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Abstract: In computer vision applications, mobile devices can transfer the inference of Convolutional
Neural Networks (CNNs) to the cloud due to their computational restrictions. Nevertheless, besides
introducing more network load concerning the cloud, this approach can make unfeasible applications
that require low latency. A possible solution is to use CNNs with early exits at the network edge.
These CNNs can pre-classify part of the samples in the intermediate layers based on a confidence
criterion. Hence, the device sends to the cloud only samples that have not been satisfactorily classified.
This work evaluates the performance of these CNNs at the computational edge, considering an object
detection application. For this, we employ a MobiletNetV2 with early exits. The experiments show
that the early classification can reduce the data load and the inference time without imposing losses
to the application performance.
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1. Introduction
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Deep Neural Networks (DNNs) are currently used as an effective solution for multiple complex problems, especially those from computer vision [1]. The effectiveness of
DNNs arises from the ability to extract non-linear information from the underlying data
distribution by executing a training step over a database. As such, DNNs usually achieve
better performance than rule-based solutions on scenarios with an expressive number
of variables [2]. Among typical use cases, it is possible to observe the implementation
of Intelligent Transport Systems (ITSs), on which different participating devices produce
highly heterogeneous data. These devices may have hardware limitations and can be used
to sense the environment or even to control a vehicle [3].
The increasing requirements in performance impose deeper and consequently more
complex configurations for DNNs. As a consequence, more computational power is needed,
representing a challenge for resource-constrained devices [4]. In ITS scenarios, mobile
devices with constraints on computational and energy resources are often used to cite
an example. To circumvent this issue, we can employ a traditional approach that moves
computational tasks to the cloud, allowing mobile devices to transfer the burden of running
the DNN [5]. This solution, however, has challenges when considering network load and
inference time. Mobile devices must send the collected data to the cloud, adding network
bottlenecks and increasing inference time. Additionally, this approach faces well-known
resiliency issues, given the centralized computation at the cloud [6], and exposes users’
private data. These risks impact on applications that directly operate in critical scenarios,
such as autonomous driving and healthcare [7,8].
Early-exit DNNs, such as BranchyNets [9,10], emerges as a possible solution to the
cloud centralization problem. These DNNs can perform early inference by leveraging side
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branches inserted in predetermined intermediate layers. This new structure allows these
DNNs to stop inference if the classification confidence obtained in a side branch is superior
to a threshold. Since there is no need to go through all the layers of a DNN, we can leave
part of the DNN’s layers at the network edge and part at the cloud. As a consequence,
the use of early exits can reduce the overall inference time and, in the meantime, avoid
data transmissions to the cloud. While strategies regarding side branch positioning in
DNNs are under investigation [11], the performance evaluation of these strategies is still
an open issue.
This paper evaluates the impact of different parameters on the number of samples
classified at the network edge. We focus on the threshold value used to determine the
confidence target for sample classification at each side branch, the number of side branches,
and their position at the DNN. The configuration of these parameters must consider the
tradeoff between inference time and confidence. For instance, low confidence threshold
values increase the number of sample classifications at the network edge, reducing the
inference time. Nevertheless, the inference confidence can be positively affected by the
number of DNN layers used. Yet, adding more side branches to the DNN can increase
the chances of earlier classification, but at the cost of additional processing time. Each
side branch introduces more computations to the inference process, possibly hindering the
gains in classification confidence after a specific practical limit. In this case, it may be more
advantageous to offload the data to the cloud for further DNN processing.
This work considers a Convolutional Neural Network (CNN), a DNN type widely employed in computer vision. More specifically, we employ a MobileNetV2 [12] model using
the Caltech-256 image recognition dataset [13]. First, we add side branches to MobileNetV2,
investigating how the number of side branches affects the chances of classifying the image
at the edge, when varying the confidence threshold. Next, we perform experiments using
Amazon EC2 instances to check how these choices affect inference time. Using a real edgebased scenario, we show that employing an early-exit DNN can reduce the inference time
by approximately 27% to 61% compared to a cloud-only processing scenario. In this last
one, the cloud processes all DNN layers. Moreover, we show that the confidence threshold
configuration plays a key role to determine the inference time. Therefore, adjusting this
threshold is vital to balance inference time and classification confidence. Finally, we show
that inserting side branches indiscriminately saturates the number of images classified on
them, serving only to introduce processing delay.
The remainder of this article is organized as follows. Section 2 reviews the related
work. Section 3 briefly reviews convolutional neural networks and early-exit DNNs,
discussing our design choices and the DNN architecture with part of the layers at the
edge and part of the layers at the cloud. Next, Section 4 presents the methodology used to
analyze early-exit DNNs in an edge-based scenario. Section 5 discusses the experimental
results, emphasizing the impact on the overall system performance of different parameters.
Section 6 evaluates the early-exit DNNs in a real edge-based scenario and demonstrates
that employing early-exit DNNs can reduce inference time. Finally, Section 7 concludes
this work and presents future research directions.
2. Related Work
Cloud-based and edge-computing-based solutions create contrasting challenges for
applications deployed at the network edge [14,15]. In mobile scenarios, on the one hand,
cloud computing becomes dependent on network conditions, which can be an obstacle to
applications with low latency requirements. On the other hand, edge devices can introduce
computing delays because of hardware limitations compared with the cloud. Several
approaches to accelerate DNN inference at the edge devices, including a hardware-based
approach that uses hardware implementation to tackle this issue [16]. For example, Eyeriss
