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Multi-exit neural networks
Input adaptive inference optimization for
real-time semantic segmentation
NEETHU HARINDRAN
BHARATH POOJARY
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Computer vision-based control systems have become increasingly powerful and promis-
ing in tackling real-world problems. This can be accredited to the use of deep learn-
ing methods in these systems with state-of-the-art performance sometimes outper-
forming humans in tasks which require subjective decision making. This has resulted
in increased interest in these systems from Swedish industry, including Volvo. One
example system where these systems are used is the Volvo GPSS system, where
semantic segmentation is used to perform real-time decisions based on pixel level
classification of a monitored area. However, such systems frequently deal with a
trade-off between latency and accuracy. This is primarily due to the increasing
number of model layers being used to develop Deep-Neural-Network models for vi-
sion systems, resulting in equal resource utilization regardless of input complexity.
In this thesis, we develop an approach that employs input adaptive multi-exit strat-
egy to exploit latency benefits of dynamic processing based on the input complexity.
The proposed approach aims to have a reduced average inference time as the simple
input samples takes an early exit and only the complex samples need more compu-
tation offered by all the model layers. The open source CityScapes dataset and the
Volvo dataset were used in a number of multi-exit semantic segmentation experi-
ments with HRNet architecture chosen as the backbone. The thesis work studies
three novel exit strategies, including reinforcement learning, auxiliary models, and
fast Fourier transform. Out of all the methods examined, the reinforcement learning-
based exit strategy displayed the best performance advantages, with accuracy on par
with unbranched HRNet and a significant decrease in latency and computation.

Keywords: Multi-exit Neural Networks, Input Adaptive Inference, Semantic Seg-
mentation, Inference Optimization
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1
Introduction

In the ever-growing world of data, there is a need for algorithms that learn to per-
form tasks with minimal human intervention. These can uncover complex relations
in the data that might go unnoticed by the manual engineering of the solutions.
Considering the latest advancements in artificial intelligence, machine learning and
deep learning appears to be the most popular concepts. However, Deep Learning
has recently gained prominence as a result of its supremacy in terms of performance.

1.1 Overview
Deep learning is a subset of the larger machine learning family. It is built on neural
networks, which attempts to emulate the functioning of the human brain by learning
from large amounts of data. Amongst machine learning algorithms, deep learning
techniques take the lead in terms of performance, due to the minimal effort required
in engineering the features that have good correlation with the parameters affecting
the decision. Deep learning encompasses these feature extractions automatically by
learning and building the features using the provided data. Another reason for the
popularity of deep learning is the recent advancements in hardware and computing
power. The advent of Graphics Processing Units (GPUs) with parallel computing
capabilities has allowed deep learning algorithms to be trained much faster and with
copious amounts of data. This has made deep learning even more powerful than it
was before and has increased its demand. Deep learning methods can scale well
when compared to traditional learning algorithms. Deep learning is also remarkably
successful in fields where there are enormous amounts of unlabelled data, such as
computer vision. This is because deep learning algorithms can learn the features
automatically from the data with little human intervention. Deep learning is also
successful when there is a need to learn from a large amount of data in a short
amount of time.
But there is another side to this story, the improved performance comes at the cost
of increased number of parameters and model complexity. Most state-of-the-art
deep learning models use a lot of parameters and excessive computational resources.
What started with models with couple of parameters has now reached models like
GPT3 [3] having billions of parameters in the race to achieve human level perfor-
mance. This approach is not scalable in the long term and is not very efficient.
When discussing these topics, there are a few important questions that needs to be
considered: are these tremendous amounts of computation justified? Do we require
the same amount of computation for every example, regardless of if it is simple or
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1. Introduction

complex?
This thesis project is an industrial thesis that was done in Volvo Group. Volvo’s vi-
sion is to create a future factory where robots and humans can work and collaborate
efficiently on equal terms - a Unified Environment [2]. This is crucial from the per-
spective of flexible manufacturing and optimal usage of skill sets of both humans and
robots. A critical component of this system is a central sensory system that monitors
the movement of humans and robots in the environment and ensures humans’ safety.
This will be accomplished by analyzing video streams from potentially hundreds of
ceiling-mounted cameras that monitor the area in real-time. Deep learning-based
approaches dominate the core implementation of this vision [12] data processing sys-
tem, with performance comparable to humans. Though DNN systems have superior
performance in terms of accuracy, they tend to suffer [8] [15] from latency issues
due to their complex architecture, which limits their use in real-time applications.
Furthermore, these systems are typically deployed on edge cloud servers [4] [1] at
the factory to optimize the sharing of computational resources (e.g., GPUs). As a
result, it is critical to develop a solution that meets the low-latency requirements
while utilizing minimal computational resources.
At Volvo, semantic segmentation [30] is a primary component of the video analytic
system that help to identify humans, obstacles, and the drivable part of the fac-
tory floor that help to guide the movements of the Autonomous Transport Robots
(ATRs). This thesis will focus on the implementation of the early exit architecture
on semantic segmentation algorithms and aims to provide solutions for semantic
segmentation architectures tailored for stringent latency constraints and efficient re-
sources sharing problems without any major degradation in the prediction accuracy.

1.2 Problem Statement
Most deep neural networks designed to perform semantic segmentation achieves
impressive accuracy at the cost of increased inference time as well as energy require-
ments hindering them from being used in many real-world time-critical applications.
As semantic segmentation plays a significant role in identifying the barriers on the
factory floor, optimisation of the semantic segmentation architectures for speed be-
comes crucial, typically when the system must be implemented on a resource con-
strained platform. The key objectives of this thesis project are as follows.

• The primary objective of the thesis is to develop a multi-exit architecture
for semantic segmentation. This entails choosing a publicly available dataset
as well as a cutting-edge semantic segmentation framework. The goal is to
revamp the present architecture by adding intermediate branches to the main
branch and integrating it into a multi-exit workflow.

• The next objective is to fine-tune the multi-exit semantic segmentation model
that has been created upon the availability of synthetic/simulated data that
represents real-time data from the factory’s ceiling-mounted cameras. This
involves measuring the impact and evaluating the robustness of the model
with respect to the change in dataset.

• Finally, we intend to provide a standard training procedure for multi-exit
architecture in order to improve the approach’s adaptability in terms of ap-
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1. Introduction

plication to any semantic segmentation architecture. This is accomplished by
fine-tuning the training process iteratively until it can be utilized to convert
any single-branched model to a multi-exit model.

1.3 Challenges
Semantic segmentation is one of the fine grained vision tasks for understanding the
scene and parsing it. It provides a pixel level approach to classify objects and recog-
nizes their shape in the scene. State-of-the-art semantic segmentation models involve
the challenge of maintaining high resolution feature maps throughout the network
due to the every pixel nature of segmented output. At the same time, it needs
to maintain a large receptive field on the output to capture more spatial context.
Thus, it is required to have down sampling steps to capture semantic/contextual
information as well as up sampling steps to recover spatial information. Thus, the
semantic segmentation architectures require numerous layers which resulted in it’s
bulky nature as well as latency intensive inference.
We aim to improve this latency burden through a multi exit semantic segmentation
architecture. Input dependent adaptive inference is an area widely explored in re-
searches in the context of image classification. However, due to the heavy weight
nature of segmentation heads, applying a multi-exit approach to a semantic segmen-
tation model is rather challenging. The addition of a single segmentation head has
been seen to result in a greater overhead. In addition, the dense output of semantic
segmentation models makes the exit strategy more difficult. Through this work, we
intend to choose a base semantic segmentation architecture and add multiple exit
branches to it. We train the model in such a way that the workload is pushed to the
earlier layers of the network, allowing for efficient inference depending on the com-
plexity of the input sample. The resulting design should allow the speed-accuracy
trade off to be tailored to the need of the system.

