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Abstract

Recent advancements in language and vision tasks owe their success largely to the

Transformer architecture. However, the computational requirements of these models

have limited their applicability in resource-constrained environments. To address this

issue, various techniques, such as Weight pruning, have been proven effective in re-

ducing the deployment cost of such models. Additionally, methods tailored just for

transformers, such as linear self-attention and token early exiting, have shown promise

in making transformers more cost-effective. Nevertheless, these techniques often come

with drawbacks such as decreased performance or additional training costs. This thesis

proposes a layer-skipping dynamic vision transformer (ViT) network that skips layers

depending on the given input based on decisions made by a reinforcement learning

agent (RL). To the best of our knowledge, this work is the first to introduce such a

model that not only significantly reduces the computational demands of transformers,

but also improves performance. The proposed technique is extensively tested on var-

ious model sizes and three standard benchmarking datasets: CIFAR-10, CIFAR-100,

and Tiny-ImageNet. First, we show that the dynamic models improve performance

when compared to their state-of-the-art static counterparts. Second, we show that in

comparison to these static models, they achieve an average inference speed boost of

53% across different model sizes, datasets, and batch sizes. Similarly, the technique

lowers working space memory consumption by 53%, enabling larger input processing

at a time without imposing an accuracy-speed trade-off. In addition, these models

achieve very high accuracy when tested in transfer learning scenarios. We then show

that, although these models have high accuracy, they can be optimized even more

through post-training using genetic algorithms (NSGA-II). As such, we propose the

joint RL-NSGA-II optimization technique, where the GA is aware of the dynamics of

skipping through the RL reward. These optimized models achieve competitive perfor-

mance compared to the already high-performing dynamic models while reducing the

number of layers by 33%. In real-world applications, the technique translates to an

average of 53% faster throughput, reduced power consumption, or lower computing

costs without loss of accuracy.
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Chapter 1 Introduction

Over the past decades, machine learning has shown impressive growth as it became ubiqui-

tous in both academia and industry [4]. In particular, Deep learning, over the past decade,

became the go-to strategy for complex and massive datasets [5]. Applications such as speech

recognition [6], speech generation [7], image generation [8], image classification [3], protein

folding [9], game playing [10], and language models [11] have greatly benefited from this

innovation. Such success of deep learning is mostly propelled by the abundance of data and

the ever-increasing computational power of Graphical Processing Units (GPU) [12]. The

internet, social media, and investments made by large technology corporations enabled the

gathering of vast amounts of data [13, 14, 15]. At the same time, the innovation in the

production of computer chips both for CPU as well as GPU accelerated the accessibility of

powerful computing power [12]. As a result, researchers and engineers were able to develop

large models that can learn the vast complexities of a given data [16].

Deep learning is any learning system that transforms signals or inputs through multiple

levels to turn them into prediction or output [4]. As such, an input is propagated through

several layers of transformation [5]. As complexities in the data increase, the required num-

ber of layers also increases. Hence, datasets containing images or text require the possible

largest number of layers depending on the model type [13, 17, 3]. Furthermore, each layer

has to sufficiently represent a certain transformation. Due to these reasons, sufficient deep

learning models have both depth and width [18]. Figure 1 shows how much deep learning-

based language models have grown in size over the years.

In particular, the Transformer [19], a recent deep learning architecture, has gained significant

popularity in the fields of natural language processing [19], computer vision [3], multimodal

data [20], and beyond [21, 22]. It adopts the mechanism of self-attention, which allows it

to differentially weigh the significance of each part of the input data. Unlike traditional
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recurrent neural networks (RNNs) [23, 24] or convolutional neural networks (CNNs) [25],

the Transformer does not rely on recurrence or convolutions. Instead, it utilizes attention

mechanisms to capture relationships between different elements of the input [19].

In the context of NLP, the Transformer has revolutionized the field by significantly im-

proving the performance of translation models [19, 26]. By leveraging self-attention, the

model can effectively capture dependencies between words in a sentence, leading to bet-

ter understanding and generation of text[19]. This has made the Transformer particularly

effective for tasks such as machine translation [19], text summarization [27], sentiment anal-

ysis [28], and question answering [29]. Furthermore, the Transformer’s capabilities extend

beyond NLP as it has been successfully applied to image-related tasks in computer vision

[3, 30]. The self-attention mechanism allows the model to capture long-range dependencies

in images, enabling it to understand and analyze complex visual patterns[19]. This has led

to remarkable progress in tasks such as image classification [3], image generation [8], and

image captioning [31].

Moreover, the Transformer has shown its effectiveness in handling multi-modal datasets

[20, 32, 33], which involve multiple types of data sources, such as text, images, and audio.

Its ability to model relationships between different modalities through attention mechanisms

makes it suitable for tasks that require fusion and interaction between diverse data sources

such s video analysis [34], visual question answering [35], and audio-visual speech recognition

[36].

Overall, the popularity of the Transformer can be attributed to its outstanding performance

across a wide range of tasks and data types and efficient use of the powerful GPUs through

parallelization techniques [19]. As such it has become the go-to choice for deep learning

practitioners working with different types of data.
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Figure 1: The ever increasing size of large language models - Taken from TextCortex. X-axis

shows the release time of the models. Y-axis shows the number of parameters the models

have in billions.

1.1 Motivation

1.1.1 Computational Demand

Although Transformers have shown to be an excellent choice in many settings, such versa-

tility or impressive performance do not come without a price as they demand large datasets

and sufficient compute power that comes with it [3, 19]. This high computational demand

for Transformers is attributed to the self-attention costly operation and the feed-forward

layer that increases the model’s complexity [19, 37].

Another aspect that adds to the computational demands of Transformers is their parallel

nature[19]. Unlike traditional RNNs [23] that process sequential data sequentially, Trans-

formers can process the entire sequence in parallel due to the attention mechanism [19].

This parallel processing offers efficiency benefits but still requires significant computational

resources to handle large-scale datasets or complex tasks effectively. Furthermore, the need
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for extensive training data is another consideration as it increases both the data acquisition

and processing cost [3].

1.1.2 Negative Environmental Impact

The high resource requirements of deep learning models can lead to a negative environmental

impact primarily through carbon emissions [38, 39, 40]. The training and deployment of these

models rely on power-hungry hardware infrastructure, such as high-performance servers and

data centers, which consume significant amounts of electricity [41]. Often, this electricity

comes from non-renewable sources like fossil fuels, resulting in the release of carbon dioxide

(CO2) into the atmosphere. Additionally, the Transformer based large-scale training process,

which involves processing vast datasets, further amplifies the computational requirements

and subsequent environmental impact [42], necessitating the need for sustainable practices

and energy-efficient approaches in AI development.

1.1.3 Widening Economy Disparity

In addition to the environmental impacts, large models can contribute to increased eco-

nomic disparities globally [43, 44]. The computational demands of training and running

these models often necessitate access to substantial computing infrastructure and resources,

which can be costly to acquire and maintain [3]. This puts a financial burden on organi-

zations and individuals seeking to utilize Transformer models for various applications. As

a result, economically disadvantaged regions or communities may face barriers to accessing

and benefiting from the advanced capabilities of these models, further widening the digi-

tal divide and exacerbating existing economic disparities [43, 44]. The unequal distribution

of resources and opportunities related to Transformer models can perpetuate inequalities,

limiting the participation and potential of marginalized populations in the rapidly evolving

landscape of natural language processing and AI technologies [43, 45].

As the utilization of Transformer-based models continues to expand across various domains,
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their advantages have garnered significant attention [26]. In light of this, the thesis places a

specific emphasis on these models and strives to enhance their efficiency in terms of compu-

tational power requirements. To achieve this goal, this work devised the RL-based Dynamic

Transformer Network, a novel network architecture that exhibits the remarkable ability to

bypass irrelevant layers during input processing. By skipping unnecessary computations,

the Dynamic Transformer Network effectively reduces the overall processing time without

sacrificing performance or accuracy.

1.2 Statement of the Problem

Deep learning networks have grown in size mostly as a result of advancements in processing

power, data accessibility, and algorithmic advancements [5]. Modern deep learning models

like GPT-3 [11], for instance, have around 175 billion parameters. They have astounding

performance on a variety of tasks due to their superior parameter count, which allows them

to catch minute details and complex nuances in the input data [26, 41].

Such an enormous size offers both advantages and difficulties. On one hand, larger models

may be more accurate and generalize more effectively across diverse datasets [26, 11, 3].

On the other side, the amount of processing power needed to develop and use these models

can be enormous, creating massive infrastructure, energy, and memory demands[3]. In most

cases of these models, the increase in model size does not result in a linear accuracy gain

[46, 19, 3, 30].

Several works tried to alleviate the problem of Transformer efficiency through various tech-

niques such as weight pruning [47, 48] quantization [49, 50, 51] and low-rank approximation

[52, 53, 54, 55]. However, these methods effectively reduce the model size, which results

in performance degradation[47, 48, 52, 53]. Knowledge Distillation (KD) [56, 30] has also

been effective in lowering the computational requirement of Vision Transformer. However,

the process of distillation works by transferring dark knowledge from a teacher network to a

5



student network [56]. As such the training of the teacher itself requires extra effort which is

a significant cost to consider[30].

Sparsification through token and attention pruning is also another option to reduce the

computation of Transformers [57, 58, 59, 60, 59, 60]. Unfortunately, similar to the pruning

and quantization methods, these methods also result in a performance drop.

Adaptive techniques such as layer skipping and early exit methods, which are very close

to this work, were also explored [61, 62, 63]. However, these works suffer from accuracy-

speed trade-offs due to challenges in routing decision-making [64, 65].

The general trend in the above works is the accuracy-speed trade-off problem - when an

efficiency strategy is applied, accuracy drops. Furthermore, some of these methods, al-

though they increase performance, they require task-specific information [62]. In methods

such as weight pruning and quantization, this trade-off is inevitable since there is a reduc-

tion in model size [66]. In other methods such as early exiting and layer skipping, [64, 65]

identified that, among several challenges, decision-making of exiting or skipping is still a

major challenge in dynamic networks. Nevertheless, skipping layers or early exiting comes

naturally in many scenarios. For instance, in the Vision Transformer model case [30], while

one can archive an 83% accuracy on ImageNet [67] using 12 layers, it has to be doubled to

24 to achieve 87% accuracy, twice the computational cost for 4% accuracy gain. This shows

that the first 83% of the images do not need the additional layers. Hence, one can raise the

question Can the extra new layers be skipped for those images that have been successfully

classified with the first 12 layers? Related works such as [68, 69, 70] tried to approach this

problem through various skipping strategy. However, they suffer from accuracy-speed trade-

offs, require high memory usage or are simply limited to CNNs architecture.

In contrast, this work investigates whether, given an input, irrelevant layers can be skipped
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without compromising performance for vision transformers [3]. As we will prove in subsec-

tion 4.2.2.1, some layers are irrelevant for certain inputs while they are critical for others.

Such a need-based or adaptive layer activation mechanism results in an efficient model as it

results in lower computations. Thus the statement of the problem is: Can an adaptive layer

activation mechanism be developed to skip irrelevant layers when processing inputs, leading

to reduced computation while maintaining high accuracy?

1.3 Research Questions

RQ1 How can the training process of Transformer models be modified to enable adaptive-

ness and the ability to skip layers, resulting in more efficient inference?

RQ2 How will the technique generalize across different datasets and model sizes in the

context of a vision problem?

RQ3 How does the proposed system improve efficiency in terms of both time and space?

1.4 Objectives

1.4.1 General Objective

To develop a layer-skipping Vision Transformer that can lower computational demand with

respect to the plain transformer network.

1.4.2 Specific Objective

• To develop an adaptive mechanism that dynamically identifies and skips irrelevant

layers based on the input characteristics.

• To assess the generalizability of the optimized dynamic neural network on various

datasets and model sizes.

• To investigate and analyze the impact of layer skipping on the execution time and

memory usage of the model.
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1.5 Significance

As outlined in the Motivation section (1.1), deep learning has both advantages and disad-

vantages. Without careful implementation, it can lead to environmental issues and widen

the economic gap, placing already marginalized communities at a significant disadvantage.

Therefore, it is crucial to pursue the development of affordable AI models to ensure that

the benefits of this field are accessible to all of humanity. While other researches focus

on reducing costs, this work equally prioritizes accuracy in the pursuit of an affordable AI

model.

1.6 Contribution

Reinforcement Learning Based Layer-Skipping Dynamic Vision Transformer:

This thesis presents a novel dynamic vision transformer network that incorporates reinforce-

ment learning-based layer-skipping, significantly reducing computational demands of the

Transformer network while improving performance. By conducting extensive evaluations

on various model sizes and three standard benchmark datasets (CIFAR-10, CIFAR-100, and

Tiny-ImageNet), the technique consistently outperforms static counterparts in terms of both

efficiency and performance. The models achieve an average inference speed boost of 53% and

lower working memory consumption by 53%. Overall, the proposed model shows promising

results for computation under low resource settings without compromising accuracy.

Post-training Optimization Through Joint RL-NSGA-II Training: Following the

introduction of the layer skipping method, this work analyzes the models and identifies key

limitations. Then the joint RL-NSGA-II training mechanism is proposed to alleviate the

limitations, demonstrating further improvements in efficiency and providing control over the

accuracy verses further-efficiency trade-off.
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1.7 Scope

The scope of this work is only on the Vision Transformer [3]. This is because Transformers

have gained significant interest in the research as well as the industry settings due to their

versatility across different problem domains. We limit the work to the vision domain, simply

due to time constraints and the computation budget available. With regards to the dataset,

this work focuses on three standard and publicly available datasets namely: CIFAR-10/100

[1] and Tiny-Imagenet [2].

1.8 Thesis Structure

The rest of this document discusses the formulation of the proposed technique. Chapter 2

builds the foundations of deep learning in subsection 2.1. It further explains the various ways

of making deep learning models efficient by focusing on Transformers under subsection 2.2.

Finally, it presents the related works that are closely related to this work both in technique

and objective in subsection 2.3.

Chapter 3 discusses the methodology proposed. Subsection 3.4 formulates the reinforce-

ment learning agent-based dynamic transformer network. Subsection 3.5 then points out

three weaknesses of this model and proposes a method to mitigate them. Following that,

Chapter 4 presents the experimentation and the findings. Subsection 3.4 presents the models

and the algorithm used to train them. Then subsections 4.2 & 4.4 discuss the various findings.

Finally, Chapter 5 concludes the whole study by highlighting key contributions and rec-

ommendations.
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Chapter 2 Literature Review

2.1 Foundations

This section will discuss the important foundations that are needed for the proposed solution.

2.1.1 Deep Learning

2.1.1.1 Perceptron

Deep learning is a mechanism where a learning system propagates signals through multiple

layers where each layer uncovers important features where, eventually, these features are

used to predict an output [5]. Such a model can be constructed with a neural network.

The initial attempt to create such a model was the perceptron [71]. Perceptron is a linear

classifier that uses a thresholding function denoted as H(x;w, b), which is defined as:

H(x;w, b) =

1, if w · x + b > 0

0, otherwise

(2.1)

where, H(x;w, b) represents the output of the perceptron for a given input vector x, weight

vector w, and bias term b. The perceptron calculates the weighted sum of the input vector

and bias term (w · x + b) and compares it to 0 [71]. If the result is greater than 0, the

perceptron outputs 1; otherwise, it outputs 0 [71].

One of the main problems with the perceptron algorithm is if the data cannot be sepa-

rated by a straight line or plane, it will not be able to accurately classify it[72]. Minsky

and Papert [72] demonstrated that the perceptron, and similar linear classifiers, are unable

to solve problems that require non-linear decision boundaries, such as the XOR problem.

This was a significant result, as it helped to inspire the development of multi-layer neural

networks.
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2.1.1.2 Multi-layer Perceptron (MLP)

The multi-layer perceptron (MLP) represents an advancement over the original perceptron

in terms of its capabilities and learning abilities [73, 5]. While the original perceptron was a

single-layer neural network, the MLP introduces multiple layers of interconnected neurons,

offering enhanced computational power and the ability to learn complex patterns and rela-

tionships [74, 75, 76].

The perceptron was only capable of linearly separable classification tasks, as it employed

a simple step function activation and could only solve linearly separable problems [72]. In

contrast, the MLP overcomes this limitation by incorporating nonlinear activation functions,

such as sigmoid [76], hyperbolic tangent [77] or ReLU [78], in its hidden layers. These nonlin-

ear activation functions introduce nonlinearity into the model, enabling it to learn non-linear

boundaries [75]. Additionally, the MLP employs a layered architecture, where each layer is

composed of multiple neurons. The neurons in each layer are interconnected with weights,

allowing information to flow through the network in a feed-forward manner [5]. This layered

structure enables the MLP to learn complex functions [75, 5].