v2 [17] designs an accelerator for DNNs on mobile devices, while Karras et al. [18] employ
an FPGA board to accelerate DNN inference. However, this paper focuses on tackling the
DNN inference acceleration using DNN partitioning.
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DNN partitioning determines which DNN’s layers must be processed at the network
edge and which layers can be processed at the cloud. As such, Kang et al. propose the
Neurosurgeon system, which builds a predictive model to determine layer-wise inference
times at the edge and the cloud [19]. Neurosurgeon performs an exhaustive search to
determine which partitioning scheme minimizes inference time. In a different approach,
Hu et al. propose DADS (Dynamic Adaptive DNN Surgery), a system that models DNNs
as graphs and handles DNN partitioning as a minimum cut problem [20]. Both works strive
to minimize the inference time by finding the appropriate partitioning scheme, but they do
not focus on the model performance.
Unlike previous works, Pacheco and Couto approach optimal early-exit DNN partitioning between edge devices and the cloud to minimize inference time [21]. To handle that,
the authors model early-exits DNNs and possible partitioning decisions as a graph. Then,
they use the graph to solve the partitioning problem as a shortest path problem. Their
work employs a well-known CNN called AlexNet [22]. In another work, Pacheco et al.
propose early-exit DNNs with expert side branches to make inference more robust against
image distortion [23]. To this end, they propose expert side branches trained on images
with a particular distortion type. In an edge computing scenario with DNN partitioning,
they show that this proposal can increases the estimated accuracy of distorted images on
edge, improving the offloading decisions. Both works focus on decision-making aspects of
early-exits, having a different focus than the present work. Hence, they do not perform
a sensibility analysis, considering the impact of the number of side branches and the
confidence threshold. Laskaridis et al. considers the confidence threshold in their study,
but with a fixed number of side branches [11].
Passalis et al. use the concept of feature vectors to leverage the relationship between
the vector content learned from previous side branches to predict samples at the deeper
layers of the DNN [24]. Their proposal is evaluated using five different datasets and
implementing a hierarchical chain of side branches. They achieve superior performance
when compared to independent early-exit implementations. However, despite their contribution to aggregation methods, i.e., methods that use information learned from previous
side branches, the learning model is not generalized to low latency applications. This
occurs because the results computed by a side branch must finish before the computation
performed by the deeper layers can take place.
Early-exit DNNs have been deployed in different scenarios. In industrial settings,
for instance, it is possible to observe multiple applications. Li et al. implement DeepIns to
minimize latency on industrial process inspection tasks [25]. Their system leverages the
concept of early-exit DNNs directly. Nevertheless, the hardware limitations of industrial
edge devices are far less expressive than other IoT-based scenarios. Furthermore, DeepIns
does not evaluate the use of multiple early-exits inside the local network or even at the
edge device. Instead, the authors try to optimize the system performance by using a single
decision point. At this possible exit point, the data can be directly inferred or sent to
the cloud.
Finally, in the same way as [11,21,23], we consider early-exit DNNs employed in an
adaptive offloading scenario with DNN partitioning. In this case, an early-exit DNN model
is split into two parts. One part is processed at the edge, while the second is processed at
the cloud server. Unlike the previous works, we analyze how much early-exit DNNs can
reduce the inference time to make feasible latency-sensitive applications.
3. Early-Exit Neural Networks at the Network Edge
Recent developments on DNNs have proved their applicability for several computer
vision tasks, such as image classification and object detection. Many of these modern
computer vision applications demand high responsiveness [26], i.e., they require DNN
inference to be performed as quickly as possible. In autonomous driving, for instance, this
requirement is around 300 ms [27]. In a cognitive assistance application, the maximum
latency tolerated can be as low as 100 ms [28]. Hence, alternatives to accelerate inference
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tasks can be considered as enablers of low latency applications. This is indeed the role of
early-exit DNNs at the network edge.
3.1. CNNs in a Nutshell
Before we address early-exit DNNs, a quick review of neural networks (NN) is appropriate. Neural networks are versatile machine learning tools that can adapt to data
with little or no preprocessing [29]. They are constructed in a layer-wise fashion, with each
layer having a number of computational units, known as neurons. Each neuron receives a
number of inputs, which are combined and applied to a nonlinear function. These neurons
connect with each other. The weights of these connections determine the computation to
be performed once the NN is trained. To derive more complex models, it is common to
construct NNs with multiple layers. These deeper models are referred to as DNNs.
A common DNN realization is to make neuron connections to subsequent layers.
NNs of this type are called feedforward, as the data flows through the layers in a single
direction from the input to the output layer, meaning that there are no cycles. One of
the simplest feedforward implementations employs fully connected layers, in which each
neuron connects with all the neurons of the next layer. It is possible to construct a more
suited layer for processing well-structured data, such as images [30]. We can achieve this
by making the connections more localized. Hence, each neuron connects with the closest
neurons in the DNN architecture and share the weights across each of these groups of
connections. This layer is called a convolutional layer, as this group of connections forms a
set of weights, known as a convolutional filter, that slides across the data [2].
3.2. Early-Exit DNNs
Features extracted at shallower layers, i.e., layers closer to the DNN input layer, can
be rich enough to classify part of the samples from a dataset [9,11,24]. Early-exit DNNs
exploit this fact by processing these features in an early attempt to perform predictions.
By using this mechanism, some samples can be predicted without being processed by
the entire DNN, which can greatly reduce the inference time. To enable this approach,
early-exit DNNs must have side branches positioned at intermediate layers. Figure 1
illustrates a generic early-exit DNN architecture. In this figure, the grey vertices, labeled as
vi , represent the layers of the main neural network, called the DNN backbone, while the
red vertices bi represent the side branches, also called side branches. These side branches
enable early sample classification if the prediction confidence is above some predetermined
confidence threshold.