1.4 Related works
Multi-exit neural network architectures for improving feed forward inference effi-
ciency has received a lot of attention from the research community. Panda et al.
proposed a conditional deep learning (CDL) technique in which the difficulty of
identifying input samples are observed by iteratively adding linear classifiers to each
convolutional layer [20]. The output of each linear classifier is observed to decide
whether classification can be terminated at the current stage or not, thereby con-
ditionally activating the deeper layers of the network. The proposed methodology
enables to adjust the computational effort based on the difficulty of the input data
while maintaining the required accuracy. Another novel architecture that works on a
similar principle is Branchynet [27]. Branchynet is a multi exit deep neural network
which has several side branches/exits added to the main branch to allow some of
the test samples to exit early. The intermediate branch network is equipped with
additional layers at each exit point. It is based on the observation that majority of
the test samples can be correctly inferred by the features learnt at an earlier stage.

3
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By eliminating layer-by-layer processing of the majority of test data through early
exits, Branchynet helps to significantly reduce the inference time. Both Branchynet
and CDL addresses classification task but the architecture is general and can be
extended to semantic segmentation as well.
There has been several works focussing on light weight semantic segmentation mod-
els emerging as possible solutions to the stringent latency constraints and for efficient
resource sharing. Kouris et al. [16] introduced a Multi-Exit Semantic Segmentation
(MESS) network which adopts a similar principle like Branchynets by attaching sev-
eral early exits (i.e. segmentation heads) on the CNN backbone. It allows efficient
inference based on the difficulty of the input and takes into account the target de-
vice’s capabilities. It adopts a two stage training mechanism which helps to boost
the accuracy. In the first stage, the segmentation heads are attached to the exit
points and the network is trained end to end. It is followed by the individual train-
ing of the early exit architectures connected to exit points with the back bone and
the final exit kept frozen. The potential of knowledge distillation[21] [31] is also
utilized in optimizing the training of early exit branches.
There are several works which adopt the principle of anytime inference which address
the latency constraints by introducing flexibility to model computation. Such a
model makes a number of intermediate predictions between the first and last exits.
The prediction continues to the final one if time remains or stops at a point if the
results are satisfactory or the task runs out of a preset time interval.. Liu et al. [17]
proposes the anytime inference approach to pixel level visual recognition tasks like
semantic segmentation reducing the total computations without degrading accuracy.
The proposed model has multiple predictors that branch from the intermediate
stages of the model. Both the original exit and intermediate exits are trained end-to-
end. For each exit, there is an encoder-decoder architecture that combines pooling,
convolution, and interpolation to enlarge receptive fields and smooth spatial noise.
The work proposes spatially adaptive inference, taking advantage of spatial structure
and makes predictions for different pixels at different points in time. It decides
whether or not to continue computations at each exit and position. The entropy of
class predictions can be used as a measure of confidence for semantic segmentation.
The output of each exit is masked by thresholding the confidence of its predictions
such that further computations are reduced for sufficiently confident pixels. This
confidence adaptivity can drastically reduce the total computation while maintaining
accuracy. But, to achieve the performance improvements, the technique uses pixel-
wise exclusion, which necessitates hardware tuned for sparse convolution, which a
standard GPU is not.

1.5 Our contribution
The works presented in the preceding section primarily represent the core ideas of the
branching architecture’s tasks. Our work in this thesis will be focused on semantic
segmentation of classes relevant to the goals of Volvo’s central vision system. Our
implementation will be tailored to the system’s real-time requirements, and to use
inputs from a ceiling-mounted camera array.
Prior works also prioritize budgeted computing as their primary goal, intending to
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exit the network early due to the resource constraints of the underlying system.
Our primary goal, on the other hand, will be to dynamically modify the computa-
tional graph based on the complexity of the input samples. Together with this, our
optimization will meet the requirements of the system specifications intended for
deployment on edge cloud clusters.
Additionally, the thesis explores various approaches for designing an exit strategy
to manage well the trade-off between latency and accuracy for multi-exit networks.
As in the earlier works, the exit decisions are initially made using the most popular
entropy metric. However, we choose the entropy threshold value dynamically while
the model was being trained, taking into account the expected performance guar-
anteed by the system. In order to further refine the exit strategy, the prediction
at each exit point was analysed in the frequency domain. The fast fourier trans-
form of the prediction was utilized to make the exit decision which was proven to
perform better than entropy based exit strategy. Furthermore, this work revealed
two sophisticated methodologies for exit decision making: employing an auxiliary
network and applying reinforcement learning. These methods make sure that the
input is only processed further by the network when a performance gain is expected,
minimising unnecessary computation expenses.
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2
Background

The thesis aims to optimize multi-exit DNNs for semantic segmentation by dynam-
ically choosing which exit should be taken based on the image, reducing the overall
latency for semantic segmentation inference. The theoretical underpinning for the
primary concepts explored in the thesis is presented in this chapter. The first two
sections briefly cover the multi-exit network architecture and semantic segmentation
models, which range from the earliest to the most modern. The multi exit approach
on a semantic segmentation model is explained in the third section. The fourth and
the fifth sections explains the concepts of reinforcement learning and fourier trans-
form of images respectively which are the novel techniques employed for an efficient
exit strategy in the multi exit model.

2.1 Multi-exit neural networks
Deep neural networks have shown state-of-the-art performance in computer vision
tasks due to its ability to extract features more effectively with the increase in the
number of layers. The expansion of neural networks from a few layers to hundreds
of layers has been facilitated by hardware advancements and the emergence of novel
learning algorithms. However, there is a downside to these performance benefits
with the additional number of layers in terms of the increased latency and energy
consumption. This drawback becomes critical when it comes to real-time resource
constrained applications.
One of the strategies used to address this issue is to add multiple exits to a deep
neural network such that it can make predictions at intermediate points of the stack
of layers. In multi-exit architecture, side branches are added to the base neural
network allowing the test samples to exit early. It is based on the notion that most
of the data samples can be correctly inferred with the features learned by the earlier
layers of the network. As a result of utilizing the earlier exits, all data samples do
not need to be processed by all layers of the network resulting in a considerable
reduction in average inference time. Figure 2.1 shows a multi-exit neural network.
Furthermore, it has been observed that multi exit neural networks aids in prevention
of overfitting and mitigation of vanishing gradients as well [27].
There are different training approaches adopted for multi-exit architectures. The
common or straight forward way is to treat it as a joint optimization problem by
combining the losses from all the exit points [27]. Another strategy is to train
the backbone network first, followed by training the early exits independently [16].
Once the network is trained, data samples can make early exits depending on how

6



2. Background

Figure 2.1: Multi-exit neural network with two exit branches [27]

confident the network is its predictions. For a classification problem, entropy of the
classification result is considered as a measure of confidence. If the entropy value
at an early exit is below a threshold value, the exit is confident in its predictions
and the prediction results are returned without additional processing. If the entropy
value at an early exit exceeds the threshold value, the exit is not confident in its
predictions and the sample continues to the next exit. The predicted output is
always returned when the sample reaches the last/main exit of network.

