EdgeML: An AutoML Framework for Real-Time Deep Learning
on the Edge

Zhihe Zhao™*, Kai Wang', Neiwen Ling" and Guoliang Xing"*
"The Chinese University of Hong Kong, Hong Kong SAR, China
$Duke University, USA

ABSTRACT

In recent years, deep learning algorithms are increasingly adopted
by a wide range of data-intensive and time-critical Internet of Things
(IoT) applications. As a result, several new approaches, including
model partition/offloading and progressive neural architecture, have
been proposed to address the challenge of deploying the computation-
intensive deep neural network (DNN) models on resource-constrained
edge devices. However, the performance of existing approaches is
highly affected by runtime dynamics. For example, offloading work-
load from edge to cloud suffers from communication delays and the
efficiency of progressive neural architecture supporting early-exit
DNN executions relies on input characteristics. In this paper, we in-
troduce EdgeML, an AutoML framework that provides flexible and
fine-grained DNN model execution control by combining workload
offloading mechanism and dynamic progressive neural architecture.
To achieve desirable latency-accuracy-energy system performance
on edge platforms, EdgeML adopts reinforcement learning to au-
tomatically update model execution policy in response to runtime
dynamics in real-time. We implement EdgeML for several widely
used DNN models on the latest edge devices. Comparing to existing
approaches, our experiments show that EdgeML achieves up to 8x
performance improvement under dynamic environments.
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1 INTRODUCTION

The recent advances of Internet of Things (IoT) technologies have
enabled a wide range of data-intensive and time-critical applications
such as autonomous driving [25], embedded computer vision [1], and
virtual reality [34]. These applications often require sophisticated
processing of large amount of sensor data within stringent time
constraints, which motivates the emerging trend of applying Deep
Neural Network (DNN) algorithms on edge and IoT devices [24].
In practice, state-of-the-art DNN models [39] incur significant
compute overhead, which imposes barrier for deploying them on
resource-limited edge and IoT platforms. Moreover, several afore-
mentioned applications are mission-critical in nature, and hence
must maintain a high level of model inference accuracy. Recently,
a few approaches have been proposed to address these challenges.
Model compression aims at accelerating the execution of a DNN
model locally. For example, filter pruning [23] accelerates the model
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execution via reducing the convolution calculation, and quantization
techniques adopted in [10, 36] use low-precision data representation
to speed up the model inference. In progressive neural architecture
[33], branches are inserted across the layers of the original model
such that different input data can exit at different branches during
DNN inference, leading to reduced compute workload. In addition
to these techniques focused on the optimization of local DNN exe-
cution, several approaches are proposed to accelerate the inference
through collaboration between edge and cloud. Specifically, part of
DNN compute workload can be offloaded to the cloud [17] and such
offloading decision can be dynamically adjusted [20, 22] .

However, the above approaches face several major challenges
when being applied in real-world applications. First, their perfor-
mance including timeliness and accuracy is inherently affected by
runtime dynamics. For instance, the fluctuations on communication
bandwidth between edge and cloud may make the workload offload-
ing strategy sub-optimal, incurring additional inference delay. The
changes of data characteristics, e.g., switching from bright scene to
dark scene for an image object detector, will cause dynamic end-to-
end delays in the progressive neural architecture since the inference
path may exit at different branches. Second, existing approaches
usually require careful consideration of model architecture as well
as optimization of a large set of model parameters, e.g., the model
partition point in workload offloading mechanism and compression
level in model compression approach. In order to maintain a de-
sirable trade-off between high-level model accuracy and bounded
inference latency in the presence of runtime dynamics, such opti-
mization decisions must be made in an online manner, which incurs
significant compute overhead.

In this paper, we propose a new automated machine learning (Au-
toML) [9, 38] approach called EdgeML to address these challenges.
AutoML is an emerging paradigm that aims to automate the pipeline
of DNN design, which has shown promise in several problems such
as automated model compression [14] and neural architecture search
[41]. Current AutoML solutions are largely focused on automated
model design and training on heterogeneous embedded platforms.
In this paper, we apply the principle of AutoML to address the
challenge of dynamic adaptation of model inference between the
edge and cloud. Specifically, EdgeML integrates model partition and
progressive neural architecture, which allows to explore the optimal
model execution policy that consists of branch thresholds in execu-
tion control of progressive neural architecture and the model partition
point in compute workload offloading mechanism. However, provid-
ing a fine-grained model execution control, such an approach leads
to a huge design space. Taking DNN model VGG16 as an example,
there can be up to 17 candidate model partition point choices, 3
branches and a threshold value at each branch ranging continuously
between 0 and 1. An exhaustive search of optimal execution policy
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in this solution space will take hours on off-the-shelf edge devices
like NVIDIA Jetson TX2 [31, 41], which makes it impractical for
online acceleration of DNN models. To address this issue, EdgeML
adopts a new Reinforcement Learning (RL) algorithm as an AutoML
framework, which is not only lightweight but also capable of auto-
matically optimizing DNN model execution policy in response to
runtime dynamics such as allowing more local compute workload
when communication bandwidth drops. Although reinforcement
learning has also been adopted in existing AutoML approaches, it
is used for automating the offline searching process of DNN model
parameters, instead of optimizing the online model execution policy
as in the EdgeML design. EdgeML leverages the historical execution
performance on the edge to train the reinforcement learning neural
network at runtime and hence produces new DNN model execution
policies in response to the current environmental conditions. As a
result, EdgeML can achieve a desirable performance of model accu-
racy, edge device energy and end-to-end latency under significant
runtime dynamics.

We have implemented EdgeML on latest NVIDIA edge devices
and evaluated it with two widely used DNN models VGG16 and
Resnet50. Quantitative results show that EdgeML outperforms state-
of-art collaborative DNN acceleration solutions by up to 8X on
meeting user requirements (i.e., bounds of latency and power) with
nearly no loss of accuracy (<0.2%). Moreover, EdgeML incurs little
compute overhead, which takes less than 2% of total end-to-end
delay of each execution cycle, while providing adaptive model exe-
cution control in response to environment dynamics.