v1

v2
b1

...
bi

vk

vk+1

...

vN

bk

Figure 1. Generic representation of an early-exit DNN.

In this paper, we follow the procedure proposed by BranchyNet for early-exit DNN
training [9]. Once trained, early-exit DNNs can receive an input image for object classification. This input image is processed, layer-by-layer, until it reaches the i-th side branch bi .
On the side branch, the data goes through a set of fully connected layers producing an output vector, which we denote by zi . Then, the early-exit DNN computes a probability vector
pi = softmax(zi ) ∝ exp(zi ), where each vector element corresponds to the probability that
the object is of a particular class.
Next, for each input image, we can obtain the classification confidence as max pi
and verify if the confidence is greater than or equal to a given confidence threshold ptar .
If so, the i-th side branch can classify the image as follows ŷ = arg max( pi ), where ŷ
corresponds to the inferred class. In this case, the DNN inference terminates, and no
further data processing is required throughout the remaining DNN layers. In this case,
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early classification can reduce the inference time. However, suppose the confidence value is
less than ptar . In that case, the input image must continue throughout the remaining DNN
backbone layers until it reaches the next side branch, where the same procedure is repeated.
If none of the side branches produces confidence greater than or equal to ptar , the image
is processed by the remaining DNN backbone layers until it reaches the output layer.
This layer thus generates a probability vector and computes the classification confidence.
Suppose this confidence value provided by the DNN backbone’s output layer does not
reach ptar . In that case, the classification chooses the class with the highest confidence value
among all side branches and the output layer of the backbone [11,23].
This paper analyzes early-exit DNNs employed in an adaptive offloading scenario,
as illustrated in Figure 2. This scenario considers that the early-exit DNN is divided into
two parts. The first corresponds to the DNN layers with side branches (i.e., v1 to vk ,
and also bk ), which are positioned at the edge device. The second part, composed of the
remaining DNN layers (vk+1 to v N ), is implemented at a cloud server.
v1
Input
image

v2
b1

...
bi
Edge

vk

vk+1

...

vN

bk
Cloud

Figure 2. Adaptive edge offloading using early-exit DNNs. Adapted from the paper [23].