2.2 Semantic Segmentation
Image segmentation [7] [29] is a computer vision task in which each and every pixel
in an image is assigned a label. It differs from image classification where a single
label is assigned for an entire picture. Semantic segmentation [9] and instance seg-
mentation [10] are the two types of image segmentation. Semantic segmentation
treats multiple objects of the same class as a single entity whereas, instance seg-
mentation treats multiple objects of the same class as distinct individual objects.
Prior to the advent of deep learning, image processing techniques such as grey level
segmentation [22], conditional random fields [25], and others were used to segment
an image into separate regions of interest. Today, deep learning methods [19] are
considered to be the most effective for semantic segmentation due to the impressive
quality of the segmented outputs.
The purpose of semantic segmentation is to create a segmentation map from an RGB
or greyscale image, with each pixel represented by a label. For image classification,
the deep neural networks learn the low level concepts in the earlier layers while the

7



2. Background

later layers develop the high level feature mappings by increasing the number of
channels. The computational burden is reduced by down sampling the feature maps
through pooling or strided convolutions [5]. However, for semantic segmentation, in
order for the model to give a full resolution semantic prediction, the input image’s
resolution must be preserved. One of the popular architectures used for semantic
segmentation is fully convolutional network (FCN) [18]. In FCN, the input image
is downsampled into a smaller size through a series of convolution operations which
is termed as encoding. The encoded output is then upsampled to a full resolution
segmentation map either through bilinear interpolation [14] or a series of transpose-
convolutions. This process is termed as decoding. Most of the segmentation models
follow this encoder-decoder architecture.
U-Net [24] design was developed to increase the performance quality of basic FCN
architecture by expanding the capacity of the decoder module. U-Net is a symmet-
ric architecture with skip connections between downsampling and upsampling paths.
There are connections from the output of the convolution blocks to the correspond-
ing input of the transposed-convolution blocks at the same level. With these skip
connections, the image at the decoding path is concatenated with the correspond-
ing image at the encoding path which results in a more precise prediction. With
the introduction of Densely Connected Convolutional Networks (DenseNets) [11], a
novel CNN architecture that has shown good results on image classification tasks, a
new model for semantic segmentation called Tiramisu [13] was introduced. A Dense
Block consists of several layers of convolutions where each layer is directly connected
to every other layer in a feed-forward fashion. This improves the network’s accuracy
and makes it easier to train. The Tiramisu model is created by replacing the reg-
ular convolution blocks of the U-Net model with these dense blocks. The resulting
network is said to be parameter efficient and allows for efficient feature reuse [13].
For efficient semantic segmentation, several deep learning models make advantage
of multi scale approaches. PSPNet (Pyramid Scene Parsing Network) [32] is one
such example, in which the input image is fed to a CNN to get the feature map of
the last convolutional layer. Then, a pyramid parsing module performs the pool-
ing operation (max or average) using four different kernel sizes and strides to the
output feature map of CNN. It is followed by upsampling and concatenation layers
to form the final feature representation. Downsampling feature maps, as we know,
broadens the receptive field, but the broader context comes at the expense of re-
duced spatial resolution. Dilated (atrous) convolutions is an alternative approach
that provides a wide field of view while preserving the full spatial resolution. By
adjusting the dilation rate, the same filter has its weight values spread out farther
in space which enables it to learn more global context. DeepLabv3 [6] is a semantic
segmentation model that combines atrous convolutions with varying dilation rates
to extract information from several scales while preserving image resolution. They
experiment with employing atrous convolutions in a cascaded manner and also in a
parallel manner in the form of Atrous Spatial Pyramid Pooling [6]. However, it is
still considered computationally expensive to completely replace pooling layers with
dilated convolutions.
HRNet is a state-of-the-art neural network in the field of semantic segmentation.
HRNet [28] stands for high resolution network referring to the high resolution of the
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images processed. As we know, high resolution representation plays a key role in the
task of semantic segmentation, HRNet maintains the high resolution representation
of the input image by connecting high-to-low resolution convolutions in parallel,
where there are repeated multiscale fusions across parallel convolutions. HRNet has
four stages, each with high to low resolution convolutions running in parallel. There
is a complete connection to the multi resolution group of the next level at the end of
each stage. The biggest advantages of HRNet is that it is semantically strong and
spatially precise.
Pixel-wise cross entropy loss is the most popular loss function for semantic segmen-
tation. The semantic segmentation labels, we know, are the same size as the original
image. As the labels can be represented in a one-hot encoded form, they can be used
directly as the ground truth to calculate cross entropy. Pixel-wise cross entropy loss
examines each and every pixel individually comparing the class predictions to the
one hot encoded target vector. Pixel wise loss is calculated as the log loss, which is
then averaged over all possible classes using the formula 2.1. This is repeated for all
the pixels and then averaged.

Loss =
∑

classes

ytrue ∗ log(ypred) (2.1)

2.3 Multi-exit approach on Semantic Segmenta-
tion

This thesis study aims to implement an efficient semantic segmentation architecture
suitable for the use case at the Volvo factory for which we propose a framework that
converts a state-of-the-art semantic segmentation model to a multi exit semantic
segmentation model. By referring to and employing the multi exit concepts in
the related works, early exits are employed along the depth of the original model
in order to save computation during inference on easier samples. The approach
includes selection of a base model compatible with the accuracy requirements of the
system and using it to design a final prediction system with multiple exits.
The multi-exit semantic segmentation model is segregated into

1. Segmentation backbone: The segmentation backbone is the layer that is
in charge of extracting the system’s basic features or downsampling the in-
put. These are often a collection of convolutional layers that produce a low-
dimensional spatial feature mapping of the input image. The early departure
branches will emerge from the backbone’s intermediary points and the seg-
mentation backbone makes a key contribution to the system’s total latency.

2. Segmentation head: The processed data is upsampled to the resolution of
the input image in this section of a segmentation network. The segmenta-
tion head attached to each early exit will be customised to generate outputs
corresponding to the resolution of the input image.

The draft architecture of the model is depicted in the figure 2.2, where the model’s
backbone will be broken into multiple sections and individually customized exit
branches are connected to these branching points. Main component of these branches
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will be the segmentation heads. During the inference, a chosen confidence metric will
be used to identify the exit strategy of the model based on predetermined thresholds.

Figure 2.2: Multi-exit semantic segmentation architecture

2.4 Reinforcement Learning

Reinforcement learning is a type of machine learning that has gained popularity in
recent years. It is a learning approach that falls between supervised and unsuper-
vised learning. Reinforcement learning, unlike supervised learning, is not based on a
set of labelled training data; instead, the learning algorithm focuses on maximising
a reward. The agent and the environment are the two essential components of the
reinforcement learning technique. The reinforcement learning algorithm is repre-
sented by the agent, and the environment is the context in which the agent is acting
on. The agent placed in an unknown environment uses trial and error method in
order to figure out the environment and come up with an outcome. In the absence
of a training dataset, it is bound to learn from its experiences. To attain its ultimate
goal, the agent must determine the "right" actions to take in different situations [26].
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Figure 2.3: Reinforcement Learning setup

Reinforcement learning starts when the environment sends its state to an agent and
then, the agent takes some actions based on the observations. The environment
sends the updated state and a respective reward back to the agent. Reward is an
instant return from the environment to appraise the last action taken by the agent.
The right action depends on the reward which indicates how well the agent is doing
at a particular point of time. The agent updates its knowledge from the reward
returned by the environment and uses it to evaluate its previous action. It makes a
decision on which actions to take based on the reward and the observed state. The
loop keeps executing with the overall goal of maximising total future reward. Reward
maximisation theory states that an RL agent must be trained in such a way that
it takes the best action so that the reward is maximum. So, reinforcement learning
needs to consider exploitation and exploration with a balance between exploring
new information and using known information to maximise reward [26].