The rest of the paper is organized as follows. Section 2 intro-
duces the background of EdgeML, Section 3 describes the system
overview of our proposed approach, Section 4 introduces the details
of our AutoML design for EdgeML system. Section 5 evaluates the
performance of EdgeML and Section 6 reviews the related work.
Section 7 concludes the paper and discusses future work.

2 BACKGROUND
2.1 Model Partition and Offloading

To achieve real-time performance and meet energy constraints on
edge devices, an efficient approach for accelerating DNN model
is to offload the compute workload to the cloud. Fig. 1 illustrates
the model partition and offloading for a typical DNN model. The
neural network is partitioned into two parts, and executed on the
edge and cloud respectively. As an advantage, workload offloading
supports flexible execution of a DNN model via adjusting the model
partition point and hence provides more opportunities to meet the
required runtime system performance. To adapt to the edge-cloud
communication channel condition, dynamic workload offloading
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Figure 2: An illustration of the progressive neural architec-
ture.

mechanisms have been proposed [11, 40], in which the amount of
transmitted data depends on how the DNN model is partitioned.

2.2 Progressive Neural Architecture

In progressive neural architecture (also known as branched model),
the DNN inference does not necessarily go through all the layers.
This approach enables the DNN inference to exit at a branch (i.e.,
early-exit), inserted to the original model [33], leading to a reduction
in model execution time. Such a design exploits the fact that different
input data has different “difficulty” level of processing (i.e., input
complexity) and the inference can stop early for easy input while
still being able to produce desired output.

Each inserted branch in the progressive neural architecture is a
classifier consisting of a few layers, which only requires a small
amount of additional memory space and compute time, compared
to the original DNN model. When reaching a branch during feed-
forward inference, the confidence of the classifier is measured by the
entropy of the classification results at the branch [33]. Meanwhile,
if this confidence does not exceed a predefined threshold value,
the DNN inference terminates at the branch, known as early-exit.
Therefore, the expected model inference time depends on the char-
acteristics of input data and the thresholds. The threshold at each
branch controls the exit rate, which is the percentage of executions
exited from the branch. We refer to the original neural network as
main branch and the inserted layers as side branches.

Fig. 2 illustrates the data flow in a branched model. The shortest
execution route corresponds to the first side branch, and it will be
firstly selected for execution once input data is fed into the model.
The result confidence of this route will then be calculated and com-
pared with the assigned threshold to decide if the execution can be
early completed. This progressive neural architecture enables easy
input to exit at an early branch (e.g., Exit 1 in Fig. 2), avoiding the
compute workload of the remaining layers or branches. Moreover,
this progressive neural architecture can adapt to dynamic input with
variable input complexity via adjusting the thresholds at branches.

3 SYSTEM OVERVIEW

We propose EdgeML to accelerate real-time deep learning task on
edge devices so as to fulfill user requirements on task latency, ac-
curacy and edge energy consumption. EdgeML uses an AutoML
framework to collaboratively combine the model partition and the
progressive neural architecture to reduce the compute overhead
on edge devices while achieving desirable latency-accuracy-energy
trade-off under dynamic environmental conditions.

The main challenge of EdgeML’s design is to adapt to runtime
dynamics. Firstly, the communication channel quality highly affects
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Figure 3: System overview of EdgeML.

the data transmission delay of model partition and offloading mecha-
nism. Secondly, in the progressive neural architecture, the expected
model inference time depends on the characteristics (or complexity)
of the input data. For example, switching from bright scene to dark
scene for image input might cause a longer inference time. Consider-
ing the communication dynamics and unpredictable characteristics
of the data input, EdgeML aims to jointly optimize the model par-
tition and offloading decisions and early-exit controls to meet the
performance requirements of users. Specifically, our problem can be
defined as follows.
max Accuracy(I) s.t.

Latency(I) < Lysyr, Energy(I) < Eysr M
where [ is a specified time interval, and the accuracy Accuracy(I),
task latency Latency(I) and energy consumption Energy(I) are aver-
aged over the processed tasks within time interval I. Specifically, the
latency is defined as the end-to-end task response time and the energy
indicates the consumed energy of edge device for computing the
task. The user-defined upper bounds on the task latency and device
energy consumption are denoted as L5, and Ey g, respectively.

The execution of EdgeML system contains two stages, offline
and online, as shown in Fig. 3. In the offline stage, the DNN model
is transformed in the progressive neural architecture and trained
locally. Firstly, a branched model is constructed by inserting several
branches across the layers of the original DNN model. Each branch
is further fine-tuned on the cloud to increase accuracy. Afterwards, a
series of model partition options are formed by selecting the partition
points at the granularity of the neural network layers to support a
fine-grained layer-level workload offloading. The branched model
and the model partition options are synchronized between the edge
and the cloud. The model execution policy, which consists of the
model partition points and the threshold for each branch will be
generated at run-time to determine how the DNN model processes
the input data.

In the online stage, EdgeML adopts an AutoML framework to
update the model execution policy dynamically via the cooperation
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between the edge and the cloud. Due to the huge solution space for
model execution policy and the dynamic environmental conditions,
EdgeML adopts a reinforcement learning (RL) algorithm to search
for the optimal execution policy at runtime. Each execution policy
consists of partition point, threshold at each branch and policy up-
date interval. The new execution policy is generated based on the
measured performance of the previous execution policies from the
edge, including the task latency, model execution accuracy, edge
energy consumption and edge-cloud data transmission rate.

During model execution on the edge, the input data will be pro-
cessed based on the configured execution policy. Specifically, the
inference starts at the main branch until reaching a side branch. The
assigned threshold value at the side branch determines whether the
execution can be terminated, i.e., whether the output generated at
the branch is accepted or not. If not, the execution process continues
on the main branch until the next side branch. Moreover, when the
execution process reaches the partition point at the main branch,
the intermediate inference data from the partitioned layer will be
transmitted to the cloud to offload the compute workload of the
remaining layers.