The MLP utilizes the backpropagation algorithm [79] to optimize the parameters. Back-

propagation is an efficient algorithm that allows the MLP to adjust the weights of its con-

nections based on the discrepancy between the predicted output and the desired output [5].

By iteratively updating the weights using the error signal propagated from the output layer

to the input layer, the MLP can learn to improve its predictions and minimize the overall

error through gradient descent [5].

Overall Deep learning refers to training neural networks with multiple layers of certain

structures, of which multi-layer perceptron is one [5]. Through the use of multiple hidden

layers, deep learning models are capable of automatically learning hierarchical representa-

tions of data [25, 46], enabling them to extract intricate patterns and features from complex
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datasets. The depth of the network allows for the extraction of increasingly abstract and

high-level features as information passes through each layer, contributing to the power and

effectiveness of deep learning models in solving complex tasks [80]. This hierarchical rep-

resentation learning, combined with the ability to train deep networks using large amounts

of data, allows deep learning models to achieve state-of-the-art performance in various do-

mains [26, 3]. Apart from the MLP, other kinds of layers can be employed. The following

subsections will discuss some of them.

2.1.1.3 Convolutional Neural Networks (CNN)

Although MLPs are powerful at learning complex functions, they struggle to effectively pro-

cess structured data due to their inherent design [25]. For example, when confronted with

image classification tasks, MLPs encounter two primary issues. Firstly, MLPs treat each in-

put feature as independent, disregarding the spatial relationships present in images [25]. This

limitation hampers their ability to exploit the locality and hierarchical structure found within

visual data. Consequently, the models are incapable of capturing translational invariance,

i.e., recognizing an object regardless of its location within the image [25]. Secondly, MLPs

suffer from an explosion in the number of parameters when processing high-dimensional in-

puts such as images [25]. Since each neuron in a fully connected layer is connected to every

neuron in the preceding layer, the model becomes increasingly prone to overfitting and com-

putationally expensive as the input dimensionality grows [25].

Convolutional Neural Networks [25] were specifically designed to overcome the limitations

of MLPs in processing structured data. CNNs incorporate a specialized architecture that

allows them to efficiently learn and exploit the spatial and hierarchical structure present in

images [25]. At a fundamental level, CNNs comprise three key components: convolutional

layers, pooling layers, and fully connected layers [25]. Convolutional layers are responsible

for learning local patterns or features within the input data [25]. These layers employ a set

of learnable filters that slide over the input, performing element-wise multiplications and

aggregating the results [25]. This process enables the network to detect and capture local
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patterns, such as edges or textures, while preserving spatial relationships [25, 80]. A 2D con-

volution operation involves applying a filter or kernel to an input image to extract relevant

features. Let I be the input image and K be the convolutional kernel. The 2D convolution

operation is defined as follows [5]:

Output[i, j] =
∑
m

∑
n

I[i + m, j + n] ·K[m,n] (2.2)

Here, i and j represent the spatial coordinates of the output feature map, and m and n rep-

resent the spatial coordinates of the kernel. The output feature map is obtained by sliding

the kernel over the input image, performing element-wise multiplications between the corre-

sponding elements of the kernel and the overlapped image region, and summing them up[25].

The 2D convolution operation can be efficiently implemented using matrix operations, such

as the dot product between the input image patch and the flattened kernel weights [25].

Pooling layers or sub-sampling [25] follow the convolutional layers and aim to down-sample

the learned features, reducing their spatial dimensions. By summarizing the information

present in the feature maps, pooling layers enhance the model’s spatial invariance and com-

putational efficiency [5]. Lastly, fully connected layers, akin to those in MLPs, perform

high-level feature learning and make predictions based on the learned features [81]. These

layers aggregate the spatially encoded information into a compact representation, which can

be further utilized for classification, regression, or retrieval tasks [13].

2.1.1.4 Recurrent Neural Networks (RNNs)

While spatial data can be handled using CNNs, sequential datasets require a different way

of treatment [5]. Recurrent Neural Networks (RNNs) are a class of deep learning models

specifically designed to handle sequential data by incorporating feedback connections within

the network [82, 23, 24]. RNNs consist of recurrently connected nodes that maintain an

internal state or memory, allowing information to persist across time steps [5]. Each node
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in the network receives an input, produces an output, and updates its internal state based

on the previous state and the current input [82].

The key feature of RNNs is their ability to process inputs of arbitrary length and cap-

ture dependencies across different time steps [23]. This is achieved by incorporating the

output of a previous time step as input to the current time step, creating a feedback loop

within the network [23, 24]. The equation of the Vanilla or basic RNN [82] is given by:

ht = σ(Whh · ht−1 + Wxh · xt + bh) (2.3)

where ht represents the hidden state at time step t, xt represents the input at time step t,

and σ is the activation function (typically a non-linear function like the sigmoid or hyper-

bolic tangent). The matrices Whh and Wxh are the weight matrices for the recurrent and

input connections, respectively, and bh is the bias term [82]. The equation can be intuitively

understood as follows: the hidden state ht at the current time step is computed by combining

the previous hidden state ht−1, the current input xt, and the bias term bh, using the weight

matrices Whh and Wxh [5]. The activation function σ introduces non-linearities to capture

complex dependencies in the sequential data [5].

This RNN model in eq (3.2) has several limitations that can hinder its performance in

certain tasks. One major limitation is the vanishing gradient problem [83], where gradients

diminish exponentially as they propagate through time, leading to difficulties in capturing

long-term dependencies. This makes it challenging for plain RNNs to effectively model and

remember information over long sequences [5]. Additionally, plain RNNs are not capable of

selectively forgetting or updating information, as they lack explicit mechanisms to control

the flow of information [84]. This can result in the accumulation of irrelevant or outdated

information, which can negatively impact the model’s ability to make accurate predictions

[5]. These limitations have motivated the development of more advanced architectures, such
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as Long Short-Term Memory(LSTM) [23] and Gated Recurrent Unit(GRU) [24], which ad-

dress these issues and have proven more effective in modeling sequential data.

LSTM [23] is a type of RNN architecture that addresses the vanishing gradient problem

in traditional RNNs and is particularly effective in modeling and processing long-term de-

pendencies in sequential data. LSTM networks are widely used in various tasks that employ

sequences such as natural language processing [85], speech recognition [86], and time series

analysis [87]. The key idea behind LSTM is the introduction of memory cells, which al-

low the network to remember or forget information over multiple time steps selectively [23].

The LSTM architecture consists of multiple memory cells, each equipped with three main

components: the input gate, the forget gate, and the output gate. The following shows the

LSTM mathematical definition [23]:

ft = σ(Wf · [ht−1, xt] + bf ) (Forget gate) (2.4)

it = σ(Wi · [ht−1, xt] + bi) (Input gate) (2.5)

C̃t = tanh(WC · [ht− 1, xt] + bC) (Candidate cell state) (2.6)

Ct = ft · Ct−1 + it · C̃t (Cell state) (2.7)

ot = σ(Wo · [ht− 1, xt] + bo) (Output gate) (2.8)

ht = ot · tanh(Ct) (Output) (2.9)

the LSTM cell consists of several key components. The forget gate ft determines which

information from the previous cell state Ct−1 should be discarded, based on the combination

of the previous hidden state ht−1 and the current input xt [23]. The input gate it determines

the relevance of the new information from the input xt [23]. The candidate cell state C̃t

represents the new information that could be added to the cell state[23]. The updated cell

state Ct is a combination of the previous cell state and the new candidate cell state, controlled

by the forget gate and the input gate[23]. The output gate ot determines which parts of the

cell state should be exposed as the output [23]. Finally, the hidden state ht is computed

by applying the output gate to the cell state after passing it through a hyperbolic tangent
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function[23]. The LSTM architecture addresses the vanishing gradient problem and allows

for long-term memory storage and controlled information flow, enabling effective modeling

of sequential data as shown by [23, 24].

2.1.2 Sequence to Sequence Models (Seq2Seq)

RNNs are designed for multiple inputs and a single output scenario [23]. However, many

real-world problems involve variable-length sequence outputs, such as machine translation

[88], text summarization [27], speech recognition [86], and more. The sequence-to-sequence

[85] model addresses this challenge by introducing a two-step process: an encoder-decoder

architecture. The encoder processes the input sequence and captures its essential infor-

mation, transforming it into a fixed-length representation called a context vector or latent

representation[5]. This context vector serves as a compressed representation of the input

sequence’s meaning and captures its semantic and contextual information [85, 89].

The decoder then takes this context vector as input and generates the output sequence

step by step, one element at a time [85]. At each step, the decoder predicts the next element

based on the previously generated elements and the context vector. The decoder can be an

RNN, typically using a type of RNN called Long short-term memory (LSTM), to capture

dependencies and generate output elements sequentially [23, 85, 89]. The following equations

show the formulation of the Sequence-to-Sequence architecture[85].

Encoder: h = Encoder(x1:S) (2.10)

Decoder: p(y1:T |x1:S) =
T∏
t=1

p(yt|y<t, h, x1:S) (2.11)

where x1:S denotes the input sequence of length S, y1:T denotes the output sequence of length

T , h represents the hidden representation produced by the encoder, p(yt|y<t, h, x1:S) repre-

sents the conditional probability of generating the t− th output token given y<t, h, and x1:S

[85].
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The sequence-to-sequence model allows for the handling of variable-length input and output

sequences, making it applicable to a wide range of tasks[85]. Leveraging the encoder-decoder

architecture enables the model to learn meaningful representations of the input sequence and

generate output sequences that preserve the desired characteristics or semantics[5]. This ap-

proach has revolutionized many areas of natural language processing, speech recognition

[90, 91, 92], and other sequence-related tasks [93, 94], enabling the development of more

accurate and context-aware models.

2.1.3 Attention

The Seq2Seq (Sequence-to-Sequence) [85] model revolutionized various natural language pro-

cessing (NLP) tasks, such as machine translation [88] and text summarization [95], by utiliz-

ing RNNs to process sequential input. However, traditional Seq2Seq models faced challenges

when dealing with long sequences[88]. The fixed-length context vector produced by the en-

coder RNN was expected to contain all the relevant information from the source sequence,

making it difficult to capture the dependencies between distant words[88]. As such [88] in-

troduced the Attention mechanism to mitigate this limitation.

Attention enhances the Seq2Seq model by allowing it to focus on different parts of the

input sequence dynamically [88]. Rather than relying solely on a fixed-length context vec-

tor, attention mechanisms enable the decoder to selectively attend to specific parts of the

source sequence during the decoding process[88]. This attention mechanism ensures that

the model assigns appropriate weights to different input elements, giving more importance

to relevant information [88]. Attention mechanisms operate in the context of an encoder-

decoder architecture[88].
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The attention mechanism can be represented mathematically as[88]:

Encoder: h1, h2, . . . , hS = Encoder(x1:S) (2.12)

Attention: et,s = score(hs, h̃t) (2.13)

Context Vector: αt,s = softmax(et,s) (2.14)

Decoder: ŷt = Decoder(yt−1, h̃t) (2.15)

Output: p(yt|y<t, x1:S) = softmax(ŷt) (2.16)

where h̃t =
S∑

s=1

αt,shs (2.17)

where x1:S denotes the input sequence of length S, yt−1 represents the previously generated

token at time step t−1, hs represents the hidden representation of the S-th input token, et,s

denotes the alignment score between h̃t, hs αt,s represents the attention weight for aligning

h̃t with hs, h̃t denotes the context vector at time step t, computed as the weighted sum

of encoder hidden states, ŷt represents the predicted output at time step t, p(yt|y<t, x1:S)

denotes the probability of generating the t-th output token given the previous tokens and

the input sequence [88].

It has been shown that Attention is able to effectively capture the alignment between source

and target sentences without relying on a fixed-length vector representation [88]. They

demonstrated the ability of the Attention mechanism to automatically learn relevant parts

of the source sentence during translation [88]. Their experimental result showed that the

joint learning of alignment and translation in Neural Machine Translation (NMT) can yield

a better representation of sequence alignment and improve upon the existing approaches in

machine translation such as plain Seq2Seq [85].

2.1.4 Transformer Network

The Seq2Seq-Attention architecture [88, 85] has one major limitation which is the serial

processing of sequences and therefore, it could not take the parallelizability advantage of

recent Graphical Processing Units(GPU). Furthermore, as sequence length increases, the
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performance of such a model drops [96]. The Transformer was motivated by the need for a

more efficient and effective way to capture long-range dependencies in sequences [19].

The key insight behind the Transformer model is the attention mechanism, which allows

the model to focus on different parts of the input sequence when processing each element

[19]. This attention mechanism enables the model to capture dependencies between words

or tokens in a sequence more effectively, even when they are far apart [97].

The Transformer, just like Seq2Seq [85], has two parts - Encoder and decoder [19]. In

addition, it has input embedding and positional embedding. Furthermore, Transformer

based models are isomorphic, which are models that have layers with the same size unlike

ResNet[46]. ResNets have layers with decreasing size as the level of the layer increases. The

following subsections (from 2.1.4.1 to 2.1.4.4) explain the details of the original Transformer

architecture by [19].

2.1.4.1 Input Embedding

In the Input Embedding, the input sequence is first transformed into fixed-dimensional em-

beddings. Each word or token in the input sequence is represented as a vector, capturing its

semantic meaning [98, 99]. These embeddings are learned during the training process. In the

Positional Encoding, since the Transformer does not have any inherent notion of word order,

positional encoding is introduced to provide information about the position of each token

in the input sequence [19]. Positional encodings [19] are added to the input embeddings,

allowing the model to consider the sequential information.

The input embedding matrix X ∈ RNxD can be represented as follows where N is the

length of the sequence and D is the embedding size:
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X =



x1

x2

...

xN


Positional Encoding: The positional encoding matrix PE can be represented as follows:

PE =



PE1

PE2

...

PEN


Each position i in the sequence is associated with a positional encoding vector PEi [19]. The

positional encoding vector for a given position i can be computed as follows:

PEi =



pos enc(i, 1)

pos enc(i, 2)

...

pos enc(i, d)


Here, d is the dimensionality of the positional encoding vector, and pos enc(i, j) represents

the value at position (i, j)in the positional encoding matrix. The specific formula for cal-

culating pos enc(i, j) depends on the chosen positional encoding scheme [19]. For example,

one commonly used approach is based on trigonometric functions like the sine and cosine

functions [19]. An other well-known method is to learn these embeddings [3].

Both the encoder and the decoder are built from the same components explained below:
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2.1.4.2 Self-Attention

This is the core component of each layer. The self-attention mechanism allows the model to

capture dependencies between different words in the input sequence [19]. It computes atten-

tion weights for each word based on its interactions with other words in the same sequence.

Self-attention involves three types of inputs: queries, keys, and values [19]. The self-attention

mechanism calculates the attention scores by computing the dot product between queries

and keys and applying a softmax function to obtain the attention weights. These attention

weights are then used to compute a weighted sum of the values, which forms the output of

the self-attention mechanism [19].

Attention Scores = softmax

(
QK⊤
√
dk

)
(2.18)

Here, the attention scores represent the relevance or similarity between the query vectors

(Q) and the key vectors (K). The dot product between the linearly transformed query vector

(Q = XWQ) and the linearly transformed key vectors (K = XWK) is divided by the square

root of the dimensionality of the query/key vectors (dk) to scale the dot products [19].

The softmax function is then applied to obtain normalized attention scores that sum up to

1, representing the weights for each word’s contribution to the self-attention output [19].

The linear transformations are performed using the weight matrices WQ, WK , and WV with

appropriate sizes. The input sequence X has a size of (sequence length, embedding size), and

the weight matrices have sizes (embedding size, dk) for WQ and WK , and (embedding size, dv)

for WV , where dk and dv are the desired dimensions for the query/key and value vectors,

respectively [19].

Self-Attention Output = Attention Scores · V (2.19)

Here, the Self-Attention Output represents the weighted sum of the value vectors (V) using

the attention scores [19]. The attention scores, obtained from the softmax-normalized dot

product between the query vectors (Q) and the key vectors (K), determine the weights

assigned to each value vector [19]. The matrix multiplication of the attention scores with

the value vectors results in a weighted sum of the values. The attention scores have a size of
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(sequence length, sequence length), representing the pairwise relevance between each word

in the input sequence. The value vectors (V) have a size of (sequence length, dv), where dv

is the dimensionality of the value vectors [19].

2.1.4.3 Multi-head attention

The outputs of all attention heads are concatenated along the last dimension and linearly

transformed to obtain the final multi-head attention output [19].

O = Concat(O′
1, O

′
2, . . . , O

′
h)WC (2.20)

Here, WC is another learnable weight matrix used for the concatenation and linear transfor-

mation step [19]. The final output O represents the result of multi-head attention, capturing

different types of dependencies in parallel. It allows the model to learn diverse representa-

tions and capture various aspects of the input sequence.