2.5 Fourier Transform for Images

Fourier transform is a mathematical transform that converts a function or signal to
an alternate representation of sine and cosine functions of varying frequencies. It
decomposes functions depending on space or time into functions depending on spa-
tial frequency or temporal frequency. An image can be considered as a function that
varies across the two dimensional space. Using fourier transform, it can be decom-
posed into it’s sine and cosine components. The input image which is represented in
spatial domain is transformed into its equivalent frequency domain representation
through Fourier transform, i.e. after the transformation, each point on the image
represents a particular frequency contained in the spatial domain image. The dis-
crete fourier transform for a digital image of size N×N is given by formula 2.2 where
f(i,j) is the image in the spatial domain and the exponential term is the function
that corresponds to each point F(k,l) in the fourier space [23].
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F (k, l) =
N−1∑
i=0

N−1∑
j=0

f(i, j)e−t2π( ki
N

+ lj
N

) (2.2)

The Fourier transform represents the output image as a complex number having
magnitude and phase components that can be displayed as two images . In the
context of image processing, only the magnitude of the Fourier Transform plays an
important role , as it contains information of the geometric structure of the image
in spatial domain. It is extremely useful for identifying the features of the image
which are not clearly visible in the spatial domain [23].
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3
Methods

This chapter explains the main methodologies adopted in this thesis, organized
based on the experiments performed. It begins with the evaluation metrics chosen
to assess the performance of the implementation. The technical specifics of a multi-
exit classification model designed to evaluate the performance advantages offered by
the multi-exit strategy are presented in the next section. The architecture of the
chosen semantic segmentation model is explained next, followed by the multi-exit
approach on the chosen model. The final sections describe the implications of using
the Volvo factory data, and the standard branching pipeline that can be used on
any deep learning model.

3.1 Evaluation Metrics
Evaluation metrics are used to quantify and compare the performance of deep learn-
ing models. It is crucial to choose multiple appropriate evaluation metrics to measure
the model’s performance to ensure it is operating at its best. This section describes
the selected metrics for evaluating the models in this thesis and the appropriate
methods to measure these parameters without impacting the neural network’s per-
formance.

3.1.1 Accuracy
Accuracy is an important metric for evaluating classification models. It is the ratio
of the number of correct predictions made by the model to the total number of
predictions. To measure the accuracy of a semantic segmentation model, the best
way is to check the similarity of the output generated with the ground truth. Math-
ematically, it is done by calculating Intersection Over Union (IoU) between the two
as shown in figure 3.1.

Figure 3.1: Intersection Over Union
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3.1.2 Latency
Latency/inference time is the time taken by the model to make predictions. For
the application at Volvo factory, the focus of our is to reduce the inference time
as much as possible without degrading accuracy, for which an accurate measure of
latency / inference time is extremely important. In the deep learning context, as the
GPU operations are asynchronous by default, the regular approach of using python
time library results in inaccurate inference time measurement. So, CUDA events
are used to measure time accurately on the GPU. CUDA events are synchronization
markers that can be used to monitor the device’s progress and accurately measure
model inference time. It aids to perform synchronization between GPU and CPU
so that the time measurement takes place only after the process running on the
GPU finishes, which overcomes the issue of unsynchronized execution. Thus, CUDA
events are used to measure the inference time in all the experiments conducted.

3.1.3 Floating Point Operations
Floating point operations describe how many operations are required to run a single
instance of a given deep learning model. It gives a hardware independent measure of
the complexity of the model. A light weight core library fvcore is used to accurately
measure the floating point operations of a model. fvcore contains a flop counting
tool for pytorch models which provides both operator level and module level flop
counts. It displays the flop counts in a hierarchical way and helps to analyse the
model easily. Given a model and the inputs passed to the model, fvore can return
the total flops, flop counts for all sub modules and flop counts over different operator
types. fvcore is used to claculate the flops count for all the experiments in this thesis.

3.2 Multi-exit Classification Model
To study the performance benefits of multi-exit approaches, we first studied their
performance benefits when applied to two classification models, LeNet and Branched
Lenet. The dataset used for the experiments is MNIST dataset. Lenet architecture
consists of two convolution layers followed by a Rectified Liner Unit (ReLU) and
max pooling layers and 3 fully connected dense layers. For branched Lenet, an early
exit is added after the first convolution, ReLU and max pooling layer. The early exit
branch consists of one fully connected dense layer which generates the predictions.
Branched Lenet is shown in figure 3.2.
During training the models, we use the most common loss function for classification
task, softmax cross entropy. Let y be the one-hot ground-truth label vector, x be
an input sample, ŷ be the predicted vector and C be the set of all possible labels,
the loss function is given by the formula 3.1.

L(ŷ, y) = − 1
|C|

∑
c∈C

yclogŷc (3.1)

To train the branched Lenet, we treat it as a joint optimization problem as a weighted
sum of loss functions of each exit branch given by formula 3.2, where w1 and w2 are
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Figure 3.2: Branched LeNet architecture
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weights assigned to each exit and L1 and L2 represents the loss functions for each
exit. The training algorithm involves a forward pass in which the training data is
passed through the network, output from all the exits are recorded and the loss is
calculated as,

Lossbranched = w1 ∗ L1 + w2 ∗ L2 (3.2)

This loss is back propagated through the network and weights are updated using
gradient descent. During inference, if the classifier at the early exit is confident in
it’s predictions about correctly labeling a test sample, it is exited and returns the
predicted output. Entropy is used as a measure of this confidence. Entropy for a
prediction is given by,

Entropy(y) = −
∑
c∈C

yclogyc (3.3)

Where y is a vector containing computed probabilities for all possible class labels
and C is a set of all possible labels. We need to set a threshold value for entropy
at the early exit such that the sample makes an early exit if the entropy of the
prediction is less than the threshold entropy. If not, it is processed further and exits
through the main exit.

3.3 Semantic Segmentation
The choice of a suitable backbone semantic segmentation architecture for converting
it to a multi-exit model is critical. We chose HRNet architecture (High Resolution
Network) is chosen as the base model for the multi-exit experiments, as it preserves
the high resolution representation of the input image throughout the network, ad-
dressing the main challenge of recovering spatial information in semantic segmenta-
tion tasks. Furthermore, a quick comparision of state-of-the-art accuracies of some
popular semantic segmentation models shows HRNet has superior performance.

Model Accuracy(in %)
HRNet V2-W48 81.6

DeepLab v3 (ResNet-101) 81
BiSeNet (ResNet-101) 78.9

Table 3.1: Comparison between semantic segmentation models

HRNet architecture is also better in terms of the number of parameters and compu-
tation complexity which is one of the key reasons for it to be used on resource and
time constrained platforms and applications. HRNet architecture is being used as
the backbone for a variety of vision applications such as object detection, semantic
segmentation, image classification, and human pose estimation. Thus, multi-exit
version of the same can further be utilized for all these tasks. We chose a lower scale
of HRNet - W18, for easier training and repeatability of the experiments.
High Resolution Networks maintains the high resolution representation by connect-
ing high to low resolution convolutions in parallel along with multi-scale fusions
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[28]. The architecture is depicted in figure 3.3. There are four stages with the
first stage having only high resolution convolutions. The second, third and fourth
stages are formed by repeating modularized two resolution, three resolution and four
resolution blocks. Each stage can be referred as a multi-resolution block which con-
sists of multi-resolution group convolution and fusions. The multi-resolution group
convolution divides the input channels into several subsets and performs a regular
convolution over each subset over different spatial resolutions separately. Multi-scale
fusions are performed in two ways to address resolution decrease and increase. The
resolution decrease is implemented 2-strided 3 × 3 convolutions. The resolution
increase is simply implemented by bilinear upsampling [28].

Figure 3.3: HRNet architecture [28]

In the initial HRNet version V1, only the representation from the high resolution
convolution at the fourth stage is considered as the output and the low resolution
convolution feature maps are lost. An effective modification has been done to this
by fully exploring the capacity of multi resolution convolutions. The low-resolution
representations are rescaled through bilinear upsampling to the high resolution, and
concatenated resulting in the high-resolution representation, as illustrated in figure
3.4 which is used for estimating segmentation maps. The modified version is called
HRNetV2 and it only adds small parameter and computation overhead to HRNetV1.

