of the Cogent architecture with
the baseline and status quo in terms of inference latency
(Section 4.2). We also assessed the robustness of Cogent to the
variation in wireless network bandwidth (Section 4.3) and
server load (Section 4.4), demonstrating the importance of a
dynamic runtime architecture for collaborative inference
speedup. Finally, we verified the performance of the Cogent
framework in terms of hardware awareness (Section 4.5).

4.2. Latency Improvement. In this section, we examine the
latency improvement that can be brought about by using the
Cogent collaborative intelligence framework proposed in this
paper. Figure 2 shows per-layer execution latency and output
data size after each layer’s execution (input for next layer) of the
baseline approach, the status quo approach, and Cogent
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executing VGG model on the mobile device, respectively.
*e histogram in Figure 2 shows the per-layer execution
latency, which shows that a fully cloud-based baseline
approach has significantly more execution latency than the
other two model partition methods due to network con-
ditions and edge server load. *e status quo method is
mainly used to prune to the network layer at the back end of
the model, so that the network layer at the front of the
execution model will also face a large execution latency.
Cogent architecture minimizes the latency of the network
layer’s execution on mobile devices by automatically
pruning each layer of the VGG model. *e broken line in
Figure 2 shows the size of output data after each layer’s
execution. It can be seen that the network layer parameter
output through the Cogent framework has been significantly
reduced, which can fully reduce the transmission latency
from the terminal device to the edge server. Combining the
results of the per-layer execution latency and size of output
data after each layer’s execution, Cogent predicts that the
best latency optimization can be obtained by partitioning the
VGG model in the pool3 layer.

We show a comparison of the inference results of running
the VGG model through three different methods in Table 2.
From the second column of the table, we can see that Cogent
can almost guarantee the inference accuracy of the VGGmodel.
*e third and fourth columns represent the proportion of the
pruning parameters and the number of parameters remaining
in themodel, respectively.*e fifth and sixth columns represent
the proportion of the pruning calculation and the number of
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Figure 2: Comparisons of per-layer execution latency and output
data size of different strategies.

(1) Input:
(2) N: number of layers in the DNN
(3) {Lt | t� 1,. . ., N}: layers in the DNN
(4) Agent (Lt): reinforcement learning agent predicting the output parameters and latency of executing Lt
(5) B: current wireless network uplink bandwidth
(6) E: current edge server load
(7) H: hardware accelerator’s feedback
(8) procedure THE FIRST STEP
(9) for each t in 1. . . N do
(10) Dt⟵Agentmoblie(Lt)

(11) Tm⟵
Hm Agentmoblie(Lt)

(12) Tc⟵
Hc,E

Agentcloud(Lt)

(13) Tt Tt⟵Dt/B
(14) end for
(15) return Partition point ⟶ Actionp

j � argminj�1...N 

j

k�1
Tmk + 

N

k�j+1
Tck + Ttj

⎛⎝ ⎞⎠

(16) procedure THE SECOND STEP
(17) for each t in 1. . . N do

if OptTarget ≥ min(Accuracy) then

(18) return Pruning ratio ⟶ Actiont Pt⟵
Hm,c Agent(Lt)

(19) end if
(20) end for
(21) return NULL

ALGORITHM 1: Automated model pruning and partition algorithm.

Table 1: *e configurations of device and edge accelerators.

Hardware Batch PE
array AXI port Block RAM

Device Zynq-
7020 1 8× 8 4× 64b 140× 36Kb

Edge
server VU9P 16 16×16 4× 256b 2160× 36Kb
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residual multiplier calculations, respectively. *e last column
shows the average inference time when the input test image set
is 32∗32. From the table, the inference latency acceleration of
the Cogent framework reached a maximum of 8.89×.

Since the loss of information in the feature mapping
pruning may affect the accuracy of the model, we study the
trade-off between the percentage of pruning parameters and
the accuracy of themodel. Figure 3 shows the trade-off between
the accuracy loss of Cogent and the percentage of pruning
parameters.*is curve represents the accuracy loss threshold of
the model implemented on the CIFAR-10 dataset, which
corresponds to the percentage of model pruning parameters by
the Cogent architecture. We observed that, for VGG19 net-
works, the percentage of pruning parameters less than 90% can
guarantee the accuracy loss less than 5%.

4.3. Impact of Network Bandwidth Variation. In this section,
we evaluate the resilience of Cogent to the variation in wireless
network bandwidth between terminal devices and the edge
server. In Figure 4, the purple line shows the wireless bandwidth
we configure through the traffic control (TC) infrastructure.
*e green and orange curves show the end-to-end latency of
the status quo method and Cogent performing VGG19 on
the mobile device platform, respectively. As you can see, the
status quo approach is easily affected by network bandwidth
variation, so application latency increases significantly during
the low bandwidth phase. In contrast, Cogent can effectively
adapt to variation in network bandwidth and provide consistent
low latency.*e main reason is that Cogent can dynamically
adjust the partition point and pruning ratio based on the
available bandwidth to change the amount of data transmission,
therebyminimizing the impact of network bandwidth variation.