2.1.4.4 Feed-forward Network (FFN)

In the Transformer model, the basic feed-forward network (FFN) is a position-wise fully

connected neural network applied to each position independently in the sequence [19]. It

consists of two linear transformations followed by a non-linear activation function, such

as the ReLU (Rectified Linear Unit) [78, 19]. Mathematically, given an input X of size

(sequence length, dmodel), where dmodel is the dimensionality of the input, the FFN computes

the output Y as:

Y = ReLU(XW1 + b1)W2 + b2 (2.21)

Here, W1 and W2 are learnable weight matrices, and b1 and b2 are bias vectors. The ReLU

activation function is applied element-wise. This formulation allows the FFN to perform

non-linear transformations on each position independently, enabling the model to capture

complex relationships within the sequence [19].
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2.1.4.5 Transformer Layer

Multi-head Attention : Output1 = MultiheadAttention(Input, Input) (2.22)

Residual and Layer Normalization : Output2 = LayerNorm(Input + Output1) (2.23)

Feed-Forward Network : Output3 = FFN(Output2) (2.24)

Residual and Layer Normalization : Output4 = LayerNorm(Output2 + Output3) (2.25)

Here, Input represents the input to the Transformer layer. The MultiheadAttention function

performs multi-head attention, generating Output1. The FFN function represents the feed-

forward network, transforming Output2 to Output3. The LayerNorm function denotes the

layer normalization operation. The residual connections [46] add the original input with

the corresponding outputs and the layer normalization [100] applies normalization to the

summed outputs. The final output is represented as Output4 [19]. There are various deep-

learning architectures in the literature and enumerating all of them requires significant space.

However, Figure 2 shows some of these architectures along with their derivatives.

2.1.5 Dynamic Neural Networks

Dynamic neural networks refer to a type of neural network that can adapt its structure or

parameters based on different inputs, providing advantages in terms of accuracy, computa-

tional efficiency, and adaptiveness [64]. Unlike static models with fixed computational graphs

and parameters at the inference stage, dynamic networks have the ability to adjust their ar-

chitecture dynamically to handle varying input data [64]. These networks have applications

in various domains, including computer vision problems [68, 101], decision-making [61], and

adaptive inference [69].

There are different types of dynamic neural networks based on their focus and problem

domains. Sample Wise Dynamic Networks [102, 69] allocate network resources to individual

samples, which is useful for tasks like anomaly detection. Spatial Wise Dynamic Networks

[103], on the other hand, are designed for computer vision problems and adapt their struc-
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Figure 2: Deep Learning Architecture Family. All models rely on MLP as an internal

structure, although implementation might differ in someways. Hybrid systems combine

different elements from different architectures.

ture to handle varying spatial patterns in images. Overall, dynamic neural networks are

new, diverse, and a promising area of research in deep learning [64]. They provide the

ability to adapt and optimize network structures based on input data, leading to improved

performance and flexibility in various applications.

2.1.6 Sparse and adaptive computation

Sparse computation involves selectively activating or processing only a subset of the available

computational units while disregarding the rest. As such, pruning [104], low-rank approxi-

mation [76], and similar strategies are collectively called sparsification [105, 106, 58]. This

strategy is particularly useful when the input data exhibits sparsity, meaning that a large

portion of the input is irrelevant or contains redundant information. By concentrating com-

putational resources on the relevant parts of the input, sparse computation reduces compu-
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tational complexity, memory requirements, and energy consumption [106, 107, 105, 108, 109].

Adaptive computation, on the other hand, refers to dynamically adjusting the computa-

tional strategy or model parameters based on the input data characteristics or changing

conditions [68, 110, 101]. This adaptability enables computational systems to tailor their

behavior or structure to match the specific requirements of the current task or environment.

Such techniques have been shown to be effective in addressing the high compute demand of

deep learning models [111, 112, 69, 62]

Overall, the relationship between adaptive computation and sparse models can be char-

acterized by the utilization of adaptive techniques to identify, exploit, or adjust sparsity in

models and data [68, 62, 57]. Adaptive computation helps optimize the use of computa-

tional resources and algorithms based on the sparsity patterns present, leading to improved

efficiency and interoperability [69].

2.1.7 Reinforcement Learning

Reinforcement learning (RL) is a branch of machine learning that focuses on developing

intelligent agents capable of making optimal decisions through interactions with an environ-

ment [113]. RL agents learn by trial and error, using feedback in the form of rewards or

penalties to improve their decision-making policies [113]. The main notion of RL is an agent

that takes actions in an environment to maximize a notion of cumulative reward [113]. The

agent interacts with the environment, observes its state, takes actions, and receives rewards

as feedback [113]. The goal is to learn a policy—a mapping from states to actions—that

maximizes the expected cumulative reward over time [113].

One widely used RL algorithm is Q-learning, which falls under the category of value-based

methods [114, 113]. Q-learning learns an action-value function (Q-function) that estimates

the expected cumulative reward for taking a specific action in a given state [114]. By itera-
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tively updating the Q-function based on the observed rewards and the estimated values of

the next state, Q-learning converges to an optimal policy [113].

Another popular algorithm is policy gradient [115, 113], which belongs to the class of policy-

based methods. Policy gradient directly learns the policy without explicitly estimating the

value function [115, 113]. It uses gradient ascent to update the policy parameters, seeking

to maximize the expected cumulative reward [115, 113]. Policy gradient methods offer flex-

ibility in handling continuous action spaces and are well-suited for problems with stochastic

policies [115].

Actor-Critic algorithms combine the advantages of both value-based and policy-based meth-

ods [116]. They maintain both a value function (the critic) and a policy (the actor). The

critic provides value estimates, which guide the actor’s policy updates. This combination

allows for more stable learning and improved convergence [115].

Proximal Policy Optimization (PPO) is a state-of-the-art policy optimization algorithm

[117]. PPO focuses on updating the policy in a way that avoids large policy updates, which

can lead to unstable learning. By enforcing a constraint on the policy update using a surro-

gate objective function, PPO ensures more stable and gradual policy improvements [117].

Deep Q-Networks (DQN) leverage deep neural networks to approximate the Q-function in

high-dimensional state spaces [118]. DQN combines Q-learning with function approximation,

allowing RL agents to handle complex and continuous state representations. DQN utilizes

experience replay—a technique that stores and samples past experiences—to improve learn-

ing stability and efficiency [117, 113].

In addition to these algorithms, there are several extensions and variations in reinforce-

ment learning, such as Monte Carlo methods [119], temporal difference learning [114], and
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exploration-exploitation strategies like epsilon-greedy [120] and Upper Confidence Bound

[121]. In this work, as subsection 3.4.1 explains, REINFORCE with baseline [115] algorithm

is employed to train the agent. The following subsection discusses the algorithm in detail.

2.1.7.1 REINFORCE with baseline

REINFORCE enables agents to learn parameterized policies directly by optimizing them to

maximize the expected cumulative reward [122]. The algorithm follows an episodic approach,

where it collects trajectories by interacting with the environment. After each episode, RE-

INFORCE performs updates to the policy parameters based on the observed rewards [115].

The key idea behind REINFORCE is to estimate the gradient of the expected cumulative

reward with respect to the policy parameters, and use this gradient to update the policy

in a way that increases the likelihood of actions that lead to higher rewards [122]. This is

achieved by computing the policy gradient through the Monte Carlo sampling method, where

the observed returns from each trajectory are used as unbiased estimates of the expected

cumulative reward [115]. The algorithm iteratively improves the policy by repeatedly sam-

pling trajectories, estimating the policy gradient [82], and updating the policy parameters

in the direction of the gradient [122]. The following specifies its mathematical foundation:

Let’s denote the policy parameters as θ and the policy itself as π(a|s; θ), which represents

the probability of taking action a in state s given the parameters θ [122]. The expected

cumulative reward for a trajectory τ following policy π can be written as eq (2.26) [115]:

J(θ) = Eτ∼π [R(τ)] (2.26)

where R(τ) represents the cumulative reward obtained along the trajectory τ . To update

the policy parameters θ using the policy gradient, the gradient of the expected cumulative

reward is computed using eq(2.27) [122]:

∇θJ(θ) = Eτ∼π

[
T∑
t=0

∇θ log π(at|st; θ) ·R(τ)

]
(2.27)
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where T is the length of the trajectory, and ∇θ log π(at|st; θ) represents the gradient of the

logarithm of the policy with respect to the parameters [122]. The REINFORCE update rule

can be expressed using eq (2.28):

θt+1 = θt + α · ∇θJ(θ) (2.28)

where α is the learning rate.

This plain REINFORCE algorithm [122], while effective in some cases, has certain limi-

tations. One limitation is the high variance in gradient estimates, which can lead to slow

convergence and unstable learning [115]. Additionally, the plain REINFORCE algorithm

does not utilize information about the quality of different actions, making it difficult to dis-

tinguish between good and bad actions [115, 113].

To address these limitations, the REINFORCE algorithm can be enhanced by incorporating

a baseline function, usually referred to as REINFORCE with baseline [115]. The baseline is

a learned function that provides an estimate of the expected cumulative reward in a given

state, independent of the chosen action [115]. The baseline helps to reduce the variance

in gradient estimates and provides a more accurate measure of the action’s contribution to

the overall reward [115]. Let’s denote the baseline function as B(s), which estimates the

expected cumulative reward in state s. The updated gradient calculation with the baseline

[115] can be expressed using eq (2.29):

∇θJ(θ) = Eτ∼π

[
T∑
t=0

∇θ log π(at|st; θ) · (R(τ) −B(st))

]
(2.29)

By subtracting the baseline from the cumulative reward, the variance in the gradient esti-

mates is reduced, as it focuses on the relative advantage of action over the baseline estimate

[115, 113]. This makes the learning process more stable and efficient [123, 115]. It further

laid the foundation for algorithms like PPO [117].
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2.1.8 Multi-Objective Optimization

Multi-objective optimization (MOO) is a computational approach that deals with optimizing

multiple conflicting objectives simultaneously [124, 125]. Unlike traditional single-objective

optimization, where a single optimal solution is sought, MOO aims to find a set of solutions

known as the Pareto front, which represents the trade-off between the different objectives

[124, 125]. These objectives can be diverse, such as maximizing performance, minimizing

cost, and reducing energy consumption [126]. MOO algorithms explore the solution space

to identify a range of solutions that offer different trade-offs between the objectives, provid-

ing decision-makers with a set of options to choose from [125]. It is particularly valuable in

complex real-world problems where there is no single optimal solution, as it enables decision-

makers to make informed decisions based on a range of desirable outcomes [124].

The Non-dominated sorting genetic algorithms (NSGA) algorithms operate on the principle

of non-dominated sorting, which involves organizing individuals into a hierarchical structure

based on their dominance relationships as illustrated in Algorithm 1 [124, 127, 128]. Indi-

viduals that are not dominated by any other individuals are referred to as Pareto optimal

individuals [127, 128]. The NSGA algorithms utilize non-dominated sorting to detect Pareto

optimal individuals and subsequently choose them for the process of reproduction [127, 128].

In this work, we apply a late-stage optimization on the proposed layer-skipping network to

improve it even more through a genetic algorithm. Specifically, we use the Non-dominated

sorting genetic algorithms II (NSGA-II) [127]. NSGA-II and a more recent updated version

of this algorithm, NSGA-III [128] have been employed in various deep learning models for

further pruning [110, 129, 130]. However, we chose NSGA-II since it does not require a refer-

ence direction, which guides NSGA-III into a set of solution spaces [128]. In this work, since

the goal is to explore various accuracy-speed trade-off options in the post-training stage and

there is no preferred reference direction, we applied NSGA-II [127]. Algorithm 1 shows the

high-level steps of the NSGA-II algorithm [127].

29



Algorithm 1 Non-dominated Sorting Genetic Algorithm II (NSGA-II) [127]

1: procedure NSGA-II(Population)

2: Initialize the population

3: while Not converged do

4: Sample a batch of images B

5: Evaluate the fitness of each individual in P on B

6: Perform a non-dominated sorting

7: Apply the crowding distance operator

8: Select the parents for the next generation

9: Generate the offspring population

10: Replace the old population with the new population

11: end while

12: Return the best solution

13: end procedure

Algorithm 1 shows the major pseudocode of the NSGA-II [127] algorithm. It takes a list

of chromosomes, usually referred to as Population, and evolves them into a population that

maximizes or minimizes the objective functions. Then it results in a list of options that

offer various degrees of desired properties that compromise one another with all points of

the highest quality achievable.

The Hypervolume [131, 132] metric is a performance measure used in multi-objective opti-

mization problems to evaluate the quality and diversity of a set of solutions. It quantifies

the volume of the objective space enclosed by a set of solutions, with larger hypervolumes

indicating better performance [131]. The hypervolume metric considers both the closeness

of solutions to the desired objectives and their spread across the objective space [131]. By

comparing the hypervolume values of different solution sets, it provides a way to assess and

compare the performance of different optimization algorithms or approaches [132]. This in-

dicator was selected to evaluate the Pareto fronts in this work since it preserves dominance

30



properties and distribution without relying on knowledge of the Pareto front [132]. Further-

more, it is effective on a small number of objective functions when compared to alternative

performance indicators [133].
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2.2 Efficient Methods in Deep Learning

Numerous techniques have been proposed to improve either compute efficiency or mem-

ory efficiency, and they encompass both training and deployment stages [134]. Among the

proposed techniques are Knowledge Distillation [56], Weight Pruning [135, 66], Low-Rank

Approximation [136], Sparsification [137], Binarization [138], and Quantization [139]. Each

of these approaches contributes to optimizing the overall efficiency of the system. The fol-

lowing are some of the methods that are directly or indirectly related to this work with

regard to efficiency in Transformers.

2.2.1 Weight pruning

Weight pruning [66] is a technique used in neural networks to reduce the complexity and size

of the model by removing unnecessary connections between neurons. It involves identifying

and eliminating weights with low magnitudes or near-zero values, effectively pruning them

from the network [66]. This process helps compress the model, reduce memory requirements,

and improve computational efficiency during training and inference [66]. Pruning can be done

using various criteria and here are some of the well-known methods:

• Magnitude-based weight pruning methods identify and remove weights with small mag-

nitudes [140, 104]. This can be done by thresholding the magnitudes of the weights or

by using a greedy algorithm to iteratively remove weights [140].

• Structure-based weight pruning methods identify and remove entire layers or groups of

weights [141, 142]. This can be done by using a clustering algorithm to group weights

that are similar to each other or by using a reinforcement learning algorithm to learn

a policy for pruning weights [141].

• Filter-based weight pruning methods identify and remove entire filters [143, 144]. This

can be done by thresholding the activations of the filters or by using a greedy algorithm

to remove filters iteratively [143].
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• Threshold-based pruning sets a threshold value below which weights are discarded,

while magnitude-based pruning ranks the weights by their magnitude and removes the

ones with the smallest magnitude [145].

Zhang et al. [48] addressed the challenge of reducing the size of large Transformer models

while maintaining their performance. It incorporates the concept of upper confidence bound

(UCB)[121] to capture the uncertainty of importance scores, preventing the premature prun-

ing of crucial weights. Their experimental results show that PLATON outperforms existing

methods, achieving significant model size reduction while preserving accuracy and enabling

the deployment of large Transformer models in real-world applications with improved effi-

ciency [48]. Kwon et al. [146] proposed a fast post-training pruning framework to address

the high inference cost of Transformer models. Their structured sparsity-based approach en-

ables pruning without the need for retraining, overcoming the limitations of previous methods

[146]. The framework achieves significant reductions in floating-point operations (FLOPs)

and inference latency while maintaining high accuracy, making it a practical solution for

reducing inference costs in Transformers [146].

Zhu et al. [47] proposed a three-step pipeline for pruning vision transformers to address

the challenges of deploying them on mobile devices with limited resources. Their method-

ology involves training the model with sparsity regularization, pruning dimensions of linear

projections based on importance scores, and fine-tuning the pruned model [47]. The re-

sults demonstrate that their pruning approach effectively reduces the storage, memory, and

computational demands of vision transformers while maintaining competitive performance,

making them suitable for deployment on resource-constrained mobile devices [47]. Frantar

and Alistarh [147] introduced SparseGPT, a pruning method specifically designed for large-

scale GPT models. SparseGPT enables efficient and accurate pruning without retraining,

allowing GPT models to be pruned to at least 50% sparsity in one-shot while maintaining

minimal loss of accuracy [147]. The method achieves high levels of unstructured sparsity,

such as 60%, in models like OPT-175B and BLOOM-176B, resulting in significant compu-
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tational savings during inference without sacrificing model performance [147].

2.2.2 Quantization

Quantization in deep learning is the process of reducing the precision of the weights and

activations of a neural network [148]. This can be done by rounding the weights and acti-

vations to a lower number of bits [148]. Quantization can be used to reduce the memory

footprint and computational cost of neural networks, making them more efficient to deploy

on mobile and embedded devices [139, 148, 149, 150, 151]. Bondarenko et al. [152] addressed

the challenges of quantizing transformers for efficient deployment on resource-limited devices

in NLP tasks. The authors propose three solutions, including a novel quantization scheme

called per-embedding-group quantization to overcome these challenges [152]. The methods

are evaluated using the GLUE benchmark with BERT and achieve state-of-the-art results

for post-training quantization, offering effective strategies for reducing memory footprint and

latency in transformer architectures [152].