In adaptive offloading, the early-exit DNN inference works as follows for an image
classification task. Firstly, the edge receives the input image from the end-user and runs
the early-exit DNN inference, following the procedure described before. In this scenario,
if any side branches placed at the edge reach ptar value, the image is classified, terminating
the inference at the edge. Otherwise, if no side branches reach ptar , the edge offloads the
DNN inference to the cloud, which executes the remaining DNN backbone layers. This
increases the inference time due to the communication delay associated with the data
transfer. Therefore, less complex images are likely to be processed at the network edge
in this scenario, while more complex and challenging images are offloaded to the cloud.
Hence, edge offloading can be considered adaptive as the decision of transferring an image
to the cloud depends on the complexity to provide a confident classification [31].
Pacheco et al. show that early-exits DNN, including its side branches, can be overconfident about their predictions, providing unreliable offloading decisions [31]. Moreover,
they show that applying a temperature scaling calibration method [32] allows more reliable
predictions, improving edge offloading decisions. Thus, after training the early-exit DNN,
we also employ temperature scaling to calibrate side branches of the early-exit DNN model.
To this end, we follow the methodology proposed in [31].
4. Methodology
In this section, we detail the CNN architecture and the dataset used in our experiments.
This work uses MobileNetV2 [12] as the DNN backbone. MobileNetV2 is a Convolutional
Neural Network (CNN) optimized for low latency applications, Figure 3 presents MobileNetV2’s architecture. It is constructed in such a manner that it needs significantly less
computation when compared to a standard CNN [33]. We then introduce multiple side
equidistantly-positioned branches, dividing the DNN into segments with the same number
of FLOPS (Floating Point Operations). The number of side branches is an additional hyperparameter of early-exit DNNs. The literature has already addressed this strategy to place
side branches [11,23]. Table 1 details MobileNetV2’s architecture, presenting the input and
output shape in each DNN layer. Each line in this table presents a layer or a module of
layers, repeated n times.
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Figure 3. MobileNetV2’s architecture consists of a convolutional (conv) and Rectified Linear Unit
(ReLU) layers, followed by 19 inverted residual (inv res) layers. The data is then passed through
a dropout layer and an average pooling (avg pool) layer. Finally, a fully connected (fc) layer and
a softmax layer are used to perform classification. The side branches are then introduced in the
indicated positions.
Table 1. MobileNetV2’s architecture.

Layer

Input

Output

n

Conv
ReLU6
Inverted Residual
Inverted Residual
Inverted Residual
Inverted Residual
Inverted Residual
Inverted Residual
Conv
ReLU6
AvgPool 7 × 7
Fully-connected

224 × 224 × 3
112 × 112 × 32
112 × 112 × 32
56 × 56 × 24
28 × 28 × 32
14 × 14 × 64
14 × 14 × 96
7 × 7 × 160
7 × 7 × 320
7 × 7 × 1280
7 × 7 × 1280
1 × 1 × 1280

112 × 112 × 32
112 × 112 × 32
56 × 56 × 24
28 × 28 × 32
14 × 14 × 64
14 × 14 × 96
7 × 7 × 160
7 × 7 × 320
7 × 7 × 1280
7 × 7 × 1280
1 × 1 × 1280
258