Our AutoML framework can also be extended for DNN model
execution control across different edge devices that are connected to
the could. Specifically, when a new edge device is present instead
of training the RL optimizer from scratch, EdgeML can transfer the
trained RL optimizer from an existing edge device to the new device,
which reduces compute overhead and delay. Directly transferring
the trained RL optimizer may cause serious performance drop, be-
cause even the same execution policy yields different performance
on different edge devices. EdgeML achieves efficient knowledge
transfer of RL optimizer via transferring the MDP(Markov decision
process) traces to the new device. Since RL learns the execution
policies in response to environmental factors instead of platform-
specific parameters, such a simple "knowledge transfer" strategy
allows EdgeML to accommodate heterogeneous platforms. We eval-
uate the effectiveness of this design in Section 5.3.3.
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Figure 4: Accuracy of the branches in the branched model.

4 EDGEML DESIGN

In order to meet the performance requirements under variable en-
vironmental conditions, EdgeML supports a dynamic DNN model
architecture by combining the model partition with progressive neu-
ral architecture and hence provides a wide variety of adjustments in
DNN model execution. As discussed in Section 2, variation in com-
munication channel condition between the edge and the cloud leads
to unpredictable data transmission delay in workload offloading.
Furthermore, variation in input characteristics leads to the change
of the expected exit branch and compute overhead on the edge. In
order to adapt to such dynamic environment conditions, we propose
a RL-based AutoML design that automatically updates the execution
strategy of the DNN model at runtime.

4.1 Offline Model Transformation

4.1.1 Branch Insertion. The side branches are inserted at equidis-
tant points of compute workload (i.e. FLOPs) across the original
neural network layers. We adopt the following rules to design the
structure of the side branches, which extends the existing approach
[33]. (1) Keep equal gradient of compute workload between the
adjacent execution branches by selectively choosing the layer in
main branch for branch insertion with the consideration of the addi-
tional compute workload incurred by the inserted branch; (2) Include
more fully connected layers for earlier branches and fewer layers
for later branches; (3) Each inserted branch only consists of fully-
connected layers. The purpose for adopting branched model is to
provide multiple execution options of the DNN model with different
compute workloads and accuracy. As a result, execution branches
with similar compute workload should be excluded, which leads to
rule (1). For rule (2), partitioning earlier branches in a DNN model
may significantly increase the transmission overhead because the
intermediate inference results from the first a few layers normally
have a large footprint. For rule (3), since fully-connected layers are
widely used as a classifier, we use them as the inserted branch, which
takes feature maps from the main branch as input and outputs the
inference results.

To illustrate the variable model accuracy in each side branch, we
conducted experiments with modified DNN model VGG16 [32] and
ResNet50 [13], shown in Fig. 4. Based on the original neural network
VGGI16, we insert 3 branches into the model and there are totally 4
exits. The inserted branches contain 3, 2, 2 fully-connected layers,
respectively. Note that the early-exit execution mechanism incurs
additional compute overheads, because to exit at a latter branch, all
the former branches must have been executed. In other words, the
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compute workload for each branch includes all executions of the
former branches. Thus, we place the branches across the original
layers to ensure that the actual compute workload when exiting at
each branch is proportional to the accuracy of the branch. From
Fig. 4 we can see that later branches with more compute workload
yields higher accuracy with almost linear correlation.

4.1.2 Model Partition. To support fine-grained workload offload-
ing, we preset a series of possible candidate model partition points
at the equidistant compute workloads across the neural network lay-
ers. In our design, the candidate model partition points are selected
only on the main branch. If the DNN model is partitioned at a side
branch, both the intermediate model inference results of the main
branch and the side branch should be offloaded to the cloud in case
inference does not exit at side branch, resulting in higher communi-
cation overhead and complicated design. For each selected candidate
model partition point, we synchronize the corresponding offloading
policy between edge and cloud in the offline stage so that the DNN
model execution at runtime can be flexibly switched between these
offloading policies in real-time.

4.2 Dynamic Model Execution Control

The branched model constructed in the offline stage supports a wide
variety of model execution policies at runtime, and hence provides
flexible opportunities to meet user requirements on latency, accuracy
and edge energy consumption. The purpose of the reinforcement
learning algorithm (also refer to as RL optimizer) is to provide an
automated and adaptive control on model execution policy over time.
The RL optimizer uses the collected execution performance data of
the historical execution policies from the edge to make near-future
decisions, i.e., generating a new execution policy.

We focus on addressing two different types of dynamics that af-
fect the runtime performance of EdgeML. Communication channel
quality (i.e., available bandwidth) directly affects the data trans-
mission delay, while the input characteristics (i.e., distribution of
easy/difficult input) affects the expected exit branch of model execu-
tion. We model the change of environmental conditions, i.e., com-
munication channel quality and input characteristics, as a Markov
decision process with unknown transition probabilities. However,
the input characteristics cannot be directly measured by the exit
branch of each execution, which not only depends on the input data
but also depends on the execution policy at runtime (i.e., config-
ured threshold values at the branches). Instead, we use the average
latency and energy measured during DNN execution rather than
the exit branch to quantify the input characteristics. For example,
more difficult tasks in the inputs will lead to the increase in compute
overhead on the edge and hence the increase in latency and energy
consumption, under the same execution policy and bandwidth. The
measured latency, energy and data transmission rate forms the state
of the MDP, which is then used to calculate a reward to quantify
the performance of the current execution policy. Afterwards, this
reward is used as feedback to train the reinforcement learning neural
network on the cloud, as well as to produce new execution policy.
The new execution policy is updated regularly in order to timely
respond to the change of environment conditions and also the change
of user requirements. In order to adapt to the rate of environmental



EdgeML: An AutoML Framework for Real-Time Deep Learning on the Edge

Energy

A

Tofﬁoading
Early-Exit

}Oﬂ‘loading L ’ -

-

l()ﬂ‘loading
TEarly-Exit

e ¥

Figure 5: An illustration of how EdgeML adapts to environ-
ments. The change in input characteristics and bandwidth
will cause the system’s transition to a new quadrant with cer-
tain actions, such as increasing/decreasing offloaded work-
load and early-exit model executions.

changes, the update rate of execution policy (which is equivalent to
Action Interval introduced later) is also learned by the RL optimizer.