Liu et al. [50] addressed the challenge of deploying vision transformers on mobile devices

by proposing an effective post-training quantization algorithm. The authors aim to reduce

memory storage and computational costs associated with vision transformers while preserv-

ing their performance [50]. The proposed method introduces optimal quantization intervals,

a ranking loss to maintain the functionality of the attention mechanism, and a mixed-

precision quantization scheme, outperforming state-of-the-art techniques and enabling an

efficient deployment of vision transformers on resource-constrained devices [50]. Yang et al.

[153] introduced Dynamic Stashing Quantization (DSQ) as a dynamic quantization strategy

to address the computational and memory challenges of training Large Language Models

(LLMs) in Natural Language Processing (NLP) tasks [153]. DSQ significantly reduces the

number of arithmetic and DRAM operations compared to the widely used 16-bit fixed-point

format, making LLM training more efficient for on-device learning [153]. The experimental

results demonstrate the effectiveness of DSQ in achieving computational savings and reduc-
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ing memory operations, making LLMs more feasible for deployment in resource-constrained

environments [153].

2.2.3 Knowledge distillation

Knowledge distillation [56, 154, 155] is a machine learning technique that transfers the knowl-

edge from a large model, known as the teacher, to a smaller model, known as the student.

The teacher model is typically trained on a large dataset, while the student model is trained

on a smaller dataset [56]. The teacher model is used to generate soft labels for the student

model, which are probability distributions over the possible classes. The student model then

learns to predict the same labels as the teacher model [56]. The method has been used in

various domains including image classification models [56, 156, 157, 158], natural language

processing models [159, 160], and speech recognition models [161, 162, 163].

Touvron et al. [30] introduced a data-efficient approach for training image transformers by

proposing a convolution-free transformer model trained solely on the ImageNet dataset [30].

They achieve competitive performance on ImageNet without using external data, demon-

strating the effectiveness of their approach [30]. Additionally, the authors introduce a

teacher-student strategy using a distillation token that allows the student model to learn

from the teacher model through attention, yielding promising results and showcasing the

potential of transformer models in image understanding tasks [30].

Wang et al. [164] addressed the problem of distilling knowledge from one self-supervised

Vision Transformer (ViT) model to another [164]. They propose a method called AttnDis-

till, which directly distills information from the attention mechanism of the teacher model to

the student model [164]. AttnDistill outperforms existing self-supervised knowledge distilla-

tion methods and achieves state-of-the-art results without requiring additional labeled data

or complex architectures [164]. Jia et al. [165] focused on reducing the computational over-

head of vision transformers for edge device deployment [165]. They propose a fine-grained
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manifold distillation method that trains a compact student model to match a pre-trained

teacher model at the patch level [165]. By dividing the manifold matching loss into three

terms, they achieve high accuracy with a compact DeiT-Tiny model on the ImageNet-1k

dataset [165].

2.2.4 Low-rank Approximation (Factorization)

Low-rank approximation or Factorization is a technique used in deep learning to reduce

computational complexity and memory requirements [136]. It involves approximating weight

matrices with lower-dimensional matrices of reduced rank, exploiting the redundancy in neu-

ral network layers [136]. Singular Value Decomposition (SVD) is a commonly used technique

for low-rank approximation, where smaller singular values are truncated to obtain the ap-

proximation [166]. The low-rank approximation can be incorporated by directly applying

decomposition to weight matrices or during model compression, where low-rank factors are

learned or optimized [167, 136].

Cahyawijaya [53] focused on improving the computational and memory efficiency of trans-

former models through the use of low-rank approximation [53]. The proposed approach,

called Greenformers, effectively reduces the size and computational costs associated with

large-scale transformer models [53]. The results demonstrate that Greenformers enables

faster training, reduced resource requirements, and mitigated environmental impact, ad-

dressing the challenges posed by the complexity and size of transformer models [53]. Winata

et al. [168] introduced the low-rank transformer (LRT) as a solution for lightweight and effi-

cient end-to-end speech recognition on portable devices [168]. The LRT model significantly

reduces the number of network parameters by over 50% compared to the baseline transformer

model, improving memory efficiency and speeding up training and inference processes [168].

Experimental results demonstrate that the LRT model achieves lower error rates on vali-

dation and test sets, outperforming existing works without the need for external language

models or acoustic data, making it a practical solution for resource-constrained environments
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[168].

2.2.5 Tranformer-specific Efficiency Methods

The ALBERT (A Lite BERT) model [169] is a modified version of the BERT model de-

signed to improve language representation models in NLP. It shares the same architecture as

BERT but incorporates parameter reduction techniques and introduces the sentence order

prediction objective to enhance training speed and model understanding. Pre-trained on

large datasets, ALBERT outperforms BERT on multiple language benchmark tests [169].

Reformer: The Reformer [170], an efficient variant of the Transformer model, addresses the

computational challenges associated with training large models on long sequences. It in-

troduces locality-sensitive hashing to replace dot-product attention, reducing computational

complexity [170]. Additionally, reversible residual layers enable storing activations only

once, significantly reducing memory usage [170]. The Reformer model achieves comparable

performance to traditional Transformers but with improved memory efficiency and faster

processing for long sequences [170].

Performers [37] are a type of Transformer architecture that addresses the limitations of

traditional attention mechanisms. They offer efficient models with provable accuracy, with-

out relying on assumptions like sparsity or low-rankness [37]. Performers utilize the FA-

VOR+ approach to approximate attention kernels, allowing for efficient modeling of atten-

tion mechanisms beyond softmax [37]. They are linear architectures compatible with regular

Transformers, providing strong theoretical guarantees and offering improved efficiency and

accuracy for large-scale tasks [37].

2.2.6 Summary

In the space of deep learning research, various methods have been developed to make such

models efficient [134]. Table ?? summarizes the advantage and disadvantages of the well-

studied methods and techniques.
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Method Advantage Disadvantage

Knowledge Distillation • Might reduce the model size
[160]

• Enables knowledge transfer
[56]

• Improves generalization [30]

• Requires a teacher model
[56]

• Loss of fine-grained details
[171]

Weight Pruning • Reduces the model size [66]

• Speeds up inference [66]

• Increases sparsity [66]

• Pruning process can be
computationally expensive
[172]

• Fine-tuning may be re-
quired [160]

• Accuracy drops if excessive
pruning [54]

• Minority classes might be
affected severely [171]

Quantization • Reduces memory and stor-
age requirements [139]

• Faster inference

• Lowers energy consumption

• Quantization-aware train-
ing may be necessary [139]

• Loss of performance on var-
ious metrics [171]

Low-Rank Approximation • Reduces the model size [76]

• Accelerates inference

• Accuracy drop if with ex-
cessive approximation [51]

Adaptive methods • Faster inference [76]

• Explainability [69]

• Exit and skip strategies are
hard to design [64, 65]

• Accuracy-speed trade-off
[68]

Table 1: Summary of advantages and disadvantages of deep learning efficiency methods.
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2.3 Related Works

Dynamic neural networks (DNNs) [64] have gained significant attention as an emerging re-

search topic in deep learning. Unlike static models that possess fixed computational graphs

and parameters during inference, dynamic networks have the ability to adapt their struc-

tures or parameters based on different inputs [89, 69]. This adaptability provides notable

advantages in terms of accuracy, computational efficiency, and adaptiveness [64, 69].

There are various kinds of dynamic neural networks, often having significantly different

titles and categories [64]. In the following section, networks that are closely related to this

work are discussed:

2.3.1 Early Exiting

Early exiting in neural networks refers to a technique that improves the computational effi-

ciency of DNNs by allowing the network to make predictions before reaching the final layers

[65]. This technique is particularly useful for edge AI applications with limited resources at

test time [173]. The idea behind early exiting is that different test data samples may not

require the same amount of computation for a correct prediction [101]. By incorporating

early exits, the network can exit early from full layers of the DNN if the prediction is already

confident enough [101]. This can save computation time and energy, especially in deep and

large networks where the added latency and energy usage become more prohibitive [101, 173].

Early exiting can be achieved by inserting auxiliary classifiers at intermediate layers of the

network. These auxiliary classifiers are associated with their own loss functions, and the net-

work is jointly trained on a combination of all losses. The weights of the auxiliary classifiers

can be trained simultaneously with the network parameters.

Ilhan et al. [174] addressed the enhancement of the computational efficiency of DNNs used in

edge AI applications with limited resources. The authors propose a multi-exit DNN inference
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framework called EENet, which allows early exiting from full layers of DNN inference for

specific test examples [174]. It introduces early exit utility scores that combine confidence

measures and class-wise prediction scores to make informed decisions about when to exit

early during the inference process [174]. The results demonstrate that EENet outperforms

existing hand-tuned or manual rule-based policies, achieving a better balance between la-

tency, throughput, and performance while effectively utilizing limited resources in edge AI

scenarios [174].

Teerapittayanon et al. [101] proposed a network architecture called BranchyNet that in-

corporates side branch classifiers for early exiting of predictions Teerapittayanon et al. [101].

By utilizing the observation that early layer features are often sufficient for classification,

BranchyNet allows samples to be classified with high confidence and reduced computation

Teerapittayanon et al. [101]. The authors experiment with popular networks like LeNet

[25], AlexNet [13], and ResNet [46] to validate the effectiveness of BranchyNet. The results

show that BranchyNet significantly reduces inference latency and energy consumption while

maintaining high classification accuracy Teerapittayanon et al. [101].

Dehghani et al. [61] presents the Universal Transformer (UT) as a solution to the limi-

tations of traditional recurrent neural networks (RNNs) and Transformers. RNNs are slow

due to sequential computation, while feed-forward models struggle to generalize when input

lengths exceed training data [61]. The UT combines the strengths of both approaches by

introducing a parallel-in-time self-attentive recurrent sequence model [61]. The UT incorpo-

rates adaptive computation time (ACT) to dynamically adjust processing steps, improving

efficiency [61]. Experimental results show that the UT outperforms RNNs and feed-forward

models, achieving state-of-the-art performance and better generalization ability in various

sequence modeling tasks, making it a promising solution [61].
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2.3.2 Layer Skipping

Dynamic neural networks that skip layers are a type of neural network that can dynamically

adjust layer activation during inference [64]. It involves finding the optimal path for data to

travel through the network, allowing for flexibility and adaptability in information propaga-

tion [64]. This is done by using a gating mechanism to decide whether or not to execute a

layer [64, 68]. The gating mechanism is typically a small neural network that is trained to

predict whether or not a layer is necessary for a given input [68].

Wang et al. [68] addressed the issue of excessive computation in deep convolutional net-

works for visual perception tasks. The authors propose SkipNet, a modified residual net-

work [46] that selectively skips convolutional layers based on input-dependent activations

[68]. The skipping decision is treated as a sequential decision-making problem and solved

using a hybrid learning algorithm that combines supervised and reinforcement learning [68].

The results demonstrate that SkipNet reduces computation by 30-90% while maintaining

good accuracy [68]. McGill and Perona [175] proposed dynamic routing which involves using

graphs to guide input signals through learned transformations along different paths [175].

The authors find that although the approaches have their advantages, the resulting networks

exhibit similar qualitative behavior [175]. Specifically, in image classification tasks, the lay-

ers and branches of dynamically-routed networks become specialized in processing distinct

image categories.

Cai et al. [102] propose Dynamic Routing Networks (DRNets) that selectively choose trans-

formation branches based on instance-specific importance weights [102]. These weights are

generated by lightweight hypernetworks called RouterNets and recalibrated using Gumbel-

Softmax for differentiable selection [102]. The instance-aware inference of DRNets, achieved

through dynamic routing and branch selection, enables efficient deployment of deep neural

networks in real-world applications while maintaining accuracy [102].
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2.3.3 Summary

This summary groups the various efficiency method proposed and outlines their major flows.

Zhu et al. [47], Zhang et al. [48], Kumar [54] tried to minimize the memory footprint as

well as the computational time through weight pruning [66]. However, these methods fail

from the accuracy-compression trade-off which is the decrease of their accuracy as more

pruning is applied [47]. Yuan et al. [49], Liu et al. [50], Ding et al. [51] applied quantization

techniques to reduce the amount of memory footprint along with the computational require-

ments. However, similar to the weight pruning methods, accuracy drops as the quantization

level increases [49, 50, 51].

Knowledge Distillation (KD) [56] has also been effective in lowering the computational re-

quirement of Vision Transformer. Touvron et al. [30], Wu et al. [176], Wang et al. [164] have

shown the effectiveness of this method in the case of vision transformers. In some cases, the

technique results in similar performance compared to models trained from scratch with large

dataset [30] while in others, performance drops [160]. However, the process of distillation

works by transferring dark knowledge from a teacher network to a student network [56].

As such the training of the teacher itself requires extra effort which is a significant cost to

consider.

Another well-studied efficiency technique is the low-rank approximation or factorization

method where a large matrix multiplication in a neural net is replaced with lower-dimensional

matrices of reduced rank. [52, 53, 54, 55] explored different flavors of low-rank approximation

and showed an increased speed of the Transformer models. However, they all suffer from de-

creasing performance depending on the approximation magnitude. LinFormer [177] is a type

of transformer that replaced the quadratic-time self-attention of the standard Transformer

[19] with a linear time low-rank self-attention. Although it was only tested on NLP tasks, it

interestingly performed comparably with models such as BERT [178] while achieving more
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than 1.5x the speed of the standard Transformer [19]. However, Tay et al. [179] later showed

that the model does not scale well as the original Transformer.

Methods specific to Transformers have also been well-studied. [57] proposed the Dynam-

icViT to dynamically prune the less important tokens in the inference phase. [58] proposed

to learn the sparsity pattern of the vision transformer [3] and use such knowledge to prune

the connectivity of the tokens thereby minimizing the computation. [59] proposed the block

level sparse attention mechanism and showed its effeteness on NLP tasks. [60] further ex-

plored the effectiveness of factorizing the attention matrix through the specification method

which takes O(n
√
n) time instead of O(n2). Unfortunately, similar to the pruning and quan-

tization methods, these methods also result in accuracy degradation.

Other methods closely related to this work are layer skipping and the early exiting meth-

ods generally termed Adaptive Computation Time (ACT) or dynamic neural networks

[61, 63, 64, 65]. Although not on Transformers, [68] proposed the SkipNet, a convolutional

neural network (CNN) based model[46, 25], which skips layers depending on the input. [69]

developed a mechanism to adaptively learn the role of parts of a CNN network and later

use such information to classify easy inputs using earlier layers and propagate harder inputs

to the upper layer when needed. Both SkipNet [68] and the adaptive CNN [69] suffer from

accuracy degradation.

[101] also proposed a branching technique called BranchyNet where similar to [69], easier

inputs exit and classified early while hard examples are processed with more stages. Their

AlexNet [13] and LeNet [25] based BranchyNet showed improved performance with lesser in-

ference cost while it under-performed in the ResNet [46] architecture case. Furthermore, due

to the branches, BranchNet requires significant extra memory space to store the branches.

In the context of Transformers [19], [61, 62] proposed the early token exits by accompa-
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nying the Transformer with LSTM [23]. However, both works suffer from accuracy-speed

trade-offs although, in some benchmarks, the depth-adaptive transformer [62] gains slightly

better accuracy. Furthermore, [179] showed that the Universal Transformer does not scale

as the standard Transformer in a variety of tasks.

Later [63] introduced the depth adaptive Transformer that uses two approaches to decide the

routing of tokens: the mutual information (MI) and the reconstruction loss-based estimation.