Figure 3.4: HRNetV2 representation [28]
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3.4 Multi-exit Semantic Segmentation

We modified the regular deep learning models to multi-exit architecture with fol-
lowing steps:

1. Choosing the optimal exit points.
2. Design of segmentation heads and the additional trainable blocks.
3. Selection and implementation of exit methodology.

3.4.1 Choosing the exit points

The selection of the exit points is a crucial step in creating a multi-exit architecture.
While an increased number of exit points allows a finer criteria selection, it also
leads to increased model size and training time, which is undesirable when the
model has to be deployed on a system with memory constraints. Also, it would
have a larger footprint when accelerated processing units like GPU, TPU, etc. are
used, which would require loading the entire model into those devices before making
the predictions. With these constraints, a fair number of the exits can be formulated
by dividing the model into groups of processing blocks based on encompassing sets
of the layer with a similar intention of prediction. In terms of HRNet, these can be
chosen to match the number of multi-resolution blocks.
Once the number of the exits is chosen they have to be placed at optimal points
in the computation graph. The groups of layers used to determine the exit count
can be used as a draft for these placements. Placing the exits equidistant along
the network is also a reasonable approach but inferring these positions based on the
network architecture and the data set complexity will yield optimal results. In the
case of HRNet, once again multi-resolution blocks are a very good draft for these
placements.

3.4.2 Design of segmentation heads and the additional train-
able blocks

Because the exit points are located across the network, the default segmentation
heads may be appropriate to reuse because the dimension of the feature maps ob-
tained from these exit points and the executed input to the segmentation heads
may differ. However, in the case of HRNet, there is a feature map with the same
resolution as the input at the end of each multi-resolution block, so the processing
required can be kept to a minimum by employing simpler blocks in the segmenting
head. However, to compensate for the decreased receptive Fields, a few additional
trainable blocks would be required. These can be a few convolution blocks placed
between the exit point and segmentation head as represented in figure 3.5. Fur-
thermore, because the segmentation head may come across distinct features that
are distributed differently, retraining these specific to these feature maps could be
beneficial.
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Figure 3.5: Multi-exit HRNet Architecture

3.4.3 Selection and implementation of exit methodology
Selection of the strategy that will decide if the network prediction is good enough
to halt further processing of the input data. This would be directly responsible for
handling the latency vs accuracy trade-off in the system. Strategies are mainly based
on the confidence metrics. At the end of each block of processing that is separated
by exit points, the network analyzes the output and rates the confidence in its
prediction. When the confidence level is higher than the pre-defined thresholds, the
network halts the further processing and returns the prediction. We have studied
different exit strategies to identify the best one in terms of performance which are
discussed in detail in the next section.
In the context of multi-exit networks, determining whether to opt for an early exit or
process the image through the whole network remains a challenging task. Without
the right exit strategy in place, there is a risk that easy examples will be processed by
the whole network (which is wasteful) or that complex examples will make an early
exit (which may harm the quality of the output). To make the correct decision, the
multi-exit network must be able to determine what performance/accuracy gain can
be expected if the image is processed further, even at the time when the image has
only been processed by parts of the network. This thesis studies different approaches
to design an exit strategy that efficiently handles the potential trade-off between
inference speed and accuracy for multi-exit networks.

3.4.4 Exit strategy based on Entropy
A common way of determining the likelihood of the prediction without knowing the
ground truth is to use entropy, which measures the amount of uncertainty in the
prediction. If the entropy is low, it means that the prediction is very certain. If
the entropy is high, it means that the prediction is very uncertain. while if the
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entropy is low, the network should interrupt the execution and make an early exit.
For semantic segmentation, the entropy is calculated using the predicted output at
each exit of the model. The per-pixel entropy is given by formula 3.3 and the total
entropy for the segmented output is calculated by taking an average of the per pixel
entropies.
During the network training, values for entropy and accuracy at different branches
are recorded, which is utilized to identify the threshold entropy involved in the
decision-making. The task of choosing these threshold entropies can be thought of as
an optimization problem in which we aim to maximize the entropy threshold value,
which corresponds to the maximum early exits, while keeping the bare minimum
accuracy criteria. The exit strategies based on the entropy of the predictions at each
exit branch build on the assumption that the entropy has a negative correlation with
the accuracy of the predictions, which is mostly true in the case of a neural network
since the loss functions used in the training makes similar assumptions. Figure 3.6
shows the model pipeline where an exit condition is placed at the end of each stage
and the input sample takes the earliest exit if the entropy of its prediction is below
the set threshold entropy for that exit.

Figure 3.6: Entropy based early exit

However, this strategy makes no effort in estimating the expected performance gain
of processing the image further. Therefore, the network would avoid making an early
exit if the entropy of the prediction of an image is large at each exit branch, but the
prediction performance might not be any better than that of the first exit branch.
In general, one would only want to process an image further if doing so would result
in a performance benefit, which is not expressly considered in this method.

3.5 Proposed novel Exit Strategies

3.5.1 Exit strategy based on Fast Fourier Transform
We developed an innovative approach to making the exit decision in the multi-exit
semantic segmentation model by analyzing the prediction at each exit point in the
frequency domain. Fast Fourier transform is used to transform the prediction from
the spatial domain to the frequency domain. An image in the frequency domain
helps to identify certain features that are not easily identifiable in the spatial domain.
The exit criteria are determined by the range of expected mean magnitude of the
prediction in the frequency domain.
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Intuitively less accurate predictions from a semantic segmentation will have either
higher jitter in the output or outputs predicting only one of the classes for the entire
image. The mean magnitude of the prediction in the frequency domain acts as an
interesting proxy that represents this information. During training, we can set a
range of the mean FFT magnitude where we expect to achieve the desired accuracy
and use this as a criterion for making an early exit in a neural network 3.6.

Figure 3.7: FFT based early exit

During inference, if the mean magnitude of the prediction in the frequency domain
is not in the expected range, it indicates the presence of jitter/incorrectly classified
pixels in the output which is prominent in the earlier exits due to lower receptive
fields. We propose the exit thresholds to be determined by analyzing the magnitude
of the Fast Fourier transform on the prediction from training data and by objective
calculation by setting a minimum size of the segment to be determined in the image
coordinate.

3.5.2 Exit strategy with an Auxiliary Network

A more sophisticated way of deciding the exit criteria is to use an auxiliary deep
neural network for decision making, where an additional network is used to represent
the early exit preferences. The auxiliary network is trained and supervised to learn
an optimal exit strategy comparing the predictions from the multiple exits of the
semantic segmentation model and the ground truth. It is connected to all the early
exits in the main model. The trained auxiliary model 3.8 processes the prediction
from each exit and tries to makes the optimal exit decision. This ensures that the
image will be further processed by the network only when a performance gain is
guaranteed. The prediction from each stage is fed to an auxiliary network which
decides if the output has the expected accuracy or if it is required to be processed
by the subsequent stages.
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Figure 3.8: Multi-exit model with auxiliary network

The auxiliary network can be modeled in two different ways: As a classification
model or as a regression model.

Figure 3.9: Auxiliary classification model
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• As a classification model, the model uses binary classification to decide if the
prediction is good enough to take the current exit or multi-class classification
problem to decide the expected exit index. The auxiliary network 3.9 tackles
the decision-making as a binary classification problem predicting True/ False
in correspondence with the if the image should take the early exit or not.
The target variables during the training are formulated based on setting a
range for minimum expected gain that qualifies for not taking an early exit.
This range is compared with each training sample to mark binary target values.
And during the inference, these binary predictions are directly considered to
take or to skip an early exit.

• As a regression model to predict the expected value of mIoU for the output
segments. The auxiliary network 3.10 is chosen to predict the one variable that
corresponds to the accuracy of the prediction at the output with a suitable
activation function.

