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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-o [Hetween 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 oLerkd 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 arti cial 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 e ort required

in engineering the features that have good correlation with the parameters a ecting
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 elds 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 e cient.
When discussing these topics, there are a few important questions that needs to be
considered: are these tremendous amounts of computation justi ed? 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
e ciently on equal terms - a Uni ed Environment [2]. This is crucial from the per-
spective of exible 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 su er [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 oor 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 e cient 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 signi cant role in identifying the barriers on the
factory oor, 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 work ow.

The next objective is to ne-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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plication to any semantic segmentation architecture. This is accomplished by
ne-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 ne 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 eld 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 classi cation. 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 di cult. 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 e cient inference depending on the com-
plexity of the input sample. The resulting design should allow the speed-accuracy
trade o to be tailored to the need of the system.

1.4 Related works

Multi-exit neural network architectures for improving feed forward inference e -
ciency has received a lot of attention from the research community. Panda et al.
proposed a conditional deep learning (CDL) technique in which the di culty of
identifying input samples are observed by iteratively adding linear classi ers to each
convolutional layer [20]. The output of each linear classier is observed to decide
whether classi cation 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 e ort based on the di culty 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 signi cantly reduce the inference time. Both Branchynet
and CDL addresses classi cation 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 e cient
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 e cient
inference based on the di culty 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 rst 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 nal 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 exibility to model computation. Such a
model makes a number of intermediate predictions between the rst and last exits.
The prediction continues to the nal 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 elds and smooth spatial noise.
The work proposes spatially adaptive inference, taking advantage of spatial structure
and makes predictions for di erent pixels at di erent 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 con dence for semantic segmentation.
The output of each exit is masked by thresholding the con dence of its predictions
such that further computations are reduced for su ciently con dent pixels. This
con dence 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 speci cations intended for
deployment on edge cloud clusters.

Additionally, the thesis explores various approaches for designing an exit strategy
to manage well the trade-o 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 re ne 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.



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 rst two
sections brie y 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 fth sections explains the concepts of reinforcement learning and fourier trans-
form of images respectively which are the novel techniques employed for an e cient
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 e ectively 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 bene ts
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 over tting and mitigation of vanishing gradients as well [27].

There are di erent 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 rst, 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]

con dent the network is its predictions. For a classi cation problem, entropy of the
classi cation result is considered as a measure of con dence. If the entropy value
at an early exit is below a threshold value, the exit is con dent 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 con dent 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 diers from image classi cation 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 elds [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 e ective for semantic segmentation due to the impressive
guality 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 classi cation,
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 classi cation 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 e cient and allows for e cient feature reuse [13].

For e cient 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 di erent kernel sizes and strides to the
output feature map of CNN. It is followed by upsampling and concatenation layers
to form the nal feature representation. Downsampling feature maps, as we know,
broadens the receptive eld, but the broader context comes at the expense of re-
duced spatial resolution. Dilated (atrous) convolutions is an alternative approach
that provides a wide eld of view while preserving the full spatial resolution. By
adjusting the dilation rate, the same Iter 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 eld of semantic segmentation.
HRNet [28] stands for high resolution network referring to the high resolution of the

8



2. Background

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.

X
Loss = Ytrue |Og(ypred) (2-1)

classes

2.3 Multi-exit approach on Semantic Segmenta-
tion

This thesis study aims to implement an e cient 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 nal 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 gure 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 con dence 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 gure 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 di erent situations [26].

10
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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 NN is given by formula 2.2 where
f(i,)) 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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1 1 )
Fk:1) = XX fij)e 2 (e (2.2)
i=0 =0

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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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 speci cs of a multi-
exit classi cation model designed to evaluate the performance advantages o ered 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 nal 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. Itis 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 classi cation 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 (loU) between the two
as shown in gure 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 nishes, 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 oating point operations of a model. fvcore contains a op counting
tool for pytorch models which provides both operator level and module level op
counts. It displays the op 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 ops, op counts for all sub modules and op counts over di erent operator
types. fvcore is used to claculate the ops count for all the experiments in this thesis.

3.2 Multi-exit Classi cation Model

To study the performance bene ts of multi-exit approaches, we rst studied their
performance bene ts when applied to two classi cation models, LeNet and Branched
Lenet. The dataset used for the experiments is MNIST dataset. Lenet architecture
consists of two convolution layers followed by a Recti ed Liner Unit (ReLU) and
max pooling layers and 3 fully connected dense layers. For branched Lenet, an early
exit is added after the rst 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 gure 3.2.

During training the models, we use the most common loss function for classi cation
task, softmax cross entropy. Let y be the one-hot ground-truth label vector, x be
an input sample,y be the predicted vector and C be the set of all possible labels,
the loss function is given by the formula 3.1.

1 X
Ly = Ja yclogge (3.1)
c2C

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 and w, are
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Figure 3.2: Branched LeNet architecture
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weights assigned to each exit andiLand L, 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,

LOSSpranched = W1 L1+ Wy Lo (3-2)

This loss is back propagated through the network and weights are updated using
gradient descent. During inference, if the classi er at the early exit is con dent 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 con dence. Entropy for a
prediction is given by, X
Entropy (y) = yclogye (3.3)

c2C
Where vy 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
DeeplLab 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 classi cation, 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 gure 3.3. There are four stages with the
rst 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 di erent 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 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 e ective modi cation 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 gure
3.4 which is used for estimating segmentation maps. The modi ed 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 modi ed 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 ner 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 di er. 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 gure 3.5. Fur-
thermore, because the segmentation head may come across distinct features that
are distributed di erently, retraining these speci ¢ to these feature maps could be
bene cial.
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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-o in the system. Strategies are mainly based
on the con dence metrics. At the end of each block of processing that is separated
by exit points, the network analyzes the output and rates the con dence in its
prediction. When the con dence level is higher than the pre-de ned thresholds, the
network halts the further processing and returns the prediction. We have studied
di erent 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 di erent approaches
to design an exit strategy that e ciently handles the potential trade-o 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 di erent 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 e ort 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 rst exit branch.

In general, one would only want to process an image further if doing so would result
in a performance bene t, 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 identi able in the spatial domain.
The exit criteria are determined by the range of expected mean magnitude of the
prediction in the frequency domain.

20



3. Methods

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 classi ed
pixels in the output which is prominent in the earlier exits due to lower receptive
elds. 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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