Similar to the Depth-Adaptive Transformer [62] and the Universal Transformer [112], tokens

are routed adaptively. Although it achieves comparable performance with the Transformer,

the performance rapidly degrades once the number of layers is reduced. [180] later intro-

duced the Length-Adaptive Transformer which uses the LengthDrop strategy in which depth

is learned through the stochastic mechanism followed by a Drop-and-Restore process and an

evolutionary search of layer connections. The last stage is used to produce a model with

a desired accuracy-efficiency trade-off level. However, once such a model is produced, the

computation will be the same for all future samples. Furthermore, the training process takes

significant computing power. For example, self-distillation is applied where both the full and

subset of the networks are updated separately, a significant cost to consider. Furthermore,

the late-stage evolutionary optimization costs extra training resources.
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Paper Method Domain Dataset Speed Space Accuracy

Zhu et al. (2021) Pruning Vision ImageNet 21% 20% ▼

Zhang et al. (2022) Pruning Vision CIFAR-100 21% - ▼

Kumar (2022) Pruning Vision CIFAR-10 7% - ▼

Yuan et al. (2021) Quantization Vision ImageNet - - ▼

Liu et al. (2021) Quantization Vision CIFAR-10 75% - ▼

Liu et al. (2021) Quantization Vision CIFAR-100 75% - ▼

Ding et al. (2022) Quantization Vision ImageNet 75% - ▼

Wu et al. (2022) Distillation Vision CIFAR-10 - 1166% ▼

Wu et al. (2022) Distillation Vision CIFAR-100 - 1166% ▼

Wang et al. (2022) Distillation Vision CIFAR-10 - 0% ▼

Wang et al. (2022) Distillation Vision CIFAR-100 - 0% ▼

Chen et al. (2021) Low-rank NLP WikiText-103 1.58× 98% ▼

Dass et al. (2022) Low-rank Vision ImageNet 1.58× 40% ▼

Wang et al. (2020) Low-rank NLP Wikipedia 1.75× - 0

Rao et al. (2021) Sparse Attention Vision ImageNet 24% 2% ▼

Wei et al. (2023) Sparse Attention Vision ImageNet 50% 60% ▼

Qiu et al. (2019) Sparse Attention NLP ImageNet 27% 25% 0

Child et al. (2019) Sparse Attention NLP ImageNet 20% - ▼

Liu et al. (2020) Adaptive NLP Amazon-16 - - ▲

Wang et al. (2017) Adaptive Vision CIFAR-10 50% - ▼

Wang et al. (2017) Adaptive Vision CIFAR-100 37% - ▼

Kim and Cho (2020) Adaptive NLP SQuAD1.1 55% - ▲

Bolukbasi et al. (2017) Adaptive Vision ImageNet 2.8× - ▼

Elbayad et al. (2020) Adaptive NLP IWSLT De-En - 61% ▲

Table 2: Comparison of various techniques of efficiency methods.

Table 2 shows various efficiency methods proposed in the literature. Direct comparison of the

existing approaches is impossible since different authors use different datasets and different

model sizes. Therefore, Table 2 highlights the contribution made by the works in terms of
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speed increase, memory usage reduction, and accuracy improvement. Each of the columns

shows the following:

- Paper: refers to the paper that proposed the specific technique, model, or method.

- Method: refers to the broad type of the proposed efficiency solution.

- Domain: refers to the research area in deep learning namely: NLP, Vision, Video, and

more.

- Dataset: refers to the dataset the authors used.

- Speed: refers to the speed increase resulting from the proposed method.

- Space: refers to the memory usage reduction resulted due to the proposed method.

- Accuracy: refers to whether accuracy increased or decreased due to the proposed method.

▲ shows accuracy improvement, ▼ shows degradation and 0 shows no change. Note that

reference of the improvement is the baseline specified in the respective papers.

The hyphens (−) in each of the columns show that the authors did not specify the respective

column metric. Overall, it can be seen that the models either result in memory usage

reduction or speed increase. Furthermore, most proposed solutions do not result in increased

accuracy. Those who increased accuracy require extra computation [180] or are limited to

token routing, still activating layers [62, 63].
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Chapter 3 Methodology

The objective of this work is to propose a new model that minimizes computational costs

while maintaining the accuracy of static models. We achieve this through the introduction

of an RL agent [113] on top of the Transformer network to manage the activation of the

layers of the Transformer [3]. We then apply a post-training optimization using NSGA-II

[127] to mitigate three limitations of the model and improve its efficiency. Subsection 3.1

below discusses the research methodology employed.

3.1 Research Methodology

To conduct the research, we adopted the Design Science Research Process (DSRP) [181]

as our methodology, as it aligns well with our goal of addressing an existing problem and

designing a new method to solve it. The DSRP method consists of six major steps: Problem

Identification & Motivation, Objective Formulation, Design and Development, Demonstra-

tion, Evaluation, and Communication. However, in our case, the Demonstration and Eval-

uation steps were combined into a single step called Evaluation, as our evaluation involved

assessing the performance gains of the proposed architecture.

Since the motivation for this work stems from the existing problem of accuracy-speed trade-

off, we adopted a Problem-Centered Approach for our research. We followed the following

steps throughout the research process which is also depicted in Figure 3:

• Problem Definition: We began by clearly defining the problem based on three key

motivations: the cost of deployment, economic disparity, and environmental impacts.

We conducted a preliminary literature review, examining survey articles, seminal pub-

lications on major deep learning architectures, and related works that attempted to

address the problem. In Subsection 1.2, we stated the problem as redundant compu-

tations on input that do not require further transformation, resulting in extra cost.

We then formulated three research questions in Subsection 1.3 to guide our specific
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approach and solution. Next, we delved deeper into related works, identifying gaps

and shortcomings in existing techniques that aimed to solve the problem. This process

helped us identify relevant works, analyze their mechanisms, and gather important

metrics such as accuracy, memory usage, and computational overheads. By doing so,

we clearly identified the research gap and determined the direction for designing our

solution.

• Objective Formulation: To establish the broad aims and goals of our research,

we stated the general objective in Subsection 1.4. This objective provided an overall

direction and purpose for the research project. We then defined specific objectives that

broke down the general objective into smaller, manageable components, guiding the

specific actions we needed to take. These specific objectives provided a clear roadmap

for the research process and helped us stay focused and on track.

• Design & Prototyping Iteration: Building upon the information gathered in the

previous steps, we engaged in brainstorming sessions to generate various designs for

a new Transformer architecture that could potentially reduce computation overhead

by eliminating redundant layer computations. We explored ideas such as reward func-

tions, loss functions, and agent architecture, and quickly prototyped and iterated over

these ideas. Through this iterative process, we arrived at a feasible design based on

reinforcement learning (RL) principles that could be applied to the Transformer archi-

tecture.

• Evaluation: Once we finalized the design through the design and prototyping itera-

tions, we proceeded to evaluate its performance and viability through multiple stages

of testing. Initially, we tested the design on models with an increasing number of lay-

ers to determine the effect of hyperparameters. Using the discovered hyperparameters,

we then tested the design on state-of-the-art models to assess its effectiveness. Fur-

thermore, we evaluated the applicability of the design in a transfer learning scenario

to gauge its real-world usability. Finally, during the evaluation process, we identified
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three limitations of this high-performing model, which led us to introduce a joint RL-

NSGA post-training optimization technique to enhance the usefulness of the proposed

architecture in practice.

• Knowledge Contribution: Finally, we analyzed the results and the architecture to

identify key findings and contributions. These findings were derived from the evalua-

tions conducted during the Evaluation stage. They included performance and efficiency

reports as well as insights about how the model works.
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Figure 3: Design Science Research Process based problem-centered approach research

methodology of this thesis work.

Figure 3 shows the process of developing our proposed models. The solid black ar-

rows show what step follows after a given step.

- Block (A) shows that the thesis work starts by identifying a problem.

- Block (B) shows the objective formulation based on the assessment done on the previous

works.

- Block (C) shows the iterative design and prototyping phase where different ideas are being

proposed and implemented. The broken black lines show the iterative process between

design and prototyping.

- Block (D) shows the full-scale evaluation phase of the candidate design. It passes through

multiple stages of testing as shown by the broken arrows in the (D) block.

- Block (E) shows the knowledge contribution phase where through probing, data analysis,

and other methods, key findings, discussions, limitations, and future works are presented.
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While the Problem identification, objective and related works are explained in Chapters 1

to 3, this chapter and the rest focus on the proposed technique, the experiment, and the key

findings.

The proposed method follows the typical machine learning training procedure. Figure 4

illustrates the entire procedure, divided into five main operations: Data Acquisition (A),

Preprocessing (B), Training (C), Post-training Pruning (D), and finally Deployment (E).

Subsection 3.2 explains the data acquisition process. Following that, subsection 3.3 dis-

cusses the preprocessing process. Subsection 3.4 then outlines the design of the RL agent

that learns a layer-skipping policy. Then subsection 3.5 discusses a method to improve this

model using NSGA-II even more. The last step Deployment (E), however, is not discussed

in this work as it is not in the scope of the work.

Figure 4: Visualization of the design of the RL-based layer skipping transformer and its

post-training optimization.
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Figure 4 shows the process of developing our proposed models. The solid arrows show the

action taken from one step to another.

- Block (A) shows data acquisition process.

- Block B shows the preprocessing process. Each of the blocks in it shows a single step where

one follows another. The broken arrows show the step followed.

- Block (C) shows the proposed layer skipping model containing the main Transformer and

RL models, along with their loss computations. The line from the main model to the RL

agent shows the transfer of the class token. The RL Loss takes predicted actions from RL

sub-agents and the accuracy from the main model to calculate the loss. The Cross-Entropy

(CE) Loss takes the prediction of the main model and backpropagation is applied based on

the result.

- Block (D) shows the post-training optimization using NSGA-II operating on multiple

objectives that are coming from the RL and the Transformer networks. The broken arrows

from the main model and the RL agent show the transfer of the depth count, the RL agent

reward, and the accuracy of the Transformer model to the NSGA-II multi-objective setup.

The broken line from the multi-objective block to the NSGA-II block shows that NSGA-II

algorithm operates on the multi-objective function.

- Block (E) shows the last step where, after the training is done, the model is deployed on

a server.

3.2 Data Acquisition

This project relies on already collected standard benchmarking datasets namely: CIFAR-10,

CIFAR-100, and Tiny-ImageNet [1, 2]. These datasets are used to study new algorithms,

techniques, and architectures as they pose the same challenge for all new ideas. This thesis

work proposes new techniques and as such, these datasets are used to compare our method

against other existing approaches. Their size and training steps are specified in Table 3.

Overall, CIFAR-10 is the easiest to achieve good performance as shown in various works

[68, 182], and Tiny-Imagenet is the hardest among the three [2, 183]. Note that, TinyIma-
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Dataset Train Size Test Size No. of Classes Size Training Steps

CIFAR-10 50k 10k 10 32 × 32 60k

CIFAR-100 50k 10k 100 32 × 32 82k

Tiny-ImageNet 100k 10k 200 64 × 64 156k

Table 3: Details of the experiment datasets.

Table 3 shows the details of the datasets used in the experiments. CIFAR-100[1] and
Tiny-ImageNet datasets require more steps as they are harder datasets due to the increased
number of classes. Tiny-ImageNet requires even more steps than the CIFAR-100 due to the
increased number of training samples. Furthermore, Tiny-Imagenet[2] is twice as large as
the other two in terms of image size.

Figure 5: Sample images of CIFAR-10 (left)[1] and Tiny-ImageNet (right)[2]

genet [2] is the downgraded and smaller version of ImageNet [67]. CIFAR-10 has 10 classes,

each with 6,000 images with classes such as airplane, automobile, cat, and dog. CIFAR-100,

on the other hand, has 100 classes, each with 600 images, and the classes are grouped into

20 superclasses such as aquatic mammals, flowers, and vehicles [13]. Figure 5 shows sample

images.
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3.3 Preprocessing

After the data is collected, the next step is preprocessing [13]. However, in practice, it is

integrated and automated in the training pipeline and this work follows a similar proce-

dure developed by [183]. This preprocessing contains four parts. First, data augmentation

methods are applied: Random Resizing, flipping, and Cropping [13], AutoAugment [184],

and Random Erasing [185]. Second, Standardization [13] is applied based on the respective

datasets’ mean and standard deviations specified in Table 4. It is applied based on eq (3.1).

Finally, the Patchify [3] operation is applied, where the image is divided into small patches

as shown in Figure 6. In, Figure 6, the top figure shows patchifying. in the In this work,

similar to [183] for CIFAR-10 and CIFAR-100, the patch size was set to 4 × 4 and 8 × 8 for

Tiny-ImageNet.

Dataset Mean (RGB) Standard deviation (RGB)

CIFAR-10 0.4914, 0.4822, 0.4465 0.2023, 0.1994, 0.2010

CIFAR-100 0.5071, 0.4867, 0.4408 0.2675, 0.2565, 0.2761

Tiny-ImageNet 0.4802, 0.4481, 0.3975 0.2302, 0.2265, 0.2262

Table 4: Mean and standard deviation of CIFAR-10, CIFAR-100 and Tiny-ImageNet dataset

z =
x− µ

σ
(3.1)

where z is the standardized image, x is the input image, µ is the mean value of the image

and σ is the standard deviation of the image.

Figure 6, the top figure shows patchifying. The bottom figure shows the flattened ver-

sion of the image. This patch grid is restructured to be a list and each of the patches will

be flattened into a vector. For instance, the CIFAR-10 image has a size of 32× 32 [1]. After

patchifying it into 4 × 4 pieces, it will be a grid of 64 patches. Each of these patches has

4× 4× 3 size in the width, height, and depth dimensions respectively. This size will then be
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Figure 6: Patchifying and Flattening an image. The top figure shows patchifying an image.

The bottom figure shows the flattening of the patchified image.[3]

flattened to have a size of 48 [183]. Collectively, the input will be a 64 × 48 float tensor due

to the 64 patches [183]. Generally, this tensor will have N × P dimension where N is the

number of patches or sequence length and P is the dimension of the flattened patches [3].

The next step is converting the patches into embeddings through a learnable weight matrix

[3]. The term embedding is borrowed from the field of NLP where the meaning of a word is

embedded in a fixed dimensional vector [99]. The conversion to embedding is a simple linear

transformation function PatchEmbed given by eq (3.2) [3]:

PatchEmbed(X) = X ·W + B (3.2)

where X is the image tensor with size N × P , W is the projection matrix with size P ×D

and b is the bias term with size D [3]. The resulting tensor will have the size of N×D where

D is the hidden size of the Transformer [19]. Again, borrowing from NLP literature, each

element of this tensor are called token [98]. Hence, there are N tokens in the sequence each

having D size.

Once the image is embedded into tokens, a randomly generated class token [19] is appended

to the sequence, making the sequence length N + 1. At the end of the forward propagation,

this class token is used for classification [3]. Finally, this sequence is fed to the Transformer
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as described in subsection 2.1.4. The overall operation of Vision Transformer is summarized

in Figure 7.

Figure 7: Vision Transformer [3]

Figure 7 illustrates the Vision Transformer (ViT). The input image is first patchified. Then,

as shown at the bottom, they are flattened to look like a sequence and fed to the ViT. They

are then converted to embeddings using the Linear Projector described in eq (3.2). Position

Encoder is then added to the embeddings and fed to the first Transformer layer. These

sequences of embeddings or tokens are propagated until the last layer without a change in

size. This is due to the fact that the ViT is isomorphic, having a similar shape across all the

layers. Finally, as shown in the orange box, the class token is extracted (MLP Head) and

used as a classification embedding.
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3.4 Design of RL-based layer skipping Transformer

Instead of following the conventional approach of constructing a vision transformer[3] with

sequential layers, the proposed model comprises two distinct components. The first compo-

nent is a standard image classification[13] model that undergoes supervised training. The

second component involves an RL agent trained using the REINFORCE algorithm [115].

Figure 9 shows the difference between a static Transformer [3] and the layer-skipping one.

The agent is a collection of linear layers residing at each transformer layer referred to as

sub-agents.

Let’s denote the variable j to index the transformer’s jth layer. Tj is the jth layer and

cj is the class token [3] of the output of that layer. At each Tj, there is a sub-agent - a binary

logistic regression model - which takes cj and decides whether to skip the next layer Tj or

not. Each of the sub-agents learns the probability of skipping the next layer given the class

token of the current input: pj(aj = skip|cj) = fj(cj) where fj(cj) is given by eq (3.4). Since

this decision is a binary decision, a sigmoid function [75] given by eq (3.3) is employed. The

sigmoid function maps the output of the linear layer into a probability [5] which later is used

as a thresholding value to decide whether to activate the next layer or skip it. Plot 8 shows

the range of the function. This decision function π(cj) is shown in eq (3.5).

σ(x) =
1

1 + exp(−x)
(3.3)

fj(x) = σ(X.Wj + bj) (3.4)

π(x) =

1 if f(x) ≥ 0.5

0 otherwise

(3.5)
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Figure 8: Sigmoid Function

If π(cj) = 1, the next layer is activated, otherwise it is skipped. At each layer, the agent

issues decisions for each sample on whether to skip layer Tj or not based on cj. Those

samples xT
j with πj(cj) = 1 are extracted from the batch and pass through the Tj. The

remaining, xI
j , will be cloned to become aIj (identity function). After the first group passes

through the transformer layer Tj, the activations aTj will be merged with the aIj . The merging

is simply placing each activation in its original batch index. Algorithm 2 summarizes the

whole operation of a layer and a sub-agent.

Algorithm 2 Skipping Mechanism in a Transformer Layer

1: Execute πj(cj) and get sj

2: Extract inputs with sj > 0.5 and pass them through Tj

3: Concatenate the result with the rest on the batch axis and get aj+1

4: Return aj+1
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Figure 9: Static vs Layer skipping Vision Transformers

Figure 9 shows the architectural difference between static and dynamic networks.