Fig. 5 illustrates how RL optimizer responds to environmental
changes. The coordinate indicates the average latency and energy
consumption for the current execution policy. In particular, the coor-
dinate in the bottom-left quadrant corresponds to a feasible execution
policy that meets user requirements Ly, Eysr. When bandwidth de-
creases, the task latency will exceed Ly, due to higher transmission
delay. Therefore, the RL optimizer aims to find a new execution
strategy that has a latter-layer partition point, i.e., more workload
at the edge. Meanwhile, to compensate for the increase in compute
demand, the new strategy also raises the thresholds at the branches
to allow more early-exits during task executions. This will result in
system’s transition from bottom-right quadrant to bottom-left quad-
rant, and hence the new strategy can satisfy the latency and energy
constraints. Similarly, when the distribution of the input shifts to be
more difficult, more workload will be executed on the edge due to the
low probability to exit at early branches. Then, the RL optimizer will
switch to a new execution strategy that offloads more compute work-
load to the cloud and at the same time raises the thresholds at some
branches to allow more early-exit executions, resulting in system’s
transition from upper-right quadrant to bottom-left quadrant.

In the following, we define the notation for describing the RL
optimizer. Let C be the set of candidate partition points preset in
the offline stage. An execution policy (EP) consists of the model
partition point C € C and the threshold value G; of the j-th branch in
the branched model. The threshold value G; € [0, 1] in the branched
model controls the exit rate (i.e., the percentage of model execu-
tions that terminate at this branch) of the j-th branch. The model
partition point C determines the offloading policy, which affects
both the transmission latency and compute workload on the edge.
In summary, the RL optimizer aims to maximize the task accuracy
while satisfying the user requirements of task latency Ly and edge
energy consumption E ., as in Eq. (1).

4.2.1 State Space. The state of RL optimizer is used to estimate
the environment conditions. As both the input characteristics and
the communication channel quality fluctuate over time and are un-
predictable, a single measurement is not sufficient to represent the
current state of environments. Therefore, the reinforcement learning
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state s is defined in the average level during a time interval I,
which includes the average values (per task) of response time L(I;.),
the energy consumption on edge E(I;) and the data transmission
rate CH(I) during time interval Ij..

s = {L(I), E(Ix), CH(I) } @)

The state parameters are observable and measured during execution
of all inputs during time interval I, which is referred to as State
Interval. In state s, the combination of parameters L(I;) and E(I)
quantifies the average compute cost of all inputs in interval I;. on the
edge. As shown in Fig. 6, the state interval I;. contains several action
intervals (i.e., execution policies), where each action only takes
effect for a particular number of task executions. Two consecutive
state intervals Iy, I, have intersections on time domain, implying
that they are related in the sense that some action interval occurs
in both state intervals. Such a design can smooth the influence of a
single action to the whole state, which prevents the RL optimizer
from changing the execution policy back and forth.

Note that the parameters L(I;) and E(I;) also include the task
delay and energy consumption caused by the policy update operation
during time interval Ii.. This will prevent the RL optimizer from
frequently adjusting the execution policy when the environment
conditions are stable. In other words, apart from seeking for the best
execution policy, the RL optimizer also seeks for the best period of
time for each updated execution policy.

4.2.2 Action Space.

Each execution policy determines the parameters for the execution of
the branched model and we regard each update of execution policy
as an action. Each execution policy is assigned with a time period,
indicating the time duration that the model is executed under this
policy, which is also referred to as action interval. Therefore, an
action contains a particular execution policy and the corresponding
action interval. The k-th action ay is defined as

3

where Gy = {G;} includes the threshold values for all branches and
G; denotes the threshold value of the j-th branch. The threshold
values are normalized, that is G; € [0, 1]. The model partition point
Cy. is drawn from predefined set of candidate partition points C and
it corresponds to a layer in the main branch which will be partitioned.
Action interval Ty indicates that the action is valid for a time period
of length T, after which (i.e, expiration) a new action should be
triggered. Considering the dynamics of the input, T is measured by
the number of tasks executed under the execution policy given by
the action. In other words, T € {1,2,..., Njpax}, where Npax (€.2.,
Nmax = 5 in our experiments) denotes the maximum number of
executed tasks in one execution policy. To prevent from frequently
updating the execution policy, action interval T is learned by the
RL optimizer.

a = {Gy, Cr, Tx }
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To avoid inefficient optimization caused by the discrete properties
of action space, we consider continuous action space and round down
the floating values of partition point C. and time T into integers to
generate actions.

4.2.3 Reward Function. For a given action, a reward is calcu-
lated to estimate the performance of the execution policy given by
the action. Accurate performance estimation requires more input
samples that are performed under the current execution policy. How-
ever, in practice, to ensure rapid response to environment change,
the action interval Ty is normally small. Therefore, it is reasonable
to calculate the reward based on the tasks executed during the state
interval I, instead of action interval Ti.. To simplify the calculation,
in our design, the state interval I is defined to be the union of the
most g recent action intervals, i.e. [y = TH UTj_1 U ... UTj_g4;. With
this design, for any two consecutive states sg, sg,1, the two state
intervals Iy, I, will have intersection and hence connected.

The reward Ry (sg, ax) is calculated based on the average task
accuracy ACCyp, average task latency L and average energy Ey,
measured in state interval Ij..

BE; Ly < Lysr, Ex < Eysr

Rk (sk’ ak) = Y Lk > Lysr, Ek > Eysr  (4)

—% arctan(pnl)  else

Intuitively, we give positive reward when the performance of the
action (i.e., the current execution policy) satisfies both latency and
energy requirements, and negative reward otherwise. For the first
condition, when latency and energy both meet user requirement, we
aim to optimize the average task accuracy. Due to the fact that it
is difficult to evaluate the actual task accuracy for a real-life input,
we use the index of the exit branch of the input to quantify the
accuracy of the task execution. As shown in our experiments in
Section 4.1.1, the execution of an input that exits from an earlier
branch has a lower accuracy. Formally, BE;. indicates the expected
exit branch for a task under the current execution policy, which is
calculated by averaging the indexes of exit branches over interval I
of the task executions that satisfy the requirements of latency and
energy (i.e., first condition in reward function). Task exit rates from
an earlier branch can be controlled by its threshold, so that the RL
optimizer can make trade-off between accuracy and performance
constraints (i.e. latency and energy). In other words, the reward BEj
will guide the RL optimizer to decrease the threshold value so that
task execution are more likely to exit from a longer branch, under
the premise of satisfying the requirements of latency and energy.
For the second condition where both requirements are not satisfied,
we penalize this incorrect outcome with —y, which we set y = 11in
order to ensure that the degree of punishment is consistent with the
reward.