Figure 3.10: Auxiliary regression model

At the time of training the ground truth from inputs are used to calculate
actual mIoU, which is used as the target variable for the auxiliary network.
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After this a threshold for this value can be set based on the requirements of the
system, which will be used in the early exit strategy in the course of inference.

3.5.3 Exit strategy through Reinforcement Learning

Figure 3.11: Multi-exit reinforcement learning model pipeline

One of the primary challenges of training an auxiliary decision network is to define
objective goals that maximize the chance of optimal exit selection. The features
that are input might have different distributions at each exit point, which might
lead to inaccurate exits. In addition, the expected latency penalty of the subsequent
processing layers also plays a key role in choosing the current exit or skipping it.
To encompass expected latency as one of the deciding factors in the exit strategy,
the thesis introduces a reinforcement learning approach. A transient environment
is created based on prediction and prediction likelihood, which is used to train an
agent that learns to choose the exits. The thesis suggests a technique for creating
states based on predefined sets of bins predicated on the input metric distribution
as shown in the figure 3.12, to reduce the number of state action pairs that agents
must comprehend.

The reward given to the agent is determined by both accuracy and the latency of the
processing block. Through this technique, the agent would be encouraged to learn
the policy that optimizes the latency of the system while maintaining the required
accuracy.
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Figure 3.12: states in RL based Multi-exit network

The flexibility in choosing the inputs for the reward function would also allow en-
coding certain domain knowledge in the reward, this would allow the exit strategy
to be tuned based on the handcrafted features. An example of this knowledge could
be the use of the previous prediction in deciding the confidence of the current pre-
diction, which would have a significant impact on dealing with the prediction on
video feed with sequential frames.

3.6 Effects of Dataset Variation
For the initial validation of various exit tactics, we have run all the experiments
using an open-source CityScapes dataset. To demonstrate the generality of exit
options, these findings are confirmed using a different dataset. The second dataset
is based on the binary classification job that will be employed by Volvo’s hybrid
work environment’s primary vision systems.
The experiment setups are kept the same with those used for CityScapes evaluation,
with a few minor adjustments made to better replicate deployment conditions for
edge cloud operations.
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The primary findings of the experiments conducted in the thesis are explained in
this chapter. The sub sections describe the results of multi-exit classification model
and the multi-exit semantic segmentation model.

4.1 Multi-exit Classification Model
Two deep learning classification models LeNet and branched LeNet were trained
and evaluated using the popular MNIST dataset and this section describes the key
observations. To train the branched LeNet, the loss is calculated as a weighted sum
of losses from early exit and main exit. The weights assigned are w1 = 0.75 for
the early exit and w2 = 0.5 for the main exit. Higher weight is assigned to early
exit for more feature learning in the early stage of the network which allows more
samples to exit early with high confidence. The threshold entropy set for performing
inference is chosen dynamically by noting down the entropy of predictions during
training. Figure 4.1 shows the inverse relationship between entropy and accuracy
and the threshold entropy for attaining an accuracy of 99.4 % can be easily observed
from this graph.

Figure 4.1: Accuracy vs Entropy

Figure 4.2 shows the plots of inference time for LeNet and branched LeNet. For
branched LeNet, it shows the distribution of samples taking early exit and main exit
and the average inference time is reduced for the branched version with more samples
taking the early exit. Table 4.1 compares both models in terms of accuracy, average
flops and latency. It has been observed that the branched model has considerably
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reduced number of average floating point operations and a reduced latency with a
very slight drop in accuracy.

(a) LeNet (b) Branched LeNet

Figure 4.2: Results of classification models

Model Accuracy(in %) Average FLOPs Latency (in ms)
LeNet 97.57 281640 1.944

Branched LeNet 97.56 101287 1.692

Table 4.1: Comparison between branched and un-branched classification models

4.2 Multi-exit Semantic Segmentation

All the semantic segmentation experiments were performed on the base architecture
of HRNet-18 which was chosen among the HRNet family for the ease of training
and carrying out multiple experiments. The HRNet-18 backbone was trained using
the open source CityScpaes dataset and the Volvo dataset. Figures 4.3 and 4.4
represents the mIoU and latency distributions of HRNet-18 for CityScapes dataset
and Volvo dataset respectively. The average mIoU and average latency observed for
the CityScapes dataset were 34.8 % and 62.42 ms. Similarly, the average mIoU and
average latency observed for the Volvo dataset were 93.19 % and 114.79 ms. These
values are used as references for the further experiments conducted for the task of
semantic segmentation.
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(a) mIoU (b) latency

Figure 4.3: Results of HRNet-18 for CityScapes dataset

(a) mIoU (b) latency

Figure 4.4: Results of HRNet-18 for Volvo dataset

We developed a multi-exit semantic segmentation model using HRNet-18 as back-
bone by adding 3 exits at the end of each stages. Additional blocks and segmentation
head was designed for each exit to imrpove the quality of prediction. We trained the
model on CityScapes dataset to predict dense classes on an image. The loss function
is calculated as a weighted sum of loss functions from the three early exits and the
main exit. The weights assigned are w1 = 0.4 for the early exit 1, w2 = 0.3 for the
early exit 2, w3 = 0.2 for the early exit 3 and wm = 0.1 for the main exit, which
were chosen to provide importance to the earlier exits with inverse correlation to its
position in the network. Figure 4.5 shows the input image, ground truth mask and
the predictions from multiple exits. Exits one through four show varying degrees
of prediction quality, which shows with each added layer there is an increase in the
quality of the output. The initial exits have jitter in the prediction, which could be
due to the lower receptive fields in these branches. However, certain areas of the
image have clear and accurate predictions from the first exit. The same multi-exit
model was trained using the Volvo dataset and the figure 4.6 shows the results. The
task is binary segmentation and the characteristics of the predictions from each exit
is similar to that of CityScapes dataset.
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(a) input image (b) ground truth

(c) early exit 1 (d) early exit 2

(e) early exit 3 (f) early exit 4

Figure 4.5: Branched HRNet Inference on Cityscapes
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(a) input image (b) ground truth

(c) early exit 1 (d) early exit 2

(e) early exit 3 (f) early exit 4

Figure 4.6: Branched HRNet Inference on Volvo Dataset

4.2.1 Entropy based exit strategy
The initial experiment conducted was to study the performance of the multi-exit
model by considering entropy of the predictions at each exit point to make decisions
to exit the network. We chose entropy thresholds for each of the four exits by setting
the target accuracy to be 30 % for CityScapes dataset and 90 % for Volvo dataset.
The resultant plots have been similar for both CityScapes and Volvo dataset shown
by figures 4.7 and 4.8 respectively. The average mIoU dropped to 22.12 % for
CityScapes and 85.82 % for Volvo datasets which are less than the traget mIoUs
set for both cases. The average latency was observed to be 24.63 ms and 39.38
ms for CityScapes and Volvo datasets, respectively. The average latency has been
reduced significantly for both datasets as a large number of samples took earlier
exits. The subsequent section studies the entropy in detail for each of the four exits
and the unexpected deviation from the target accuracy set for both datasets. The
negative correlation between entropy and accuracy did not work as expected which
is due to semantic segmentation being a pixel-wise classification task that can have
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extremities incorrect and wrong predictions within the image. This might have lead
to the unexpected accuracy drop from the target value in case of both datasets.