- The upper architecture is the well-known feed-forward static Transformer.

- The bottom one is the Dynamic Transformer architecture.

- CE Loss is cross-entropy loss.

- RL Loss is the REINFORCE loss for the agent.

- Blue boxes are the sub-agents.

- Orange lines are the forward propagation path selected by the agents.

- The gray layers are layers that were skipped.

- Green lines show back-propagation.

- Broken black lines show the potential path of the inputs.

3.4.1 Agent Training Algorithm

Although there are various RL algorithms[113] to choose from as described in subsection

2.1.7, the following constraints shaped the choice of the RL training algorithm:

• Since the inputs in the current RL setting is a continuous space vector (class token), the
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learning method should be gradient-based optimization [115]. Hence, tabular methods

are not applicable.

• Since the rewards in the intermediate steps are not known, instead of value-based

methods such as Actor-Critic or Deep Q-Learning, Monte Carlo-based [113] approaches

are appropriate.

• Since computing a single trajectory is expensive, methods such as Proximal Policy

Learning that require multiple updates are expensive [117].

As such, the algorithm that satisfies the above constraints is REINFORCE with baseline

[115], a variant of the Monte-Carlo-based Policy Gradient method [113].

3.4.2 RL Agent

As described above, each of the transformer’s layers Tj has an accompanying sub-agent made

of a linear layer that predicts whether Tj should be applied to the incoming inputs xj or not.

Following this operation, Figure 9 depicts the difference between a static transformer and a

dynamic transformer that uses RL sub-agents. These linear layers are trained using policy

gradient [115] as discussed below.

The sub-agents are trained by maximizing the expected reward R similar to [186]. The

reward signals what we would like the model to achieve. Reiterating, the statement of the

problem, we would like to build a model that skips irrelevant layers without compromising

the accuracy. As such, intuitively, we can maximize the Accuracy and minimize the number

of activated layers. Hence, the problem is a multi-objective function (MOO) [125] where

there are two conflicting functions: accuracy function A(I) and layer activation function

L(I) given an input image I. It has been shown that increasing the number of layers in-

creases accuracy [46, 3, 165] and as such reducing the number of computed layers conflicts

with the aim of keeping accuracy intact. Hence, the central magic lies at activating layers

only when they are needed similar to [68]. Hence, our strong hypothesis is that an RL agent
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can learn such operation as it has been shown to design neural network architectures by its

own [186] and skip layers [68].

In MOO [126], the values of the objective functions should be normalized to an equal range

so that one function does not get higher importance [187]. The accuracy function is already

in the range of 0 and 1. The activation of the layers can be set in the range of 0 - 1 by

dividing it by the depth of the model. Therefore, given an image I, the reward of the agent

Ri can be computed using eq (3.8):

A(I) =

1 if ϕ(I) = true label

0 otherwise

(3.6)

L(I) =

∑N
j=1 πj(c

I
j )

N
(3.7)

Ri = A(I) − L(I) (3.8)

where ϕ is the image classifier Transformer, I is the current input, true label is the actual

label of the I, A(I) is whether the image is accurately classified (1) or not (0), N is the

total number of layers, j is the layer index, cIj is the class token of the image I on the jth

layer, πj is the policy function/agent at jth layer, L(I) is the fraction of the activate layers,

and finally Ri is the reward the agent gets on input I. Note that, this reward is only avail-

able in the last layer and there is no reward for the intermediate layers. As such, it can be

propagated back to each layer using the discounted reward [113] as shown below in eq (3.10):

Gi = Ri = A(I) − P (I) (3.9)

Gj
i = γ ×Gj+1

i (3.10)

Gi is the reward in the last classifier layer. Now that, the reward for each of the sub-

agents is propagated, they can be trained using standard RL formulation [113]. At jth

layer, the actions aj ∈ {skip(0), activate(1)}. The objective of the jth sub-agent is to
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maximize expected reward, given by the Jj(θj) in eq (3.12) similar to [186]. Then it can be

approximated using eq (3.13) using gradient-based learning [113]:

Jj(θj) = EPj(aj |cj ;θj)[Rj] (3.11)

∇θjJj(θj) =
N∑
i=1

EPj(aj |cj ;θj)[∇θj logP (aj|cj; θj)Rj] (3.12)

∇θjJj(θj) =
1

N

N∑
i=1

(Gi
j − bj(c

i
j))logPj(aj|cj; θj) (3.13)

where N is the number of images in a given batch, Rj is the reward of the agent at layer j,

∇θjJj(θj) is the gradient of the expected reward for sub-agent j, that need to be maximized.

Hence, it is a gradient ascent learning. Gi
j is the discounted reward[113] of sub-agent j

driven through eq (3.10). Pj(aj|cj; θj) is the probability of activation of the next layer using

the sigmoid function defined in eq (3.3). bj(c
i
j) is the baseline function [115] for sub-agent

j which is described in subsection 2.1.7.1. In the training phase, the mentioned operations

are exclusively applied. However, in testing and real-world scenarios, the sub-agents have

learned to skip based on the training labels, rendering the need for labels unnecessary. As a

result, the agents can autonomously make decisions without relying on explicit labels.

3.5 Post-training Optimization

As we will prove in subsection 4.2, the model described above can outperform state of the

art static model while reducing the number of activated layers. Upon further examina-

tion, the proposed approach can be subject to criticism due to three significant limitations.

This section will first outline these limitations and subsequently propose a solution through

the application of late-stage pruning using the joint RL-NSGA-II method. The identified

problems with this model are as follows:

• Control: Methods such as weight pruning [66], low-rank approximation [76], knowl-

edge distillation [160], and quantization [139] offer a control mechanism on how much

the model should be efficient. The designer then can specify how much the scarification

of the accuracy should be depending on the deployment scenario. The plain dynamic

62



model does not offer this capability. As such, the entire model needs to be deployed

on the edge and mobile devices to be operational, which may not be ideal.

• Threshold Value: The skip prediction is implemented using the sigmoid function

[75, 25]. As such, 0.5 is set as the skip decision-making threshold similar to the binary

classification problem in the literature [5]. However, as we show later in subsection 4.3,

this may not be the optimal value and need to be optimized based on the data.

• Unnecessary Layer Activation: Despite being much more efficient than the static

model, the layer skipping model still activates unnecessary layers for an input. To

prove this, first, let’s represent the computation path as follows: a layer activation can

be represented with 1 and a skip can be represented by 0. Hence, if there are 9 layers

in the model and an input skips the 5th, 7th and 8th, then the following string reflects

the path of the input propagation:

1 − 1 − 1 − 1 − 0 − 1 − 0 − 0 − 1

For each image, all of such paths were collected. Then, by enumerating all the available

paths using the data, at a time one of the layers is manually set to 0 (forcing a layer to

be skipped disregarding the decision made by the agent). Then the input is processed

using the manually updated forward propagation path. If the image was not classified,

since the only change is the deactivation of that layer, we can deduce that that layer

is critical for that particular image. If the image was correctly classified, however,

it means that the layer is unnecessary computation. This is natural to expect as all

machine learning models are expected to make mistakes. After examining each image

and evaluating whether any unnecessary layers were being activated, we discovered

that, on average, 56% of the images in CIFAR-10 and CIFAR-100 activate at least

one layer unnecessarily. Table 5 show the amount for each class ID. In the CIFAR-100

case, since there are 100 classes, classes 0 - 9 were taken as shown in the second row

of Table 5.

Table 5 presents the amount of unnecessary activation of layers. For each class (column) in
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Class ID 0 1 2 3 4 5 6 7 8 9 ave. %

CIFAR-10 70 65 68 67 67 66 65 73 68 65 61

CIFAR-100 50 56 48 50 53 49 52 50 54 56 52

Table 5: Unnecessary layer activation in RL-based dynamic transformer. Overall, the model
activates a lesser number of unnecessary layers on CIFAR-100 than CIFAR-10.

the data, the respective percent of images activate at least one layer unnecessarily. The first

row is for CIFAR-10 and the second row is for CIFAR-100. On average, in CIFAR-10 case,

61% images activate unnecessary layers while it is 52% in CIFAR-100. Luckily, all these

three problems can be fixed using a post-training optimization method similar to [50]. In

this work, we employed a genetic algorithm [188], specifically, the Non-Dominating Sorting

Genetic Algorithm (NSGA-II) [127, 188] as it has been employed to prune vision transformer

and found successful [129, 128].

The aim of the NSGA-II [127] is to come up with a list of options usually known as Pareto

Front where each option contains a compromising set of objective values such as efficiency

level and performance specified in eq (3.8). This gives developers the ability to choose a

solution among the Pareto fronts for deployment based on their requirements. As we show

later in subsection 4.3, the algorithm also can also be trained to optimize the right skipping

threshold value for each layer. In addition, it reduces redundant computation shown in Table

5. The design of this method using NSGA-II is as follows:

• Gene: Firstly, the gene should encode whether a layer should be pruned or not.

Secondly, it should encode the skipping threshold value for that layer. Both of these

can be encoded using a single float value g where if g < 0.0, the layer is removed.

Otherwise, g will be the thresholding value for that layer. As such either g = −1

or 0 ≤ g ≤ 1. However, we discretize the continuous value of g it is easier to apply

crossover and mutation operations [124]. For instance, with a step value of 0.25, the

possible values of g are:

{−1, 0.0, 0.25, 0.5, 0.75, 1.0}
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• Chromosome: For L number of layers, the chromosome is a L size vector containing

the gene for each layer. For instance, given a 9-layer model, a chromosome might be:

[0.5, 0.2,−1, 0.8, 0.8,−1, 0.8, 0.2, 0.5]

• Crossover: We used the One Point Crossover. Uniform Crossover and Multi Point

Crossover performed similarly in the preliminary experiments. As such, One Point

Crossover is employed to minimize the computation. Therefore, given two individuals

or chromosomes, a random index is first generated which will be a point of crossover.

Then the left sides of the chromosomes based on the selected random index are ex-

changed. Figure 10 depicts this process using possible values of the genes:

Figure 10: Crossover method using One Point Crossover. Using index 3 as a point reference,

the left sides of the rows are exchanged.

• Mutation: Random replacement of the gene based on a uniform distribution from

the possible values of g.

• Sampling: Random selection using uniform distribution.

The search space for this problem is defined as 2L × k, where L represents the number of

layers and k represents the number of possible values for the threshold. As demonstrated in

subsection 3.4.1, a larger value of k corresponds to a superior model, but it also entails in-

creased computational demands during hyperparameter search. Conversely, a smaller value

of k reduces the computational burden but runs the risk of an underfitting configuration.

65



This is because selecting under limited choices may result in the optimal value not being

discovered.

Figure 11: Integration of NSGA-II with RL-based post-training Optimization

Figure 11 shows how the late-stage optimization integrates the RL and the NSGA-II algo-

rithms. The multi-objective function is constructed from the current depth of the trans-

former, the expected reward of the RL agent, and the accuracy of the transformer. The

NSGA-II algorithm then outputs Pareto Fronts that have various degrees of compromises

between accuracy and speed.

The NSGA-II algorithm tries to minimize the number of layers activated and optimize the

activation rate. As such, it depends on the accuracy of the model, the number of activated

layers, and the expected reward of the agent. Figure 11 illustrates the operation pictorially.

Eq (3.15) defines an optimization problem for this post-training optimization.

Minimize: L(f) (3.14)

Maximize: A(f) (3.15)
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where f is a neural network, L(f) represents the depth of the neural network (the number

of layers) defined in eq (3.8) and A(f) represents the classification accuracy of the network

defined in eq (3.6).

In this setting, the RL agent does not know about the optimization made by the NSGA-II

algorithm. We refer to this training Plain-NSGA training. We then propose to create com-

munication between the RL agent and NSGA-II by injecting the expected reward of the RL

agent into the objectives of NSGA-II and updating the RL agent over the NSGA-II training.

Note that, the vision transformer will also be updated in a similar manner to [129]. The

major difference is, the agent’s expected reward is included so that NSGA-II is aware of

the skipping dynamics. Hence, the expected reward of the agent EPj(aj |cj ;θj)[Rj], which is

approximated using the moving average (eq 3.19)[113] is included in the objective list of the

NSGA-II as shown in eq (3.18).

Minimize: L(f) (3.16)

Maximize: A(f) (3.17)

Maximize: EPj(aj |cj ;θj)[Rj] (3.18)

µt = µt−1 +
xt − µt−1

N
(3.19)

Equation 3.19 takes the previous mean and adds the new incoming reward to compute the

new mean. As such, µt holds the mean of the RL-agent reward. The RL agent can now

be fine-tuned on the new environment that is being optimized by the NSGA-II. Hence, the

updated way of pruning is defined in the eq (3.15). We refer to this training Joint RL-NSGA

training. Algorithm 3 illustrates the details steps of the joint training of the genetic algo-

rithm and the model and it is visualized in Figure 11

The difference between Plain-NSGA and Joint RL-NSGA is, in the Plain-NSGA case, the

NSGA-II algorithm might not make the optimal decisions that will also maximize the agent’s
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reward over the dataset. Furthermore, as the RL is not updated but layers are pruned, the

RL may not be effective as it was since the environment has now changed. In the Joint RL-

NSGA training, however, the NSGA-II will optimize and increase the agent’s reward over the

entire dataset. Furthermore, the agent is trained together with the NSGA-II. Hence, it will

have an updated knowledge of the new pruned model structure. As we show in subsection

4.3, the second method improves both the performance and efficiency of the model when

compared to Plain-NSGA.

Algorithm 3 Joint RL-NSGA Algorithm

1: procedure Joint-RL-NSGA(Population, RL− V iT (θ))

2: Initialize the population

3: while Not converged do

4: Sample a batch of images B

5: Evaluate the fitness of each individual in P on B

6: Perform a non-dominated sorting

7: Apply the crowding distance operator

8: Select the parents for the next generation

9: Generate the offspring population

10: Replace the old population with the new population

11: Update θ by backpropagating using SGD

12: end while

13: Return the best solution

14: end procedure

Algorithm 3 shows the pseudocode of the joint RL-NSGA post-training optimization. Similar

to Algorithm 1 of NSGA-II, it takes a list of chromosomes as Population. The difference

is, this one takes the RL-based ViT model parameterized by θ. Given the batch of image

inputs shown in line 4, it updates the parameter θ to increase the accuracy on the current

NSGA selected setting. Eventually, both the changes made by the NSGA and the accuracy

of the model stabilize and the algorithm results in Pareto-front model settings which will
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have different accuracies achieved in various numbers of layers.
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Chapter 4 Experimentation

4.1 RL-Based Layer Skipping Dynamic Transformer

To evaluate the RL-based layer skipping formulated in subsection 3.4, a baseline static ViT

model is first implemented with mlp hidden = hidden = 384. Then 7, 10, and 16-layer

models were trained on CIFAR-10 and CIFAR-100 for baseline comparison. The full list of

hyperparameters is specified in Table 6 and different models were run based on the specified

hyperparameters, after which the highest model was selected for each size category of the

models. The bold ones in Table 6 show the final selected model hyperparameters. Generally,

the choice of the hyperparameter ranges was affected by the available limited computing

power. However, significant trials were done to select the best setting. The following list

describes the hyperparameter choices:

• Number of layers: In the initial trial, the number of layers 3 to 6 produced signifi-

cantly lower than the state-of-the-art performance. However, searching for model sizes

greater than 6 one by one was too costly. Hence, to test how the model performs as

the scale increases, 7, 10, and 16 were chosen with increasing numbers of 3 and 6.

• Batch Size: Small batch size takes longer to finish a training session due large number

of steps while the higher batch size is faster due to the small number of steps. As such,

the batch size started at 128 and increased to 768. The accuracy increased as batch

size increased and as such 768 was taken as the final batch size.

• Dropout: The dropout starts with 0.0, which is similar to no dropout. Then it was

increased by 0.1 until 0.4. The accuracy increased from 0.0 to 0.2 and decreased from

0.3 to 0.4. Hence, 0.2 was taken for the final setting.

• Learning Rate: The learning rate started at 0.01 and was divided by 10 until 0.0001.

In the 0.01 case, the gradients kept exploding and training halts due to exploding

gradients. The 0.0001 learning needed longer epochs since the gradient updates were
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Num of layers 7, 10, 16

batch size 128, 256, 512, 768

dropout 0.0, 0.1, 0.2, 0.3, 0.4

learning rate 0.01, 0.001, 0.0001

num of heads 6, 8, 12

Table 6: Model hyperparameters. Bold shows the parameter that was selected for the final

model.

very small. 0.001 balances between the two and the best result was attained at this

value.

• Number of attention heads: The standard Transformer [19] employed 12 attention

heads. However, to check if lowering this number benefits small vision transformers, 6

and 8 were tried. 12 attention heads had better results than the other two.