1
1
2
3
4
3
3
1
1
1
1
1

We construct architectures from two up to five side branches using a pre-trained
MobileNetV2. We use the parameter weights of this pre-trained DNN as an initial solution.
After that, we train the DNN with the side branches. While the training process is used
primarily to train the parameters of the side branches, it also tunes the weights of the
DNN backbone. This ensures that the side branches can work effectively with the DNN
backbone, as the layers to which the side branches are attached are also adjusted for the
early classification task. Upon training termination, each model is saved to be used in the
testing step.
In the test step, we measure the number of samples that are prematurely classified.
We consider that an early classification occurs when a sample exits a side branch exceeding
a confidence threshold, which we denote by ptar . Firstly, different ptar values are tested.
In this paper, we vary ptar from 0.7 to 0.9 with a step of 0.05.
A high ptar value represents more rigorous criteria, classifying fewer images earlier at
side branches. Therefore, we can vary this confidence threshold and measure the tradeoff
between relaxing this criterion and the occurrence of early classification. Once the layers
up to the last branch are kept at the edge, with the remainder of the DNN stored at the
cloud, the data is offloaded to the cloud whenever an image is not classified early. Ideally,
we would desire that the side branches classify almost all images since it could bring
latency down significantly. However, if we choose a relatively low ptar , the classification
performance could reach a point where the inferences obtained are unreliable. The source
code developed for this work is available at an open repository [34].
This work considers an image recognition dataset called Caltech-256 [13]. The Caltech256 dataset is composed of high-quality images tailored for object detection applications.
This dataset has 256 classes of ordinary objects, such as motorbikes and shoes, and one
clutter class, totaling 257 classes. Each class has at least 80 samples. We divide the dataset
into 80% images for training, 10% for validation, and 10% for testing.
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5. Early-Exit Hyperparameter Analysis
This section aims to evaluate the early-exit mechanism, taking an in-depth look at
the tradeoff between inference time and classification performance. We then investigate
the impact of including side branches on the volume of data transferred to the cloud. We
can estimate the volume of data processed locally by measuring the number of samples
classified at the side branches. It is worth mentioning that whenever a classification is
performed at a side branch, the edge does not send the corresponding sample to the cloud
for further processing. In addition, given that ptar decides whether a sample needs to go
further in the backbone DNN, we also need to investigate the impact of this parameter on
the number of samples classified at each side branch. It is possible to evaluate if adding a
side branch at certain positions is beneficial or not.
Early-exit DNNs aim to reduce the overall inference time, defined as the time required
to classify an input image. Hence, the analyzed system is considered successful if the
average time spent in the early-exit DNN model does not exceed the time spent transmitting
the data to a cloud server. However, it is expected that a sample exiting the DNN backbone
achieves a better classification score than it would receive exiting at a side branch. In our
experiments, this tradeoff is tackled by quantifying the amount of time spent with local
computations. This time is upper bounded by the time needed for data transmission to
the cloud and receiving the response back on edge. Using early exits is only valid if the
possible confidence penalty is compensated by a lower inference time.
5.1. Inference Probability
We start by evaluating the probability of performing inference at the edge device for
multiple early-exit configurations. To this end, we train an early-exit DNN with different
numbers of side branches. We train the early-exit DNN as follows. First, we replace the
output layer of the DNN backbone with a new one whose number of neurons corresponds
to the number of classes in the dataset. In this case, the output layer of the DNN backbone
has 258 neurons, as shown in Table 1. The hyperparameters used in training are available
in our repository [34]. We train the early-exit DNN model until the validation loss stops
decreasing for five epochs in a row. Inference probability is defined as the number of images
classified at the side branches, implemented at the edge, divided by the total number of
images in the test dataset for a given confidence threshold ptar . To evaluate this inference
probability, we fix the ptar value and the number of side branches positioned at the edge.
Then, we can compute the inference probability, counting the number of images from the
test dataset classified on the edge device. Next, we repeat this procedure by varying the
number of branches at the edge device and the ptar value.
Figure 4 shows the probabilities of performing inference on the edge device for multiple
early-exit configurations. We train each scenario with a fixed number of side branches. Note
that this fixed number varies from two, Figure 4a, to five, Figure 4d. The curves on each
figure were generated by “activating” only the corresponding number of side branches at
a time. Each curve is labeled with a number n. This number indicates that the first n side
branches are activated for the experiment. For example, Figure 4c considers an early-exit
DNN trained with four side branches. Hence, the curve labeled as 2 indicates a situation
where only the first two side branches are activated. In the same way, the curve labeled
as 4 indicate the activation of all side branches for that DNN. Consequently, we measure
the proportion of samples on the test set classified up to that branch while varying the
confidence threshold. The yellow curve on Figure 4c shows that close to 40% of all samples
were classified up to the third side branch, while the green curve shows that close to 80% of
all samples were classified up to the fourth side branch, which includes samples classified
by the third side branch.
It is immediately noticeable in Figure 4 that side branches positioned very close to
the input layer are less beneficial. To confirm this statement, note that the probability
of inferring samples up to the first branch is approximately zero for all DNNs. On the
other hand, the side branches positioned in deeper layers can anticipate the classification
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of a considerable portion of samples at the edge. This behavior is expected since the
features distilled by the shallowest DNN layers, i.e., closest to the input layer, are more
similar to the raw inputs, instead of the desired feature maps at the deepest parts of the
DNN, i.e., closest to the output layer. Moreover, these results show that adding side
branches allows classifying samples at the edge while avoiding performing DNN inference
at the cloud. Thus, the early-exit mechanism can be useful for several applications that
could transfer network traffic to the cloud, either for data privacy reasons or to reduce
inference time.
Finally, we can also observe that adding side branches saturate the proportion of
samples classified sooner at the edge. This can be seen comparing Figure 4c,d, where the
addition of a fifth side branch, which is slightly closer to the output of the DNN, does
not result in a much higher inference probability at the edge device.Therefore, an appropriate number of side branches provides reduced inference time without wasting
computational resources.
In summary, this section has shown that early-exit DNNs employed in an adaptive
offloading scenario can indeed classify a considerable portion of samples at the edge. It can
be beneficial to reduce the inference time and also the network traffic to the cloud. Next,
we analyze the classification confidence provided by the side branches in early-exit DNNs.
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Figure 4. Probability of performing inference on the device for multiple early-exit configurations. (a) MobileNetV2 trained
with 2 side branches. (b) MobileNetV2 trained with 3 side branches. (c) MobileNetV2 trained with 4 side branches.
(d) MobileNetV2 trained with 5 side branches.