4.4. Impact of Server Load Variation. In this section, we
evaluate how Cogent makes dynamic decisions to the vari-
ation in the edge server load, so we assume that the network
bandwidth is sufficient. Servers typically have high and low
traffic queries, and a high server load will increase in the
service time for DNN queries. Cogent makes the best decision
to meet the current load state by periodically sending query
information to the edge server to get the server’s occupancy
status. Figure 5 shows the end-to-end inference latency of
VGG19, which is implemented by the status quo method and
Cogent as the edge server load increases. *e status quo
method does not dynamically adapt to different server loads
and therefore suffers significant performance degradation as
the server load increases. On the other hand, by considering
the server load, Cogent dynamically selects the partition point
and pruning ratio to adapt well to the variation. In Figure 5,
two vertical dashed lines indicate that Cogent has changed its
computing strategy: from completely edge server execution at

low load to partitioning the DNN between the mobile device
and edge server at medium load and eventually completely
local execution on the mobile device when the load is above
80%. Cogent keeps the end-to-end latency of performing
image classification below 10ms regardless of the server load.
By considering the server load and its impact on server
performance, Cogent always provides the best latency re-
gardless of the variation in server load.

100 80 60 40 20 0
0

10

20

30

40

50

60

A
cc

ur
ac

y 
lo

ss
 (%

)
Pruned parameters (%)

Figure 3: Accuracy loss versus the percentage of the pruned pa-
rameter with Cogent.
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Figure 4: *e effect of bandwidth variation on end-to-end latency.

Table 2: Comparisons of pruned parameter ratio and latency speedup of different strategies.

Prune process Accuracy (%) Pruned (%) Parameter (M) Pruned (%) Mult-Adds (M) Time-32
VGGNET (baseline) 94.64 — 20.3 — 398.14 69.0641ms
VGGNET (status) 93.34 67.5 6.51 37.2 250.03 24.8501ms (2.78×)
VGGNET (cogent) 93.82 88.5 2.31 50.8 195.87 7.7703ms (8.89×)
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4.5. Impact of Hardware Architecture. In this section, we
evaluate the adaptability of Cogent to different hardware
accelerators. Because the behavior of different hardware is
very different, the performance of the model on the hard-
ware is not always accurately reflected by the proxy signal.
*erefore, receiving performance feedback directly from
the hardware architecture is important to adapt to the
operating environment of the model. *e experiment set
up four different hardware architectures: HW1: device
accelerator1, HW2: device accelerator2, HW3: device
accelerator3, and HW4: edge server accelerator. HW1 and
HW4 are already described in Section 4.1, HW2 is a
Raspberry Pi 3 with a quad-core 1.2 GHz ARM processor
and 1 GB RAM, and HW3 is a mobile device with 1
NVIDIA Quadro K620 GPU. As can be seen from Table 3,
a solution usually can only achieve optimal performance
on hardware architecture. *e Cogent framework we
proposed can use reinforcement learning to automatically
predict pruning and partition strategies based on given
hardware feedback so that it can adapt to different
hardware architectures. From the comparison results in
Figure 6, it can be seen that Cogent running the same
intelligent model can obtain better inference acceleration
on different hardware architectures, reaching a maximum

of 8.89×. Besides, the reason why the baseline method
performs better than the status quo method on HW4 is
that the baseline method has better adaptability to cloud-
based hardware architectures.

5. Conclusion

In this paper, we propose a device-edge synergy intelligent
acceleration framework Cogent based on reinforcement
learning. *e framework receives hardware configuration
and system status feedback in a learning-based manner, uses
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Figure 5: Cogent adjusts its partitioned execution as the result of varying edge server load.

Table 3: Inference latency of VGGNET on four hardware archi-
tectures under different strategies.

Inference latency
on

HW1
(ms)

HW2
(ms)

HW3
(ms)

HW4
(ms)

VGGNET
(baseline) 69.0641 69.1523 64.2927 16.2941

VGGNET (status) 24.8501 25.1915 19.9543 19.9781
VGGNET
(cogent) 7.7703 12.1214 11.4689 3.7743
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Figure 6: Comparison of latency speedup on four hardware ar-
chitectures under different strategies.
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DDPG agents to automatically predict model pruning and
partition strategies, and uses container technology to flexibly
deploy partitioned model blocks. *e Cogent framework
includes two operational phases: automated pruning and
partition phase and containerized deployment phase.
*rough the automatic pruning and partition stage of
Cogent, the amount of computation and data transmission
of intelligent model inference can be greatly reduced.
*rough the containerized deployment stage of Cogent, the
flexibility and reliability of the system can be greatly im-
proved. Our simulation results show that the Cogent accel-
eration framework has a significantly latency improvement
compared to the completely cloud-based method and the
representative partition synergy method when meeting user
accuracy requirements. Besides, the Cogent framework also
has better adaptability to network bandwidth, server load, and
different hardware architectures. In future work, we hope that
Cogent has user memory for the data cache and resource
requirements of service requests. In the stage of pruning and
partition of themodel, Cogent can adjust themodel according
to the user’s request habits to make the service more suitable
for the user’s personalization. User’s personalization is a
characteristic of the development of artificial intelligence
services.*e future service framework will only be recognized
by users if it develops in a direction that better suits the needs
of users.
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