The skip policy agents were then added to those base models (7, 10 & 16-layer static trans-

formers). All models were trained using the standard back-propagation algorithm of stochas-

tic gradient descent. As described in subsection 3.3, preprocessing and regularization meth-

ods were applied. Furthermore, the models were set 16-bit to efficiently use the GPU memory

available. The optimizer is AdamW [189] as its industry and literature standard. All models

were trained on the three standard image datasets namely: CIFAR-10 [1], CIFAR-100[1],

Tiny-Imagenet [2]. The training epoch was set to 200 as it stopped improving beyond 200

epochs.

4.2 Result

Table 7 shows the performance of the RL-based dynamic transformer models. Indeed, the

agents learned optimal policies and achieved the static models’ performances. Increasing the
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number of layers in the agent did not improve upon the single-layer FFN. Hence, to avoid

extra computation, the single-layer FFN was used. In the baseline network case, however,

a preliminary experiment on a 10-layers dynamic model showed that a two-layer network is

significantly better than a single one (≈ 2% increase). The investigation of this phenomenon

is out of the scope of this thesis and it can be pursued as a future work. However, the policy

network only needed a linear transformer, whereas the baseline required two layers with a

non-linear activation function. This leads us to hypothesize that estimating the value of a

state involves a non-linear operation.

On the other hand, sharing the parameters across the layers (through LSTM or the same

FFN) severely hurts both the skip ratio and accuracy of the model. Precisely, the agent

issues almost the same decision in all the layers despite being fed different CLS tokens.

After propagation of the reward from the top layer to the bottom, whitening is applied as

it is standard practice. Without the whitening, the model either results in abysmal perfor-

mance or halts due to numerical stability issues. Finally, in the case where the accuracy

and processing ratio become equal, the reward becomes zero. Such reward creates numerical

instability as zero rewards are propagated. Hence, we added ϵ = −10−5 on the reward so

that such cases can be avoided. A positive epsilon value showed a small drop in the accuracy

of the model. This suggests that punishing the agent by a small amount in such a scenario

nudges the model either to increase the accuracy or lower the processing ratio.

Lee et al. [183] experimented with vision transformer on small dataset such as CIFAR-

10, CIFAR-100 and Tiny-Imagenet. To validate the technique formulated here, their model

was used as a baseline and then integrated with the RL-based skipping technique. First,

their result was replicated. In their setting, they run the training with batch size 128. It

was doubled to minimize the time it takes and as such, the accuracy of the base model itself

increased. Apart from the batch size, nothing has changed in the entire experiment pro-

cess. The dynamic version of the same model increased the performance as expected. The
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Model Layers CIFAR-10 CIFAR-100 Speed Img/ms No. Params

Vanilla ViT 7 91.24 67.43 3581 6M

Dynamic ViT 7 91.34 68.26 4948 (↑ 38%) 6M

Vanilla ViT 10 91.37 68.11 2575 9M

Dynamic ViT 10 91.96 68.89 3737 (↑ 45%) 9M

Vanilla ViT 16 90.88 68.29 1251 14M

Dynamic ViT 16 92.17 69.62 3072 (↑ 145%) 14M

Table 7: Performance of the RL-based dynamic transformer models (7, 10, and 16 layers)
on CIFAR datasets.

results are summarized in Table 8. The dynamic model outperformed the well-tuned static

model. Note that, Lee et al. [183] introduced the Locality Self-Attention (LSA) and Shifted

Patch Tokenization (SPT) to increase the accuracy. However, this experiment is done on the

plain small vision transformer so that, their technique does not affect the result in any way.

Furthermore, since the LSA and SPT techniques are formulated specifically for small vision

transformers and not general enough for various domains, the experiments were focused on

the plain model.

Direct comparison to other techniques is nearly impossible since the literature shows effi-

ciency results on different domains (Vision, NLP), different model sizes, and different datasets

even in the same domain. Nevertheless, we compare the result to the previous works such

as SkipNet [68] - a reinforce-based layer skipping mechanism, [190] Lightweight Parameter

Pruning - Pruning-based optimization, quantized version of the static vision transformer

[183]. Note that, we show their best result along with ResNet [46] baseline.
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Model T-ImageNet CIFAR-10 CIFAR-100

SkipNet [68] (Dynamic) - 92.38 67.79

Pruning [190] - 92.82 70.01

ResNet Baseline [46] - 93.68 71.85

ViT Quantization (Ours) - 90.3 70.10

ViT Pruning [190] - 92.82 72.61

ViT [183] 57.07 93.58 73.81

ViT (Ours) Baseline 58.00 95.07 75.44

Dynamic ViT (Ours) 58.71 (+0.71) 95.33 (+0.26) 76.44 (+1.0)

Table 8: Performance of the models on CIFAR and Tiny-ImageNet datasets

4.2.1 Transfer Learning Performance

Transfer learning is a machine learning technique that leverages knowledge gained from

training one neural network on a particular task and applies it to a different but related

task [3, 19, 178, 17]. Instead of starting the training process from scratch, transfer learning

allows us to utilize the learned representations and weights from a pre-trained network as a

starting point. By doing so, we can overcome the limitations of limited data availability and

improve the performance of the target task [3, 19, 178, 17].

In transfer learning, the pre-trained network acts as a feature extractor. The lower-level

layers are responsible for learning generic and low-level features while the higher-level layers

are responsible for task-specific features [191, 13, 80]. Typically, these higher-level layers or

fine-tuned to adapt to the new task [3]. This approach allows the network to learn high-level

representations that are already optimized for general feature extraction, saving significant

time and computational resources. By leveraging the pre-trained network’s knowledge, trans-

fer learning enables effective learning with smaller datasets, improves convergence speed, and

boosts overall performance in various domains such as image recognition [3] and natural lan-

guage processing [17, 19].
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As this technique is a commonly practiced approach to training neural networks in the

literature and industry, its important to investigate the effectiveness of the dynamic vision

transformer in a transfer learning scenario. Hence, a model is first trained on the CIFAR-10

dataset. Then, by freezing all the layers of the model except the last layer, it is used as a

feature extractor for CIFAR-100 and Tiny-ImageNet. The reason behind choosing CIFAR-10

trained model as a pre-trained layer is due to the fact that it’s cheaper to train the CIFAR-

10 model as shown in Table 3. Furthermore, CIFAR-100 and Tiny-ImageNet datasets are

more challenging to achieve very high accuracy when compared to the CIFAR-10 dataset

as shown in Table 7 and 8. As such, the effectiveness of the transfer learning technique

outshines better on those challenging datasets.

(a) Performance of pretrained model on CIFAR-

100

(b) Performance of pretrained model on Tiny-

ImgeNet

Figure 12: The performance of CIFAR-10 pretrained model on CIFAR-100 and Tiny-

ImageNet. Curves with pretrained extensions are the results of pretrained models. Without

the pretrained extension, the curve is the result of models that are trained from scratch.

Figure 12 shows the validation curve of the transfer learning from CIFAR-10 to CIFAR100

(Left) and Tiny-ImageNet (Right). Firstly, as Transfer Learning promises, both the static
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Model CIFAR-100 Tiny-ImageNet

static ViT scratch 75.44 57.07

static ViT pretrained 75.97 58.50

dynamic ViT scratch 76.44 58.71

dynamic ViT pretrained 76.77 (+0.8%) 57.81 (-0.7%)

Table 9: Accuracy of CIFAR-10 pretrained models on CIFAR-100 and Tiny-ImageNet. Bold
shows the highest accuracy by the pretrained model in their categories.

(Orange) and dynamic (Blue) pretrained models greatly benefit from faster learning. The

models trained from scratch (green) have slow learning as they take a larger number of train-

ing steps to achieve similar accuracy to the pretrained ones.

Secondly, in the CIFAR-100 (Left) case, the dynamic pretrained model achieved better per-

formance than the static pretrained model. In the Tiny-ImageNet (Right) case, however, the

pretrained static model achieved better performance than the dynamic counterpart with a

very small margin. We hypothesize that the inferior result in the Tiny-ImageNet case is the

result of a drastic change in the distribution of the images. CIFAR-10 and CIFAR-100 are

very similar to each other while Tiny-Imagent is the downgraded version of ImageNet [67].

As such, the policy learned by the CIFAR datasets may not be optimal for Tiny-ImageNet.

Table 9 summarizes the results. In the table, scratch refers to the models that were trained

without transfer learning.

4.2.2 Inference Speed

The throughput of the Dynamic ViT is tested in batch sizes from 1 to 1024 on Google

ColabPro and RTX Titan GPUs. It is computed as the number of images processed in a

microsecond. Table 7 shows the throughput of the 7, 10, and 16-layer models. As the number

of layers increases, the thought also increases compared to the static one. This is due to the

fact that the dynamic model activates just the needed amount of layers. Except for the 16

batch sizes, there is a large throughput increase in all batch sizes. Averaging over all batch

76



Model ColabPro RTX Titan

Dynamic ViT 7-layer 51% 23%

Dynamic ViT 10-layer 43% 35%

Dynamic ViT 16-layer 266% 46%

Table 10: Speed gain of the Dynamic ViT models on CIFAR-100 compared to the vanilla
ViT.

sizes, Google ColabPro gains about 43% throughput increase while RTX Titan gains about

35%. Figure 13 and 14 show the throughput percentage increase of the 10 and 7-layer ViTs

compared to fixed networks. ColabPro uses a single thread and hence, it benefits highly (up

to 266%) in a bigger (16 layers) model. Figure 15 shows the speed increase in the 16-layer

Dynamic ViT case. Overall, Table 10 summarizes the average percentage increase of the

models on the two GPUs.

Similarly, Table 8 presents the throughput on the Google Colab for the small model from

[183]. Note that this model is significantly lower than the others with just 1.8M parameters.

As such, skipping a layer does not result in massive execution time reduction as the big mod-

els presented in Table 7. Overall, as Table 11 presents, the method increases throughput in

all of the settings. With the exception of the 16 batch size, both GPUs show a significant

throughput increase. The increase in speed is attributed to the later layers. Earlier layers

process all of the inputs and later layers are selective. This might be due to the fact that

lower layers are concerned with processing low-level features that are present in all inputs

[25]. Figure 17 shows the fraction of the inputs in a batch that are being processed on each

layer of DynamicViT-7 and DynamicViT-10. Layers 1 to 5 process all inputs. The rest of

the layers process much smaller fractions of the batch inputs. Furthermore, 16 shows the

fraction of the batch images processed by a layer as time goes by in the training phase.
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Batch Size static-ViT dynamic-ViT %

1 207 250 20%

16 3007 3057 1%

64 7676 8305 8%

256 7593 11322 49%

1024 7593 11471 51%

Table 11: Average throughput of static ViT and dynamic ViT over the CIFAR-10, CIFAR-
100 & Tiny-ImageNet datasets. Overall an average of 25.8% speed boost is observed.

Figure 13: Throughput improvement (in %) of 10-layer Dynamic ViT over the vanilla ViT

in batch sizes from 1 - 1024. Overall, an average of 38% speed boost is observed.
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Figure 14: Throughput improvement (in %) of 7-layer Dynamic ViT over the vanilla ViT in

batch sizes from 1 - 1024. Overall, an average of 48% speed boost is observed.

Figure 15: Throughput improvement (in %) of 16-layer Dynamic ViT over the vanilla ViT

in batch sizes from 1 - 1024. Overall, an average of 145% speed boost is observed.
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Figure 16: Processing fraction per batch of the models over the training steps: Blue (ViT-7),

Orange (ViT-10), and Gray (ViT-16)

Figure 17: The processing ratio at each layer of ViT-7 (red) and Vit-10 (blue). DynamicViT-

7 uses all the first 4 layers. However, starting at the 5th layer, it becomes selective by

processing less than 20% of the incoming batch. Similarly, DynamicViT-10 utilizes 5 layers,

and the rest is used selectively.
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4.2.2.1 Source of Efficiency

Zooming in on the model’s layer execution, it becomes apparent that the model aims to

activate the minimal number of layers possible. Once an input is fed into the model, it

traverses through the various layers. At each layer, there are two options: either 1 (pass

through the layer) or 0 (skip it). This path of propagation can be represented using a string

of 0s and 1s. For example, an input may pass through the first 5 layers, skip layers 6 and 7,

and then pass through layers 8 and 9. This path can be expressed as:

1 − 1 − 1 − 1 − 1 − 0 − 0 − 1 − 1

To quantify these decisions made by the model, the paths for each test input can be collected

to compute the distribution of these decisions. The distribution of these decisions for the

CIFAR-10 dataset and the 9-layer dynamic model, based on [183], is presented in the table

below (Table 12). It reveals that approximately 53% of the images are processed using only

the first 5 layers. The next approximately 25% of the images are processed using a maximum

of 7 layers. Consequently, collectively, around 75% of the images require 7 or fewer layers,

resulting in reduced computational time compared to the static approach, which requires all

9 layers for every input.
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Path ID path Images Percentage

0 1-1-1-1-1-0-0-0-0 5031 52.74%

1 1-1-1-1-1-1-0-0-0 892 9.35%

2 1-1-1-1-1-0-1-0-1 586 6.14%

3 1-1-1-1-1-0-0-0-1 570 5.98%

4 1-1-1-1-1-0-0-1-0 509 5.34%

5 1-1-1-1-1-0-1-0-0 404 4.24%

6 1-1-1-1-1-1-1-0-0 354 3.71%

7 1-1-1-1-1-0-1-1-0 264 2.77%

8 1-1-1-1-1-1-1-0-1 222 2.33%

9 1-1-1-1-1-1-0-1-0 175 1.83%

10 1-1-1-1-1-1-1-1-1 166 1.74%

11 1-1-1-1-1-1-1-1-0 146 1.53%

12 1-1-1-1-1-0-1-1-1 108 1.13%

13 1-1-1-1-1-0-0-1-1 55 0.58%

14 1-1-1-1-1-1-0-0-1 39 0.41%

15 1-1-1-1-1-1-0-1-1 18 0.19%

Table 12: Layer execution path distribution of the dynamic ViT on CIFAR-10.

4.2.3 Memory Usage

The memory usage of the Transformer is analyzed on two fronts: the number of parameters

and the working space of the model. The number of parameters in the Transformer can be

computed in the following way:

Let I be the Input size of a single element in the sequence

Let D be the embedding dimensionality

Let H be the number of attention heads

Let d be the Query, Key, and Value projections dimension

Let S be the sequence length

82



Embedding Layer: E = I ×D (4.1)

Self-Attention Layer: A = H × (4 × h× d) (4.2)

FFN Layer: F = (h× 4h) + (4h× h) (4.3)

Total Layer Parameter: T = E + A + F (4.4)

The given equations provide a computation for the number of parameters in a single Trans-

former layer, excluding minor layers like LayerNorm which have negligible parameter counts

compared to the ones mentioned. If we include the agent, the total parameter count for the

layer becomes:

T = E + A + F + h (4.5)

Here, the agent takes a class token (representing one element of the sequence) with a size of h

and maps it to a single output, which is a binary classification decision to either skip or pass.

Therefore, the total number of parameters is equivalent to h. However, as the quadratic

equation in the FFN (Feed-Forward Network) layer causes h2 to grow significantly, the

contribution of h becomes less significant. For example, considering the models in Table 7

and Table 8, the number of parameters for all numbers of layers would be: In the scenario of

Model E + A + F h Increase in %

ViT-10 (Table 7) 1.77M 384 0.021%

ViT-9 (Table 11) 0.43M 192 0.043%

Table 13: Parameter increase in % due to the agent

working space memory usage, the cost of the agent becomes even more insignificant, and its

benefits outweigh the cost, leading to an improved overall memory footprint. The working

space memory is determined by the sequence length S. Therefore, the following equations
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depict the memory requirements during inference time with a batch size of 1. The subscript

i denotes that these are memory spaces created during the inference stage.

Embedding Layer: Ei = D × S (4.6)

Self-Attention Layer: Ai = S ×H × (h× h) + (4 × h× d) (4.7)

FFN Layer: F = Si × h (4.8)

Total Layer Parameter: Ti = Ei + Ai + Fi (4.9)

The above equations ignore low-level simple computations and focus on the higher-level

heavy ones of the activations. The following table shows the corresponding memory spaces

needed for the intermediate results in the models: In the above table, it is evident that the

Model Ei + Ai + Fi h Increase in %

ViT-10 (Table 7) 230M 1 ∼ 0.0%

ViT-9 (Table 11) 28M 1 ∼ 0.0%

Table 14: Working space memory requirement in % due to the agent

activations within a layer will be much greater than the layer weight size itself, and thus

skipping a layer results not only in lesser usage of GPU memory but also in saving the time

of creating those memories. For the additional cost h size agent in a layer, the model gains

from avoiding the computation of an entire activation list of the layer. Assuming that model

skips layers 53% of the time, the memory that is saved is also 53%.