(a) mIoU (b) latency

Figure 4.7: Results of entropy based exit strategy for Cityscape dataset

(a) mIoU (b) latency

Figure 4.8: Results of entropy based exit strategy for Volvo dataset

4.2.2 Analysis of exits with entropy

When the accuracy of the samples was analyzed with respect to the entropy at the
exit points, the distributions showed an overlapping pattern. There is not a clear
threshold that would distinguish the entropy patterns in the histograms 4.9(a) and
4.10(a), the distribution of samples taking the earlier exits is sometimes completely
shadowed by the entropy distribution of subsequent exits.
The scatter plots 4.9(b) and 4.10(b) between the accuracy and mIoU does not show
much of clear distinguishing traits or linear trends like the one that was observed in
entropy-based early exits in the classification tasks. The observations were consistent
among the two different datasets used with some contrast due to their individual
scale.
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(a) (b)

Figure 4.9: Analysis of exits with entropy for Cityscape dataset

(a) (b)

Figure 4.10: Analysis of exits with entropy for Volvo dataset

4.2.3 Analysis of exits with FFT

The values (mean FFT magnitude) of FFT-based early exits were studied with
respect to the accuracy of each sample with a similar setting as the entropy-based
exit strategy. This showed a similar trend to that seen in the branched classification
results. The histograms 4.11(a) and 4.12(a) showed a distribution order that depicts
the arrangement of the exits, starting from the last exit to the earliest one. There is
a significant overlap seen between exit 3 and the main exit (exit 4), which could be
attributed to the similarity in the results. The plots 4.11(b) and 4.12(b) between the
accuracy and the FFT values shows an inverse relationship, the increased accuracy
can be seen with a decrease in the FFT values.
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(a) (b)

Figure 4.11: Analysis of exits with FFT for Cityscape dataset

(a) (b)

Figure 4.12: Analysis of exits with FFT for Volvo dataset

4.2.4 FFT based exit strategy

As the measure of frequency in the predictions shows an inverse relationship with
the mIoU, the magnitude of FFT of the predictions at each exit point has been
considered to make decisions to exit the network. we chose the thresholds for each
of the four exits by setting the target mIoU (accuracy) to be 30 % for CityScapes
dataset and 90 % for Volvo dataset. The resultant plots have been similar for both
CityScapes and Volvo dataset shown by figures 4.13 and 4.14 respectively. The
results were as expected with 30.2 % and 90.65 % of average mIoU and 39.97 ms
and 57.40 ms of average latency for CityScapes and Volvo datasets, respectively.
The average latency has been reduced significantly compared to the baseline values
shown in figures 4.3 and 4.4.
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(a) mIoU (b) latency

Figure 4.13: Results of FFT based exit strategy for Cityscape dataset

(a) mIoU (b) latency

Figure 4.14: Results of FFT based exit strategy for Volvo dataset

4.2.5 Auxiliary model based exit strategy

Two auxiliary networks were trained using the ground truth and the prediction from
each exit so that these can take more efficient exit decisions compared to the metric
based exit strategies. The results of these approaches are explained in the following
sub-sections.

4.2.5.1 Classification model

A classification model is trained using the prediction from each exit and a binary
target value. The binary target value for a sample is decided to be False if the
expected accuracy gain from the later exits exceeds 0.1. Otherwise, it is set to True.
This ensures that further processing decision is only taken if there is an expected
performance gain. Figures 4.15 and 4.16 shows the results as expected with an
average mIoU of 31.9% and 89.25% and an average latency of 47.86 ms and 62.64
ms for CityScapes and Volvo datasets, respectively.
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(a) mIoU (b) latency

Figure 4.15: Results of auxiliary classification model based exit strategy for
Cityscape dataset

(a) mIoU (b) latency

Figure 4.16: Results of auxiliary classification model based exit strategy for
Volvo dataset

4.2.5.2 Regression model

A regression model is trained using the predictions from each exit and the mIoU
calculated using the ground truth. During inference, a sample may make an exit if
the predicted mIoU by the regression model is greater than the threshold value set.
The threshold accuracy set for CityScapes and Volvo datasets are 30% and 90%,
respectively. The average mIoU achieved are 31.48 % and 91.58% and the average
latency is observed to be 41.36 ms and 57.64 ms for CityScapes and Volvo datasets,
as shown in figures 4.17 and 4.18.
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(a) mIoU (b) latency

Figure 4.17: results of auxiliary regression model based exit strategy for
Cityscape dataset

(a) mIoU (b) latency

Figure 4.18: Results of auxiliary regression model based exit strategy for Volvo
dataset

4.2.6 Reinforcement learning based exit strategy

We trained a model-free reinforcement agent on the tabular states with a fixed num-
ber of bins. The agent used an epsilon-greedy policy while taking the action. The
epsilon was set to zero using the training, which forced the agent to prioritize the
exploration. This prioritization helps in acquiring maximum knowledge of the envi-
ronment that the agent is dealing with. After the completion of training episodes,
the agent’s learning is frozen, and the agent is instructed only to exploit the learning
that it had made previously. This was done by setting the epsilon parameter of the
agent to one.
The study was conducted in environments with states formed by two different output
exit metrics,

1. Entropy states (mean Entropy)
2. FFT states (mean FFT magnitude)
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4.2.6.1 Entropy states

The entropy-based states used output entropy from exits as an input to the prepro-
cessing unit that created states in the environment. The individual pixel entropies
are averaged and normalized using a standard scaler before categorizing them using
binning techniques.
The technique yielded an accuracy of 33.8% and 92.46% with an average latency
of 44.3153ms and 79.8214ms on CityScapes and Volvo datasets, respectively. The
detailed distribution of the results can be seen in figures 4.19.

(a) mIoU (b) latency

Figure 4.19: Results of RL based exit strategy with entropy states for Cityscapes
dataset

(a) mIoU (b) latency

Figure 4.20: Results of RL based exit strategy with entropy states for Volvo
dataset

4.2.6.2 FFT states

The configurations of the environment created for FFT states are done like the
entropy-based states. The FFT values from the segmentation prediction are con-
sidered as the input of the preprocessing block, which uses standard normalizer and
similar state binning techniques like the entropy-based state creation.
The outcome of method can be seen in figure 4.21 . The technique had 33.9%
and 93.08% of accuracy with an average latency of 44.8356ms and 80.3392ms on
CityScapes and Volvo datasets, respectively.
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(a) mIoU (b) latency

Figure 4.21: Results of RL based exit strategy with FFT states for Cityscapes
dataset

(a) mIoU (b) latency

Figure 4.22: Results of RL based exit strategy with FFT states for Volvo dataset

4.2.7 Comparison of exit strategies

The compiled results from all the exit strategies are represented in the following
tables and plots 4.23, 4.24 for the Cityscapes and Volvo datasets, respectively. The
model without branching had the best performance in terms of mIoU but also had
the worst performance in terms of latency and FLOPs. The branching architecture
with RL-based exit strategies had accuracies (mIoU) close to the no branch models,
with computations (GFLOPs) reduced to close to half of what is requested in no
branch models. The performance gain in terms of latency is also significant in
these methods. Following this, regression-based auxiliary model and FFT-based
thresholding have commendable performances in terms of accuracy (mIoU) in the
task of semantic segmentation. It is observed that the regression-based auxiliary
model and FFT-based thresholding models are better in terms of latency but the
required number of computations (GFLOPs) are much higher when compared to
the RL-based exit startegies. This implies that the RL-based approaches are less
complex and appears to be the most effective method.
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(a) mIoU (b) latency

(c) GFLOPs

Figure 4.23: Results Comparison for CityScapes dataset

Exit Strategy mean mIoU std.
mIoU

mean
Latency
(ms)

std.
Latency
(ms)

GFLOP

No branch 0.348 0.06505 62.4248 0.33385 90.2
Entropy threshold 0.2212 0.0579 24.6359 4.06192 39
FFT threshold 0.302 0.07741 39.9767 13.57318 60.5
Classification Aux. model 0.319 0.07253 47.8696 15.02366 69.8
Regression Aux. model 0.3148 0.06223 41.3675 10.13324 60
RL - entropy states 0.3381 0.06721 44.3153 1.97735 46.2
RL - FFT states 0.339 0.06518 44.8356 0.20765 46.2