5.2. Classification Confidence
This section investigates the impact of side branches positioning along the early-exit
DNN architecture on the classification confidence. The confidence can be a fair estimate
for accuracy in a calibrated DNN [31,32]. Consequently, this section also evaluates how
side branch placement impacts early-exit DNN performance. To this end, this experiment performs early-exit DNN inference on all images from the test set. We collect the
classification confidence at the branch that classified the image for each of these images.
Then, we compute the mean classification confidence with confidence intervals of 95%.
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We repeat this experiment for each confidence threshold ptar and number of side branches
in early-exit DNN model, as described in the previous section. For this experiment, all
branches are activated. For example, using the reasoning of Section 5.1, we consider only
n = 4 for a DNN with four side branches and n = 5 for a DNN with five side branches.
Figure 5 presents the mean classification confidence for multiple early-exit configurations. Each curve represents the mean confidence of the samples classified on a given
branch. By examining Figure 5, it becomes evident that increasing the ptar value required
for images to be classified at the side branches also increases the mean confidence of the
classified images on a branch. It is true since a high threshold makes the branch accept
only samples with high confidence. Consequently, the branch classifies fewer samples as
we increase the threshold, as shown in Figure 4. Additionally, we can also observe that
the results for the first branch present a high variability (i.e., confidence interval). This
happens because, as shown in Figure 4, this branch classifies nearly zero images. As the
variability is related to the number of experimental samples, it gets high when the number
of classified images is low on a given branch.
Figure 5 also shows that side branches closer to the output layer provide more confident classifications than the shallower side branches. Considering confidence as a suitable
estimate for accuracy, we can state that deeper branches tend to achieve better performance.
In this regard, Figure 5c,d present missing data points for an early-exit DNN with only the
first side branch. In these figures, missing points indicate that no samples are classified at
that particular ptar value. This behavior occurs because the first side branch is placed too
close to the input layer so that the features extracted by the DNN backbone layers up to this
side branch do not make it possible to reach ptar . Thus, according to Figure 5c,d, the first
side branch can be removed since this branch cannot classify any images for more rigorous
ptar values. Furthermore, according to Figure 4, this side branch classifies a negligible
amount of images, which is another reason to remove it.
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Figure 5. Mean inference confidence for each side branch across different early-exit configurations. Missing data points
indicate that no samples were classified at that particular side branch. (a) MobileNetV2 trained with 2 side branches.
(b) MobileNetV2 trained with 3 side branches. (c) MobileNetV2 trained with 4 side branches. (d) MobileNetV2 trained
with 5 side branches.
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Figure 5c shows that the third branch provides a slight gain in confidence compared
to the second side branch. On the other hand, Figure 5d shows that the fourth side branch
also has a slight gain in confidence compared to the third one. Therefore, in Figure 5d, we
can state that the third and the fourth side branches are redundant, so that we can remove
one of them. On the one hand, since the confidence gain between the third and the fourth
side branch is negligible, we can remove the fourth side branch to save processing time.
On the other hand, Figure 4d has shown that the fourth side branch can classify far more
images than the third one. In this case, it is more advantageous to remove the third side
branch. Thus, removing one of the side branches must balance the extra processing time to
run the deepest side branch and the number of early classifications that it can provide.
5.3. Processing Time
The processing time at the edge device depends on the choice of early-exit positioning
and the value of ptar . Using the test set, we evaluate the processing time considering an
edge equipped with an Intel i5-9600K CPU with six cores at 3.70 GHz and an NVIDIA
GeForce RTX 2080 Ti GPU. This machine runs a Debian 9.13 operating system. We employ
the DNN with five branches from Section 5.2, with ptar = 0.8. For this evaluation, we place
all DNN layers at the edge, and thus there is no cloud offloading. We measure the time
required to process each image of the test set. Figure 6a shows the processing time for each
branch, where the sixth branch is the backbone’s exit. The processing time for a side branch
is the mean of all images that were classified in that side branch. While not easily visible
in the figure, we also plot the confidence interval of 95%. Figure 6a shows the impact of
traversing the DNN in the processing time. For example, an image takes almost twice the
time to go to branch three compared to a classification on branch two.
Figure 6b shows the mean processing time of the test set images as a function of
the confidence threshold ptar . For this experiment, we consider the same DNN used
in Figure 6a. We thus evaluate the processing time of each classification and plot the
mean and confidence interval of 95%. This figure shows that increasing ptar also increases
the processing time at the edge device. Consequently, we must choose ptar carefully to
balance the performance gains by classifying some samples at the edge device, while not
introducing unnecessary delays in the form of processing time at the edge.
In a nutshell, determining what is considered a correct classification impacts the
amount of data that needs to travel further down the backbone DNN by adopting stricter
rules, i.e., higher ptar values, fewer data exits at the side branches closer to the input layer.
It directly impacts the processing time since requiring more confident classifications also
requires more data processing throughout the DNN. Figure 6b reflects the processing time
increase with the exiting threshold, where the higher the ptar value, the more confidence
we have in the sample classified at each side branch.