For the last condition, when only one user requirement (i.e., la-
tency or energy) is satisfied, we define the reward in this situation as
—% arctan(pnly) where pnliy is defined in Eq. (5) and it represents
the difference between the current latency/energy and the user ex-
pected requirement. We use arctan(-) function to map this difference
to fit the expected varying trend, and then multiply it with % for
normalization. Note that there are no weight coefficients for latency
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and energy requirements here, since they share the same order of
magnitude as shown in our experiments. When pnlj. is small, i.e.,
the requirements are nearly satisfied and the penalty is also small.
On the contrary, if pnly is large, it is bounded by 1 due to the nature
of arctan(-) function and such a design allows the RL optimizer to
explore Pareto Optimal strategies ! since one user requirement is
satisfied.
Pnlk — { Lk - Lusr s
Ek — Eusr,

ika > Lysr, Ek < Eysr

ika < Lysr, Ek > Eysr (5)

4.2.4 RL Agent. Due to the huge action space, we apply a variant
of deep deterministic policy gradient (DDPG) algorithm [26] to
generate action, which is based on the ‘critic-actor’ framework. The
‘actor’ model, combined with a random process (Ornstein-Uhlenbeck
process) to allow action exploration, generates action a based on a
given state s;. by a policy network p as follows.

ai ~ p(s) +OU (v, 0%) (6)

Similarly, the ‘critic’ model simulates function Q to estimate the
quality of action aj in form of Bellman function as below.

O (sp>ar) = B[R (sg ag) +yQ (Ser1s 1 (S41))] @)

Action value function Q is the expectation over the distribution
of the current reward R(sg,ar) and the estimated future reward
by executing the policy p sequentially over the period episodes.
With the calculated reward R(sg, ax) and the observed state s,
caused by action a, the actor model aims to generate new action
aj41 = H(sg41) such that the new expected reward caused by ap,; is
maximized, where the new expected reward Q(s, ai) is calculated
by the critical model Q according to Eq. (7). With the feedback from
the reward function R(sg, ai ), both the actor model and the critical
model are trained in a back propagation process from the approach
in [26].

4.3 Model Execution

Upon receipt of each RL action from the cloud, the edge updates the
corresponding execution policy of the branched model according
to the action. During model execution, the side branches will be
executed orderly once the input data is fed into the branched model
on the edge, until execution exits at some branch or partition point is
reached. For exit point at each branch, the softmax and entropy of the
output will be calculated based on the method from [33] to measure
the confidence level of the classifier of this exit point on the input. If
the calculated confidence does not exceed the predefined threshold
value (i.e., the result generated at the branch has high probability to
be correct), the execution will be terminated and the output result
from this branch will be returned as the model output. Otherwise, the
execution resumes on main branch and continues to the next branch.
When a partition point is reached and no output is returned, the edge
device then transmits the intermediate inference results from the
partitioned layer to cloud for computing the remaining layers of
the model. The execution in cloud is similar as on the edge device
because they share the same branched model and execution policy,
while the execution time in cloud is much shorter than that on edge
device.

!Here it means the strategy that satisfies one user requirement and meanwhile optimizes
the other user requirement.
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Cross-platform adaptation. When deploying EdgeML to a new
edge device, training the RL optimizer from scratch requires collect-
ing many training samples from the new edge device, which leads to
poor transit performance of EdgeML during this period. To address
this issue, we transfer the trained RL optimizer from an existing
deployed edge device to the new device. Intuitively, directly transfer-
ring the trained RL optimizer onto the new device for automatically
model execution control may cause serious performance drop. This
is because the same generated execution policy from RL optimizer
might yield totally different performance on different edge devices
due to the diversity in computing power and energy consumption
profiles.

To achieve more efficient knowledge transfer, we collect the MDP
traces of state, action, reward, subsequent new state during the
training process of the RL optimizer from the existing deployed
edge device, as described below.

[Slo Ak, R(ska ak)$ sk+1] (8)
We then mix these (additional) MDP traces with the collected MDP
traces from the new edge device together as training samples to train
the RL optimizer for the new edge device. These additional MDP
traces contain the knowledge of model execution control learned
from the existing deployed edge device, which can be adopted on
the new device and hence speed up the training process of EdgeML.

5 EVALUATION

We demonstrate the effectiveness of EdgeML by comparing with
several baselines and ablated variants of EdgeML. Moreover, we
demonstrate the adaptivity of EdgeML to environment changes,
including bandwidth and input characteristics. Finally, we analyze
the system overhead of EdgeML. The source code of EdgeML is
available at: https://github.com/Kyrie-Zhao/EdgeML.git.

5.1 Experimental Setup

Our edge platforms include NVIDIA Jetson TX2 and NVIDIA
Jetson Nano [31]. A cluster configured with a NVIDIA GeForce
GTX1070 GPU and 8-core 2.80-GHz Intel i7-7700HQ CPU served
as the cloud. To mimic the dynamic edge-cloud communication
channel conditions, we use the network tool wondershaper [3] to
adjust the network bandwidth between the cloud and the edge in
real-time.