Table 4.2: Performance comparison for CityScapes dataset

The relative performance of the exit strategies on a dataset (that is either Cityscapes
or Volvo) was found to be comparable with the other dataset. However, the true
values for accuracy were found to be higher in the case of the Volvo dataset because
of lesser classes in the segmentation task and the latency was higher due to the
resolution of the images used.
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(a) mIoU (b) latency

(c) GFLOPs

Figure 4.24: Results Comparison for Volvo dataset

Exit Strategy mean mIoU std.
mIoU

mean
Latency
(ms)

std.
Latency
(ms)

GFLOP

No branch 0.9319 0.02988 114.7967 8.35199 167.3
Entropy threshold 0.8582 0.04294 39.3858 0.09231 63.4
FFT threshold 0.9065 0.02623 57.4016 15.6413 84.6
Classification Aux. model 0.8925 0.06086 62.6463 27.9698 96.8
Regression Aux. model 0.9158 0.02178 57.6474 8.83003 89.6
RL - entropy states 0.9246 0.03865 79.8214 12.56519 85.5
RL - FFT states 0.9308 0.03007 80.3392 0.45784 85.9

Table 4.3: Performance comparison for Volvo dataset
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Conclusion

This chapter includes the key observations derived from the multi-exit approach
applied on a classification and a semantic segmentation model. Finally, it presents
a conclusion to the thesis work.

5.1 Discussion
This section provides an explanation and justification for the findings in the previous
chapter’s several experiments involving multi-exit neural networks. Beginning with
the straightforward multi-exit classification model, it goes on to discuss the outcomes
of the multi-exit semantic segmentation model that had a variety of exit strategies
applied to it.

5.1.1 Multi-exit Classification Models
Experimenting with branching a deep learning model, adding multiple exits, and
specifying appropriate exit criteria yields significant performance benefits in terms
of average inference time. Considering the models evaluated, the multi-exit classifi-
cation model shows a decreased inference time compared to the original unbranched
model with little compromise on accuracy. The exit criteria based on entropy of the
prediction at the exit point worked very well as the entropy clearly shows an inverse
correlation with accuracy of the classification model. The observations of the initial
experiment conducted with the simple multi-exit classification shows that there can
be great performance benefits when it is replaced by a bigger model with numerous
layers.

5.1.2 Multi-exit Semantic Segmentation Models
When the state-of-the-art semantic segmentation architecture HRNet was modified
to a multi-exit model, the average inference time was observed to be reduced signifi-
cantly with a slight reduction in accuracy. However, the criteria used for deciding the
early exit plays an especially key role which is discussed in detail in the subsequent
sections.

5.1.2.1 Entropy based exit strategy

Though the entropy metric is an effective strategy for the classification problem, it
did not perform well with semantic segmentation as it is a pixel-wise prediction task.
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The uneven trends in the plot between accuracy and entropy may result in providing
high-confidence decisions for predictions that are incorrect. Furthermore, DNNs are
typically also prone to overfitting training data and providing overconfident predic-
tions for unseen data. In such cases, the assumption that entropy has a negative
correlation with the accuracy of the prediction is violated, and therefore any exit
strategy solely based on entropy would fail, which was evident in the experiments.
It is also observed that the entropy-based exit strategy makes no effort in estimating
the expected performance gain of processing the image further. Therefore, in the
case that the entropy of the prediction of an image is high at each exit branch the
network would refrain from making an early exit, but in the end, the performance
of the prediction may be no better than that of the first exit branch. In general,
one would only want to process the image further if a performance gain is expected
by this, which is not explicitly considered in this approach.

5.1.2.2 FFT based exit strategy

The FFT based exit approach was found to be innovative and to be superior than
entropy-based values in the results. The mean FFT magnitude seeks to capture the
essence of the entire image in a single value and attempts to describe the image
in the frequency domain. In the studies, it was shown that the predictions for
the image with lower accuracy had more jitter than the predictions for the image
with higher accuracy, and the FFT value of the accurate results will fall within
a certain range of frequency. This is evident in early exit points and is caused
by the earlier processing blocks’ smaller receptive fields. The thesis attempted to
quantify this jitter by measuring the frequency components in the image as part of
the FFT-based exit strategy. These assumptions turned out to be accurate, and on
both datasets, the exit strategy performed better than the entropy-based approach.
However, the approach continues to fall short in addressing some of the problems
with entropy-based exit strategies, such as estimating the projected performance
improvement and doing away with manual threshold selection for accuracy.

5.1.2.3 Auxiliary model-based exit strategy

The sophisticated method of using an auxiliary neural network for the performance
analysis of host neural networks had improved performance than the previously
discussed exit strategies. The idea was developed to harness the power of neural
networks as universal function approximate, in this case trying to approximate the
function, if the exit is good enough. The method based on classification was suc-
cessful in including the expected performance gains in the subsequent exits. But it
made the model rigid, as the minimum expected performance gain was embedded in
the model and could not be changed without retraining the model. The regression-
based strategy performed superior to the classification but persisted with overhead
of selection of the threshold for what is the minimum expected accuracy.
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5.1.2.4 Reinforcement learning based exit strategy

Reinforcement learning techniques with an idea to encode the current exit index
in the decision-making process were proven to be successful. The exit strategy
outperformed all the previous exit strategies with accuracies comparable with the
model with no branch. The techniques also offered significant latency improvement
and reduced processing requirements. This is due to the RL method at its core
trying to find the threshold for different exits and in different metric ranges while
considering a complex reward that includes latency as one of the input parameters. It
reduces the computational overhead by mocking away from complex neural networks
in the decision-making process of exit selection. The thesis tried to evaluate two
sets of input parameters in the creation of the states. Both performed well but the
FFT metric takes the edge because it gives a better representation for the predicted
segmentation after the transformation.

5.2 Conclusion
The thesis study focuses on using multi-exit architecture to improve the latency
of deep learning neural networks, making them more suited for time-critical real-
time applications. It began by branching a simple classification model and observed
the performance improvements in the form of reduced average inference time when
majority of the less complex samples took the early exit. The same strategy was
applied on a bulky semantic segmentation architecture like HRNet and the results
were as expected in terms of latency benefits. With a slight drop in accuracy, the
model’s latency was lowered to half that of an un-branched model. However, the use
of entropy as an exit strategy has been found to be challenging because it does not
necessarily have a negative correlation with accuracy/performance. Exit strategy
based on a new metric which is the FFT of the prediction enhanced the performance
in terms of improved accuracy along with reduced latency. More sophisticated exit
strategies like employing an auxiliary model and a reinforcement learning approach
has been studied and evaluated which has the added advantages of predicting the
performance improvement with further processing and elimination of threshold se-
lection. The reinforcement learning based exit strategy appears to be the most
efficient with accuracy comparable to that of the reference unbranched model and
notable latency and computation reduction.
Introducing the multi-exit strategy to a real-time computer vision system, like the
central vision system in Volvo GPSS would significantly improve the throughput
and efficiency of the resource handling. It allows a differential allocation of these
resources as the resources get free from the samples taking the early exits.

5.2.1 Future works
As a future work individual branches can be trained using the knowledge distillation
process with the output from the main branch as the master. This would provide
the opportunity to early branched to mimic the main branch with granular target
parameters.
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An evolutionary neural architecture search can be explored where the exit points and
the additional trainable blocks can be selected efficiently to improve performance.
This would reduce the overhead of the selection of optimal exit points for arbitrary
neural network architecture.
Possibility of using Bayesian neural networks and evidential deep learning to esti-
mate the confidence of each prediction which can be used in the early exit criteria.
This would allow the estimation of uncertainty in the model and the data to help
decide better multi-exit strategies.
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