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Figure 6. Processing time without cloud offloading. (a) Overall processing time in each branch. (b) Overall processing time
as a function of the inference threshold ptar .
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6. Real Scenario Experiments
This section evaluates the inference time considering the adaptive offloading scenario
presented in Figure 2. Hence, the edge and the cloud work collaboratively to perform
early-exit DNN inference for image classification tasks. The inference time is defined as the
time needed to complete a DNN inference (i.e., to infer the class corresponding to an input
image) after the reception of an image. If the input is classified on a side branch, this is the
time needed to run the inference at the edge entirely. Otherwise, the inference time is the
sum of the processing time and networking time. The first one is the time to process the
DNN layer on the edge and on the cloud. The second one is the time to send the image
from the edge to the cloud plus the time to send the DNN output to the edge.
The experiment employs a local server as edge and an Amazon EC2 virtual machine
as the cloud server to emulate a real edge computing application. The edge and the cloud
server are developed using Python Flask 2.0.1, and they communicate using the HTTP
protocol. The edge server emulates the role of an end device or even an intermediate
one, such as an access point on a radio base station. On the one hand, the edge server is
the same one as employed in Section 5.3, located in Rio de Janeiro, Brazil. On the other
hand, the cloud server is an Amazon EC2 g4dn.xlarge instance running Ubuntu 20.04 LTS.
This cloud server is equipped with four vCPUs from an Intel Cascade Lake CPU and
an NVIDIA Tesla T4 GPU. For this experiment, the cloud server is located in São Paulo
(i.e., sa-east-1 AWS region), also in Brazil, approximately 430 km away from Rio de Janeiro.
We chose this location because it is the closest AWS region to our edge, which would be a
consistent choice in a real latency-sensitive application. In this experiment, we implement
a MobileNetV2 model with five side branches as our early-exit DNN. However, as shown
in Figure 4, the first and second side branches cannot classify a considerable portion of
the images from the test set. Thus, these side branches only introduce processing delay.
To solve it, we remove these first two side branches in this analysis.
Additionally, we also implement a cloud-only processing scenario, in which the cloud
processes all neural layers of a regular DNN (i.e., without side branches). This scenario
works as a performance baseline for our adaptive offloading scenario under analysis.
In the cloud-only scenario, we implement a regular MobileNetV2 for the sake of consistent
comparison.
Before running the experiment, we evaluate the network conditions between the edge
server and the Amazon EC2 instance. To this end, we measure the throughput and RTT
(Round-Trip Time) between the edge server and the cloud instance using, respectively,
iPerf3 and ping. In this case, the measured throughput and RTT are 94 Mbps and 12.8 ms,
respectively. It is important to emphasize that these values only illustrate the network
conditions since they may change during the experiment.
For each image from the test set, the edge server starts a timer to measure the inference
time and run the early-exit DNN inference, as described in Section 3. If any of the side
branches implemented at the edge can reach the confidence threshold ptar , the inference
terminates earlier at the edge, finishing the timer. Otherwise, the edge server sends the
intermediate results to the cloud server, which processes the remaining DNN layers. In this
case, the edge server waits for the HTTP response from the cloud to finish the inference
timer. In contrast, in the cloud-only processing scenario, the experiment starts a timer to
measure the inference time and send the image directly to the cloud server, which runs
the DNN inference. Then, the edge waits for an HTTP response from the cloud to finish
the inference timer. These procedures are run for each image from the test set, for each ptar
value, and for each number of side branches at the edge. For each setting, we compute the
mean inference time with confidence intervals of 95%.
Figure 7 presents the inference time results according to the ptar value configuration.
Each curve in this figure is the inference time result for an early-exit DNN with a different
number of side branches at the edge, using the same reasoning of Section 5.1. However,
branches one and two are always deactivated. For example, the yellow curve shows the
inference time considering that the DNN has only the third branch at the edge, while the
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green curve shows a DNN with the third and fourth branches. In contrast, the red line
represents the cloud-only processing scenario, which serves as a performance baseline. At
first glance, we can notice that the inference time increases as we set ptar to higher values.
This behavior occurs because a higher ptar value reduces the probability of performing
inference at the edge. Hence, the edge sends more images to the cloud, introducing network
delay more often. The cloud-only curve is constant since its DNN in independent of ptar .
We can instantly observe the benefit of adding side branches by looking at the blue
curve, which reduces inference time by using five side branches. Notably, the additional
processing time at the edge device must provide enough gain to justify not sending the data
to the cloud to reduce overall inference time. Additionally, we show that there is a tendency
for the early-exit DNN to increase overall inference time with a high enough confidence
threshold. Therefore, ptar , which is already application-dependent, must be carefully
selected to minimize inference time while satisfying possible Service Level Agreements
(SLAs). For example, we can highlight that the DNN with five side branches at the
edge meets the 0.1 s latency requirement, which is required for a cognitive assistance
application [28].
At this stage, we have demonstrated that, in an adaptive offloading scenario, the earlyexit DNN can significantly reduce the inference time and outperform the cloud-only
processing scenario. Moreover, our results show that the early-exit DNN model represents
a fundamental approach for meeting the requirements of latency-sensitive applications.
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Figure 7. Overall inference time in a real edge-based scenario as a function of the confidence
threshold ptar .