We have developed EdgeML on top of TensorFlow. For RL opti-
mizer of EdgeML, we adopt a three-layer neural network architecture
to construct both the actor network and the critic network. For each
RL action, the generated execution policy is executed on the edge
for one epoch, after which a new execution policy is required. The
number of images processed in one epoch is also referred to as the
interval. The RL state is computed at the end of each epoch based
on the measured performance during the most recent 3 epochs, i.e.,
one state interval contains 3 epochs. To evaluate the generality of
EdgeML, we choose two representative DNN models (i.e., VGG16
and ResNet50) as original neural network, and select two datasets
that are widely used for mobile vision (i.e., CIFAR-10 [19] and
CIFAR-100 [19]).
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Evaluation Metrics. We use four metrics to evaluate the per-
formance of EdgeML: accuracy, latency, GPU frequency and Sat-
isfaction Rate (SR). Accuracy is the top-1 accuracy of the model
execution and /atency is measured as the end-to-end delay in process-
ing an input (e.g., an image). We use GPU frequency to quantify the
power of edge device, which is reasonable because there usually ex-
ists approximately linear correlations between power and frequency
[7, 35]. We use SR to represent the percentage of executions that
satisfy the latency and energy constraints imposed by users. Note
that for all the following experiments, the user bounds on latency
and GPU frequency are set as 0.1s and 1.2 GHz, respectively.
Baselines. In order to validate the effectiveness of the EdgeML,
we compare the performance of EdgeML with three types of base-
lines: 1) Ablated EdgeML. We consider three ablated variants
of EdgeML, denoted as EdgeML-T1, EdgeML-TL and EdgeML-
NonBranch respectively. Edge-NonBranch refers to EdgeML with-
out an early-exit mechanism, which means that no branch is added
to the original model. In EdgeML-T1, the threshold values at all
side branches are rounded down to be the same as the first branch.
Similarly, for the ablated variant EdgeML-TL, the threshold values
at all the side branches are rounded up to be the same as the last
side branch of EdgeML. EdgeML-T1 and EdgeML-TL represent a
typical static early-exit approach where the decision of exiting differ-
ent layers is controlled by a single threshold [20]. 2) Neurosurgeon.
To reflect the advantage of dynamically adjusting execution policy
in EdgeML, we compare EdgeML with the approach that based
on static workload offloading mechanism (i.e., Neurosurgeon [17]),
which is one of the state-of-the-art DNN offloading frameworks.
Referring to the design of Neurosurgeon, we iterate all the partition
points at run-time and choose the best offloading policy that achieves
a desirable satisfaction rate and overall accuracy for execution. 3)
MOEA. We design a baseline based on multi-objective evolutionary
algorithm (MOEA) to evaluate the effectiveness of RL optimizer
in EdgeML. MOEA baseline adopts the Non-dominated Sorting
Genetic Algorithm III (NSGA-III) [5] to replace the RL optimizer
in EdgeML. NSGA-III has been shown effective in finding efficient
solutions for a wide range of complex nonlinear optimization prob-
lems and has been successfully applied to real-world engineering
problems [30]. To apply NSGA-III in our problem, we transform the
energy and latency constraints into objective function, i.e., minimiz-
ing latency and on-device power consumption while maximizing the
accuracy.

5.2 Overall Performance Analysis

5.2.1 Model and Platform Applicability. In this section, we
demonstrate the effectiveness of EdgeML for different DNN models
and applications scenarios. We choose three applications, each of
which (i.e., VGG16-CIFAR19-TX2) consists of model type, dataset
and edge platform. We compare the overall performance of EdgeML
with baselines introduced in Section 5.1. Each baseline is evaluated
for 5000 epochs, the mean and variance of the experiment results
are presented in Fig. 7.

We observe that compared with baselines Neurosurgeon and
MOEA, EdgeML achieves a satisfaction rate 1.43x, 8x better on
VGG16-CIFAR10-TX2, 4%, 2.62x on ResNet50-CIFAR100-TX2
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and 2.95%, 2x on VGG16-CIFAR10-Nano. However, we also ob-
serve that the accuracy achieved by EdgeML is slightly lower than
the other two baselines. For example, EdgeML yields 0.7% lower
accuracy than that of Neurosurgeon on ResNet50-CIFAR100-TX2.
This is because EdgeML searches for the most effective strategy that
trades accuracy for latency to meet user requirements. In general,
EdgeML has better performance regardless of DNN model type,
dataset and edge platform.

5.2.2 Bandwidth Adaptability. To demonstrate the effectiveness
of EdgeML under various communication conditions, we compare
the performance of EdgeML to four baselines, MOEA, Neurosur-
geon, EdgeML-T1 and EdgeML-TL under the settings of high band-
width and low bandwidth, respectively. We set the high bandwidth to
about 15 Mbps and low bandwidth to about 6 Mbps, each alternating
for 500 epochs, and we show the statistical results of five alternates.

We firstly demonstrate the effectiveness of the RL optimizer in
EdgeML by comparing it with MOEA and the effectiveness of
dynamic workload offloading adopted in EdgeML by comparing it
with Neurosurgeon. Fig. 8 shows the comparison results of latency
and GPU frequency performance across high and low bandwidth
periods. We make two observations. First, EdgeML shows the most
robust performance against different levels of bandwidth, since the
results above the user bounds are significantly fewer than MOEA and
Neurosurgeon. Second, It can be observed from Fig. 8 (¢) (d) that
MOEA shows some adaptability especially on GPU frequency, while
sacrificing significantly on latency performance, This is because that
the action space for MOEA to search is too large, and hence can
easily converge to local optimal when the environment does not
change.

During low bandwidth periods, both EdgeML-T1 and EdgeML-
TL can adapt to the bandwidth variations, with fewer results above
the user bounds. However, from Fig. 9 (c), the average accuracy
achieved by these two baselines are lower than EdgeML. It is also
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observed that EdgeML-TL generally performs better than EdgeML-
T1 and worse than EdgeML.In general, the results show that the
adaptive setting of multi-threshold mechanism adopted by EdgeML
outperforms the "one-threshold-for-all" mechanism.

Fig. 9 (a) and (b) show the comparison of average reward and
average satisfaction rate among these baselines. We can see that
EdgeML significantly outperforms other baselines. It is also ob-
served that the average reward is basically positively correlated to
the average satisfaction rate. Therefore, the achieved high reward
is directly translated into the system performance improvement at
runtime. Fig. 9 (c) shows the comparison of the average accuracy.
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We observe that compared to Neurosurgeon, which does not sup-
port trading accuracy for latency, EdgeML only sacrifices <0.2%
accuracy. At the same time, EdgeML yields the highest accuracy
compared to other baselines. Note that since we measure the accu-
mulative average accuracy in this experiment, the traces basically
maintain stabilized after 1000 epochs.