Note that since the transformer model is an isomorphic model where all the layers have

the same size, removing a layer results in 1
L

lesser memory footprint and computational time

for a model with L number of layers. As such, in the layer-skipping vision transformer sce-

nario, the cost of the model linearly increases and decreases with the number of activated

layers.
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4.3 Post-training Optimization

Since there was no benchmarking on this model before, we run a random hyper-parameter

search for the Plain-NSGA and joint RL-NSGA training for the post-training optimization.

There are five defining factors regarding this process: generation time step, population size,

skip thresholding value, mutation, and crossover probabilities. Table 15 shows the possible

values of each hyperparameter. The choice of these values is shaped by the following reason-

ing. The result of the Generation Step and Population size below 5 and 10 was very poor

in a preliminary experiment. When both factors increase, the time it takes to train also in-

creases. As such, we limited both values to 30. The skip Threshold Step is evenly distributed

between 0.01 and 0.5. Below 0.01, the search space increases significantly. As such it was

limited to just 0.01. For reference, the model described in subsection 3.4 only uses 0.5 as a

thresholding value. With a step value of 0.01, the model has the ability to search for the

right value in 100 possible values. The mutation was evenly distributed between 0.05 and

0.8. Crossover was also evenly distributed between 0.1 and 0.5. Due to symmetry, searching

beyond 0.5 is redundant.

50 random hyperparameters were sampled based on the possible values of the above set-

tings. It was limited to just 50 because, on average, one experiment takes about eight

minutes on the machine available, and increases beyond that were costly. Furthermore, as

the main model is an already trained one, similar to fine-tuning[3], the post-training opera-

tion converges faster. Once the 50 hyperparameters are selected, both were applied to the

CIFAR-10 and CIFAR-100 datasets. The training lasted for 6.5 hours on each dataset using

an NVIDIA GTX 745 GPU, Core i7, 16GB RAM-based computer. Once the training is

done, for each hyperparameter, Hypervolume was computed based on the 50 hyperparame-

ter samples for both datasets.

Note that, in this hyperparameter search, only the NSGA-II algorithm is trained without

any of the model hyperparameters being updated. This saves significant computing power
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as this operation by itself is costly. Furthermore, as we show in the result tables, using

these hyperparameters, the joint RL-NSGA training results in a significantly efficient model,

sometimes outperforming the other tested models. Figure 18 shows the hypervolume result

on each of the hyperparameters. It also shows the average of the two datasets. The final

hyperparameters were selected based on the average values to minimize the data bias in the

selection process. The bold values on Table 15 show the final values of the hyperparameter.

Hyperparameter Possible values

Generation Step 5, 10, 15, 20, 25, 30

Population 10, 15, 20, 25, 30

Skip Threshold Step 0.01, 0.05, 0.1, 0.25, 0.5

Mutation Probability 0.05, 0.2, 0.35, 0.5, 0.65, 0.8

Crossover Probability 0.1, 0.2, 0.3, 0.4, 0.5

Table 15: Hyperparameters for the NSGA-II. Bold numbers show the final hyperparameters

chosen based on the Hypervolume Evaluation

With the RL-NSGA optimization technique, the designer gets more control as the Pareto

frontier enables model selection based on the objective function values. Figure 19 shows

the Pareto optimality graph for the Plain-NSGA and RL-NSGA optimized models. The

RL-NSGA is even more optimized than the plain NSGA due to the fact that it has live

information on the optimization and as such, the parameters can be updated accordingly to

achieve maximal classification accuracy. Interestingly, both models increased performance

more than the dynamic one as shown in Table 16. Overall, their accuracy is not affected

significantly. However, their throughput over the plain model has significantly increased as

shown in Table 17.
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Figure 18: Accuracy vs Hyperparameter: Hyperparameter Search for the joint NSGA-II-RL

Post Training Optimization. The best values were attended at the generation step of 30, a

population size of 25, a mutation probability of 0.65, a skip threshold step of 0.25, and a

crossover probability of 0.5.
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(a) Pareto front of CIFAR-10 dataset (b) Pareto front of CIFAR-100 dataset

Figure 19: NSGA-II optimized Pareto fronts (Accuracy - Num. of Layers) on CIFAR

datasets.

Figure 19 shows the collections of solutions found by the late-stage optimization using NSGA-

II using CIFAR-10 (Left) and CIFAR-100 (Right). The red dots show the Pareto frontiers

found by the joint RL-NSGA optimization while the blue dots are of the plain NSGA op-

timization. Closer to the origin of the coordinate (100, 0) shows that an ideal model that

does not use any layer but accurately labels the test sets. Rl-NSGA-based optimization, in

both datasets, results in Pareto frontiers that are closer to the ideal setting when compared

to the plain NSGA training.

Furthermore, the plain dynamic model might activate unnecessary layers for a given input

as explained in subsection 3.5. To evaluate if this problem has been solved, the operation

proposed in subsection 3.5 was re-run on the new RL-NSGA optimized model. The result

is shown in Table 18. In the CIFAR-10 and CIFAR-100 datasets, we observed reductions of

47% and 42%, respectively, in unnecessary operations. This improvement in efficiency can

be attributed to the model restructuring itself and utilizing layers more efficiently through

the RL-NSGA-based optimization.
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Model CIFAR-10 CIFAR-100 Num. of Layers

ViT [183] 93.58 73.81 9

ViT (Ours) Baseline 95.07 75.44 9

Dynamic ViT (Ours) 95.33 76.44 9

RL-NSGA 95.29 76.73 6 (↓ 33%)

Plain-NSGA 95.28 76.70 8 (↓ 11%)

Table 16: Performance of NSGA-optimized models on CIFAR-10 and CIFAR-100 datasets.

Batch Size static-ViT dynamic-ViT RL-NSGA dynamic ViT % RL-NSGA %

1 207 250 330 20% 32%

16 3007 3057 3919 1% 28%

64 7676 8305 11399 8% 37%

256 7593 11322 15685 49% 58%

1024 7593 11471 16248 51% 64%

Table 17: Average throughput of static ViT, dynamic ViT, and RL-NSGA ViT over the
CIFAR-10, CIFAR-100 & Tiny-ImageNet datasets. The efficiency of the proposed model
increased from 25.8 to 43.8 percent on average.
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Dataset - Class ID 0 1 2 3 4 5 6 7 8 9 Ave.

LS ViT CIFAR-10 70 65 68 67 67 66 65 73 68 65 61

RL-NSGA CIFAR-10 15 11 16 16 15 11 15 17 11 9 14

LS ViT CIFAR-100 50 56 48 50 53 49 52 50 54 56 52

RL-NSGA CIFAR-100 9 8 9 9 11 11 13 11 8 12 10

Table 18: Fixed unnecessary layer activation by the joint RL-NSGA optimization. LS ViT
is the layer skipping ViT. In the CIFAR-10 case, the unnecessary activations lowered from
61% to 14% whereas in the CIFAR-100 case, it reduced from 52% to 10%.

Finally, the model is optimized to select the appropriate thresholding values for each of the

layers through the optimization technique. Table 19 shows four samples out of the Pareto

fronts for the CIFAR-100. As their accuracy decreases, the path discovered will have lesser

activation of the layers.

Accuracy Path

76.33% 1-1-1-1-1-1-0.25-0-0-0

61.42% 1-1-0-1-1-0-0-0-0

37.65% 1-1-0-0-0.75-0-0-0-0

10.91% 1-0-0-0-0.75-0-0-0-0

Table 19: Accuracy and Path of four samples of the RL-NSGA optimized models. 0 shows

no activation ever and the layer can be removed. 1 shows the layer must be activated always.

The decimal points show the newly optimized skipping threshold.

Overall, the NSGA-based post-optimization results in an efficient model. When the RL agent

is fine-tuned along with the NSGA, the model becomes even more efficient, decreasing the

number of layers by 33%. It also gives control over how much accuracy should be sacrificed

with the given depth. Hence, similar to weight pruning and other methods, the model can

be minimized to utilize the small memory space available in small devices.

90



4.4 Discussion

4.4.1 Key Findings

• Most images do not need some layers: Table 12 shows that about 53% of the

images are processed using only the first five layers. For the next 10% of images add

one more layer on top of the first five layers. That is the primary reason behind the

efficiency gain.

• Efficient Skip Policy: There is no work that showed layer skipping can be efficiently

applied without compromising on the performance of the model. The RL-based Dy-

namic Transformer Network even performs better than the static model while being

53% efficient on average on different batch sizes. As such, it can be concluded that

there is redundant or unnecessary representation in the static network.

• Skip Threshold Value Optimization: As shown in Table 19, 0.5 may not be

optimal. As such, at least in systems like this work, optimizing it to the right value

results in better performance.

4.4.2 Limitations

• Extra Memory Space: Compared to the static transformer, the dynamic trans-

former does require additional memory space for the agent, both in the training and

inference phases. However, in real-world applications, considering the overall size of

the model and the working space required, the amount of extra memory needed is

comparatively small as described in the subsection 4.2.3. Therefore, this additional

memory requirement can generally be considered negligible.

• Training Time Extra Computation: During the training phase, the agent occasion-

ally makes errors in its skipping decisions, leading to the activation of more layers than

necessary. Additionally, in a given batch, back-propagation is applied to all activated

layers regardless of how many inputs a layer processes. Consequently, the dynamic
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transformer at training time closely resembles the static network as it activates all the

layers. This similarity, combined with the additional computational cost incurred by

the agent and the sub-batch extraction operation, results in increased training time.

However, in practical scenarios, this additional cost can generally be disregarded since

training is a one-time expense compared to the long-term inference cost.

• Transfer Learning Scenario: Although the model achieved very good performance

in the transfer learning test, the result on Tiny-ImageNet have shown lesser perfor-

mance by about 0.70%. This shows that, although the difference is very small, it

might require retraining to alleviate the issue.

• Post-training RL-NSGA Training: The additional training of the NSGA and the

model can be seen as an additional cost. Although, compared to the normal model

training, this operation is minor, the hyperparameter search might be significantly

costly. As such, developers might compare the training and deployment cost to identify

if it is worth applying such operation post-training.

4.4.3 Real-world Examples

The contributions of this approach have direct implications for real-world applications. For

instance, in time-sensitive tasks like self-driving, where images need to be analyzed rapidly

to make decisions, the benefits are significant. By utilizing a 10-layer model as shown in

Table 7 and employing layer skipping, a 53% increase in processing speed can be expected.

This improvement can be likened to the effect of using a cheaper GPU from the previous

year’s model while maintaining the same throughput.

In the context of search engines, where inputs can be processed in large batches as long

as memory constraints allow, the advantages are even more pronounced. Assuming the uti-

lization of the same 10-layer model, a 70% increase in throughput can be achieved when

processing documents. This increase in throughput is accompanied by a significant reduc-

tion in power consumption, thanks to the decreased activation of layers.
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To illustrate the tangible impact, as of June 3rd, 2023, OpenAI offers the GPT-4 language

model with an 8k context at a cost of $0.03/1k tokens. By implementing layer skipping, this

cost can be reduced to %0.009/1k tokens under batched input processing and %0.018/1k

tokens under a single input processing. Consequently, users can now afford to subscribe to

the more powerful 32k context GPT-4 model while staying within their budget.
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Chapter 5 Conclusion

The transformer architecture has revolutionized deep learning by significantly advancing the

field of natural language processing, computer vision, graph, and tabular data processing

and powering various innovations. Unlike traditional recurrent or convolutional neural net-

works, transformers employ a self-attention mechanism that allows them to capture global

dependencies in input sequences. This mechanism enables transformers to excel in tasks like

machine translation, sentiment analysis, question answering, and language generation. The

ability to model long-range dependencies effectively and capture contextual relationships has

led to improved performance in various domains, leading to massive adoption of the archi-

tecture. Moreover, transformers can be pre-trained on large amounts of unlabeled data and

fine-tuned for specific downstream tasks, leading to state-of-the-art results.

However, the remarkable success of transformer-based models comes at the cost of increased

demand for computational power. Transformers often have significantly more parameters

than traditional models, requiring larger computational resources for training and inference.

The self-attention mechanism scales quadratically with the input sequence length, making

it computationally expensive for long sequences. The demand for computational resources

arises from the need to process massive amounts of data, perform complex matrix multipli-

cations, and optimize the high-dimensional parameter space of transformers. The widening

economic disparity and carbon emissions are also critical factors to consider in the adoption

of this model. As such, addressing the computational challenges associated with transform-

ers is crucial to ensure their widespread adoption and to continue pushing the boundaries of

deep learning in NLP and other domains. Reiterating the research question, we can conclude

that:

• How can the training process of Transformer models be modified to enable
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adaptiveness and the ability to skip layers, resulting in more efficient infer-

ence? An RL-based adaptive mechanism was developed to dynamically identify and

skip irrelevant layers based on the input characteristics. This mechanism allowed the

model to adapt and optimize its computations according to the specific input, result-

ing in improved efficiency and reduced computational demand. The RL-based dynamic

vision transformer showed improved performance over the static network while being

significantly efficient in the inference phase.

• How will the technique generalize across different datasets and model sizes

in the context of a vision problem? The generalizability of the optimized dy-

namic neural network was assessed on various datasets (CIFAR-10, CIFAR-100, and

Tiny-ImageNet), ensuring that the benefits of layer skipping were not limited to spe-

cific datasets but could be applied across different datasets. In each of the dataset

categories, the technique achieved better performance. The technique is also shown to

be effective on models with different depths and widths, including transfer learning.

Moreover, the method has been shown to be effective in transfer learning scenarios.

• How does the proposed system improve efficiency in terms of both time and

space? The impact of layer skipping on the execution time of the model was thor-

oughly investigated and compared to the baseline static transformer models. Both in

computational time and memory footprint, it achieves about 53%, averaged over differ-

ent settings. Especially on higher batch sizes, the model achieves up to 600% inference

speed increase when compared to the static one. Similarly, as the layers are activated

sparsely, the working memory will only increase linearly with the number of activated

layers. As such, on average, 53% memory footprint can be expected across different

settings. This model then can be pruned even more to become efficient through the

post-training RL-NSGA technique. This analysis provided valuable insights into the

computational advantages associated with the layer-skipping approach.
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5.1 Recommendation

• Exploration of Different RL Algorithms: While this research employs a particular

RL algorithm for training the layer-skipping agent, it would be beneficial to explore

and compare the performance of different RL algorithms. Alternative algorithms, such

as Proximal Policy Optimization (PPO) may offer improved training stability, faster

convergence, or better exploration-exploitation trade-offs even though it incurs more

computational cost. Conducting comparative studies with these algorithms can provide

insights into the most suitable RL approach for training the layer-skipping agent in

the dynamic Transformer.

• Investigation of Adaptive Layer Scaling: In this research, the dynamic ViT dy-

namically skips layers based on the RL agent’s decisions. However, exploring the

possibility of adapting the layer size or scaling the number of attention heads based on

the input’s relevance could be an interesting direction for future work. By adjusting

the capacity of individual layers or attention heads, the dynamic ViT could further

optimize computational efficiency by allocating more resources to critical parts of the

input and reducing redundancy in less informative sections.

• Developing Specialized Non-Zero Kernel: In the current implementation, the

widely-used nonzero function from popular deep learning frameworks is utilized to

extract inputs that don’t need to be processed in the following layer. However, it has

been observed that this function introduces noticeable performance overhead in smaller

models. To mitigate this cost, one potential solution is the utilization of a specialized

hardware-based kernel that can directly operate on the GPU. By leveraging such a

dedicated kernel, the performance impact associated with the nonzero function can be

minimized, resulting in improved efficiency for small models.
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5.2 Future Works

• Robustness analysis: Future work can focus on evaluating the robustness of the

proposed layer-skipping dynamic ViT network. Robustness analysis involves studying

the model’s performance under various perturbations, such as adversarial attacks or

input variations. By subjecting the model to different challenging scenarios, researchers

can assess its ability to maintain performance while dynamically skipping layers. This

analysis will provide insights into the model’s resilience and help identify potential

vulnerabilities or areas for improvement.

• Dynamic attention mechanisms: While the proposed dynamic ViT network fo-

cuses on layer skipping as a means to reduce computational requirements, future work

can investigate the integration of dynamic attention mechanisms within the model.

Attention mechanisms have played a crucial role in the success of transformer archi-

tectures, allowing them to capture contextual information effectively. By introducing

dynamic attention, the model can adaptively allocate attention to different regions or

tokens within an input, further optimizing the computational resources and improving

performance. Exploring techniques such as sparse attention, adaptive attention, or

learned attention routing can enhance the efficiency and effectiveness of the dynamic

ViT network in capturing relevant information while reducing computational costs.

• Explainablity: While the dynamic ViT architecture presents significant improve-

ments in computational efficiency and performance, understanding the decision-making

process of the RL agent can provide valuable insights and build trust in its choices.

Exploring techniques such as attention mechanisms or visualization methods that high-

light the importance of specific layers or attention heads can help interpret the agent’s

behavior.
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