7. Conclusions and Future Scope
This work has shown that early-exit DNNs can classify a significant amount of images
earlier at side branches. Thus, in an adaptive offloading scenario, this corresponds to
classifying most samples at the edge, avoiding sending unnecessary data to the cloud. Next,
we have demonstrated experimentally that this early-exit mechanism can reduce inference
time by outperforming the cloud-only processing scenario. In fact, the results have shown
that early-exit DNNs can meet the latency requirements of sensitive applications.
In terms of early-exit DNN design, we have shown that inserting side branches closer
to the input DNN layer is not worthwhile. This is true since only a negligible amount of
samples are classified into these branches. Therefore, these shallow side branches only
introduce processing delay. On the other hand, we have demonstrated that the deeper
side branches, i.e., those closer to the output layer, provide more confident classification,
reaching the confidence threshold more often. Hence, these side branches can classify
more images at the edge. Thus, it is more advantageous to insert side branches at the
deeper layers. Regarding the confidence threshold, this work showed that the choice of
this threshold value considerably impacts the number of samples classified at the edge,
and consequently, the inference time. However, the selection of the confidence threshold
is application-driven since it depends on the desired DNN accuracy and inference time.
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Regarding the number of side branches, it is important to emphasize that inserting side
branches adds processing delay. Therefore, the processing delay caused by the insertion of
the side branches cannot be greater than so high that it is not advantageous to process in
the edge device.
We will expand our inference time analysis in future steps considering a three-tier
architecture composed of an end device, intermediate device, and the cloud server. Additionally, we intend to explore the prospect of integrating an FPGA environment to leverage
its low latency capabilities. Finally, we plan to employ a resource-constrained device as
the edge device, such as a Raspberry Pi. Finally, we will also evaluate other DNN models
using different datasets for image classification.
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