5.2.3 Impact of Input Variation. In this part, we demonstrate
the adaptive performance of EdgeML in the presence of changes
of input characteristics. We manually split the initial CIFAR-10
dataset into two sub-datasets: easy and hard. Specifically, we use
VGG16 to quantify the difficulty level of each sample in the dataset.
Among all correctly classified instances, according to the value of
confidence, we categorize the top 60 percent of them as the easy.
The remaining instances in the dataset, including those with wrong
labels, are categorized as the hard. We validate the performance of
EdgeML by comparing it with EdgeML-NonBranch on the easy and
hard sub-datasets. Fig. 11 shows that, in terms of accuracy, EdgeML
outperforms EdgeML-NonBranch by 1.2x on the easy dataset and
1.21x on the hard dataset. Meanwhile, a 1.07x gain is achieved
on easy dataset over hard dataset based on EdgeML and a 1.08x
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gain is achieved based on EdgeML-NonBranch, which shows the
adaptability of our framework.

5.3 Adaptive Performance of EdgeML

5.3.1 Impact of Network Bandwidth Variation. In this section,
we demonstrate that EdgeML can adapt to dynamic bandwidth.
To create dynamic bandwidth variations, we set a period of low
bandwidth (7Mbps) during 200-400 and 600-800 epochs and normal
bandwidth (15Mbps) through the rest epochs (1000 in total), which
is shown in Fig. 10 (d).

Fig. 10 (a) and (b) show results of latency and GPU frequency,
while Fig. 10 (c) and (d) show the corresponding action sets gener-
ated by the RL optimizer versus bandwidth variations. We note that
during the first period of low bandwidth (200-400 epoch), the latency
has a slight decrease, and the average latency is 0.29s for 200-310
epoch and 0.218s for 310-400 epoch. The GPU frequency increases
considerably during 200-310 epochs and decreases drastically start-
ing from around the 310th epoch. Observed from Fig. 10 (c), we
can find that the partition points also exhibits fluctuations. The vari-
ance of partition points in this period is 30.94 (while the variances
of the three thresholds are 0.145, 0.15, 0.161 respectively). These
fluctuations in this period are the result of RL optimizer exploring
new action for adapting to new bandwidth. The sharp decrease of
partition point at around 300 leads to the decrease of GPU frequency.

During the second period of low bandwidth (600-800 epoch),
the system is considerably more adaptive to this bandwidth varia-
tions. The average latency for the period 600-800 epoch (0.057s)
is 5.1x better than in 200-400 epoch (0.251s) while the average
GPU frequency for the period 600-800 epoch (1.02 GHz) is 1.33x
better than in 200-400 epoch (1.36 GHz). This is because the RL
optimizer will explore new action space with its greedy mechanism.
Gradually, it will find the optimal action sets that do not cause signif-
icant variations on the policy, resulting in a stable performance. This
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assess the responsiveness of EdgeML in adapting to dynamic net-
work conditions, we collected a real-world bandwidth trace from
a mobile phone (iPhone X [2]). The trace contains time series of
network bandwidth variability during different user activities, which

Figure 13: Cross-platform performance of EdgeML.

cover a few different spatial locations such as basement and kitchen, In the experiment, we first train the RL optimizer on NVIDIA
where Fig. 12 (d) shows that the trace exhibits significant dynam- Jetson TX2 for 1000 epochs, and then transfer the MDP traces to
ics, reflecting the diverse signal coverage levels. EdgeML executes the target device (NVIDIA Jetson Nano). We adopt VGG16 as the
VGG16-CIFAR10 with NVIDIA TX2. Fig. 12 (a) (b) (c) show the test model and CIFAR10 as the evaluation dataset. We compare our
latency, GPU frequency and partition point traces. At low band- transferred method with the baseline which trains the RL optimizer
width (<10 Mbps), especially during 0-250 epochs, the RL optimizer from scratch on the target device. The results of cumulative average
adopts a remote-execution policy, falling back the partition point accuracy and satisfaction rate of the transferred VGG16-CIFAR10
from 15 to 2 in average. Nonetheless, the average latency and GPU application on the target device is shown in Fig. 13. The first 200
frequency correspondingly fall beneath the user bounds. After 250 epochs in Fig. 13 suggests that our approach can adapt to the target
epochs, although there exists some cases that either latency or GPU device and achieve better performance than baseline. From Fig. 13
frequency exceeds the bound (e.g. around epoch 425 for GPU fre- (a) we also observe that there is a search process at the very beginning
quency), the optimizer can find the optimal action sets by leveraging of the deployment of our method. This is because the computing
the learned prior knowledge, leading to the rapid system conver- power on Nano platform is substantially weaker than TX2 platform,
gence. and thus the execution policy generated by the original RL optimizer

may not be efficient on the new platform (Nano) anymore. However,
5.3.3 Platform Adaptation. When deploying EdgeML to a new our method can quickly adapt to the new device compared with the

edge device, a naive way is to train the RL optimizer of EdgeML baseline train-from-scratch (0-200 epoch). SR shown in Fig. 13 (b)
from scratch. To speed up the deployment of EdgeML, we discussed is the satisfaction rate of the complete execution process from the
the approach of transferring RL optimizer from a deployed edge beginning. It can be seen that the gap between the two curves tends
device to a new device in the Section 4.3. In this section, we will to saturate after convergence. We also set different bandwidth to
show that this knowledge transferring mechanism allows EdgeML show the robustness of two methods. When the bandwidth decreases
to quickly adapt to changes in compute resources caused by device (400-600 epoch), our method yields a better robustness than the
migration. baseline train-from-scratch as shown in Fig. 13 (b).
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5.4 Overhead Analysis

Under all settings of DNNs and datasets, the RL optimizer executes
in average 20 ms/epoch. The execution time includes reading data
from memory buffer in RL, computation of RL inference, storing
MDP trace and returning new action policies found. When the system
performance converges (e.g. at around 450 epoch in Fig. 12), the
interval at that RL optimizer is invoked will increase (i.e., maximum
5 steps/epoch). To further minimize the overhead, we employ multi-
thread programming to parallelize part of the RL calculation with
the DNN inference on server, which reduces the execution time of
RL to 7 ms/epoch. Overall, the optimzer’s execution time is within
2 percent of the system’s end-to-end latency. On the other hand,
EdgeML takes more hard disk space than original DNN models due
to the existence of branches. For example, EdgeML takes 1.2x and
1.365x the storage than those of original ResNet50 and VGG16,
respectively.

6 RELATED WORK

DNN acceleration has attracted significant attention in recent years
due to the growing interests of running deep learning tasks on
resource-constrained platforms. Recent chips like Nervana Neural
Network Processor (NNP) [18] and Tensor Processing Units (TPU)
[16] can accelerate both training and inference process of DNN.
At algorithm level, Winograd Algorithm [21, 37] and FFT based
methods [6, 29] are proposed to accelerate convolution operations
in DNN inference. These solutions are complementary to our work,
which can be integrated in EdgeML design.

Extensive efforts are made on making deep learning tasks afford-
able on IoT and edge platforms. One of the most prevalent methods
is to reduce the resource demand of DNN model via compression,
which usually leads to a modest loss in accuracy. Knowledge Dis-
tillation [4, 15] trains a compact model with information from the
original complex one, effectively reducing the compute overhead.
However, the need of pre-training makes it less applicable to dy-
namic environments. A number of pruning methods [12, 28] over-
come the issue of pre-training. Although they can reduce the model
size through selectively removing neurons, they do not usually lead
to lower compute overhead. Filter pruning [23] can effectively re-
duce the computation cost by pruning the whole filter set based on
the importance. Although above techniques reduce the overhead of
DNN execution, they are not designed to optimize the performance
of DNN in the presence of dynamics of input data and resource
budget. Extending the static model compression approach, several
efforts [7, 8, 27] proposed dynamic neural networks that allow se-
lective execution to improve DNN compute efficiency. D2NN [27]
optimizes dynamic resource-accuracy trade-offs, while its compli-
cated network structure incurs significant memory overhead, making
it ill-suited for resource-constrained platforms. BranchyNet [33]
proposed a dynamic neural network architecture with added blocks
and branches. EdgeML leverages this approach to achieve dynamic
selective execution of DNN via proper early-exit control. In [11], dy-
namic workload offloading polices are proposed for executing DNN
models either on cloud or locally, which do not account for dynamic
communication delay. Neurosurgeon [17] predicts the latency and
power consumption of each layer, and automatically partitions DNN
at the layer granularity for workload offloading. EdgeML adopts a
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similar idea as Neurosurgeon to dynamically partition DNN model
based on its hierarchical architecture. Different from the heuristic
partition approach in Neurosurgeon, EdgeML searches for the opti-
mal joint partition and early-exit control decisions, using a principled
reinforcement learning algorithm, which addresses unpredictable
communication delay and dynamics in data input.

AutoML is an emerging paradigm that aims to automate the
pipeline of DNN design. He et al. [14] applies AutoML approach to
achieve fully automated model compression, by searching and pre-
dicting the layer redundancy. Zoph and Le [41] introduce AutoML
approach for neural architecture search, maximizing the average
accuracy of the generated neural architectures. Similar to several ex-
isting AutoML solutions, EdgeML also adopts reinforcement learn-
ing for automated decision making. However, different from current
works on AutoML that focus on automated model design, EdgeML
applies the principle of AutoML to dynamically optimize the model
execution policy and in real-time.

Similar to our work, Edgent [22] integrates the workload of-
floading and progressive neural architecture. However, it is based
on simplistic system models, e.g., only a single branch is allowed,
which cannot fully exploit the benefit of progressive neural archi-
tecture. Most recently, SPINN [20] also adopted this combined ap-
proach and considered multiple early-exit branches to allow flexible
model inference. Compared to SPINN, EdgeML presents two major
novel designs. First, SPINN uses a single threshold for all inserted
branches in the progressive neural architecture, while each branch is
assigned with an independent threshold in EdgeML, which leads to
substantial performance improvement as shown in our experiments
(Fig. 9). Second, SPINN employs a multi-objective optimization
approach for generating execution policy, which may not be effi-
cient for coping with huge solution space incurred by the continuous
threshold values and model partition points. In contrast, EdgeML
adopts reinforcement learning-based AutoML framework to dynam-
ically optimize the execution policy, which not only enables more
flexible adaptation of model inference between the edge and cloud in
dynamic environments, but also accommodates different platforms
via knowledge transfer. We validated these advantages of EdgeML
in our experiments, in comparison with a baseline solution MOEA
that is designed based on a multi-objective optimization approach
similar to SPINN.

7 CONCLUSION AND FUTURE WORK

In this paper, we propose EdgeML, an AutoML framework that
accelerates deep learning tasks on edge devices so as to fulfil user
requirements on task latency, accuracy and edge device energy con-
sumption. EdgeML combines the workload offloading mechanism
and the progressive neural architecture to support flexible DNN
model execution policies on the edge. The RL-based framework can
allow EdgeML to automatically adapt to the environmental varia-
tions such as communication channel conditions between the cloud
and edge devices, as well as dynamic input characteristics.
EdgeML represents the first framework that supports online Au-
toML framework for edge computing applications. It allows adap-
tive environment-aware network structures that can run with limited
resources on edge and IoT devices. In our experiments, we eval-
uate two widely studied DNN models VGG-16 and ResNet-50 in
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EdgeML. However, EdgeML can also be integrated with many other
DNN models.

As illustrated in Section 5.4, the early-exit mechanism can bring
high compute overhead, especially when there are more exit paths
in the DNN models. A possible improvement is to parallelize the
computation of branch execution, allowing the model inference to
continue at the cross of side branch and main branch. However, this
solution may incur more memory and storage space.

In the design of RL optimizer, we make the assumption that the
DDPG algorithm will learn the inner transition knowledge under
the dynamic environment (e.g., network bandwidth variations). Al-
though DDPG is known to have strong mathematical guarantees
regarding fast convergence to the optimal policy, its stability in a
dynamic environment has not been well understood, which will be
investigated in our future work.
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