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Abstract

Despite the outstanding performances of the large Transformer-based language
models, it proposes a challenge to compress the models and put them into the indus-
trial environment. This degree project explores model compression methods called
knowledge distillation in the sentiment classification task on Transformer models.
Transformers are neural models having stacks of identical layers. In knowledge
distillation for Transformer, a student model with fewer layers will learn to mimic
intermediate layer vectors from a teacher model with more layers by designing and
minimizing loss. We implement a framework to compare three knowledge distillation
methods: MiniLM, TinyBERT, and Patient-KD. Student models produced by the
three methods are evaluated by accuracy score on the SST-2 and SemEval sentiment
classification dataset. The student models’ attention matrices are also compared with
the teacher model to find the best student model for capturing dependencies in the
input sentences. The comparison results show that the distillation method focusing
on the Attention mechanism can produce student models with better performances
and less variance. We also discover the over-fitting issue in Knowledge Distillation
and propose a Two-Step Knowledge Distillation with Transformer Layer and Pre-
diction Layer distillation to alleviate the problem. The experiment results prove
that our method can produce robust, effective, and compact student models without
introducing extra data. In the future, we would like to extend our framework to
support more distillation methods on Transformer models and compare performances
in tasks other than sentiment classification.

Keywords Natural Language Processing, Sentiment Analysis, Language Model,
Transformers, Knowledge Distillation
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1 Introduction

Transformer-based language models have proven performances in various fields but
are resource intensive. In this thesis, we will like to explore the knowledge distillation
method to compress models. In specific, we will compare three popular knowledge
distillation methods on Transformer-based language models for sentiment analysis
and we will explore approaches to alleviate over-fitting in knowledge distillation.

1.1 Background

The proposal of transformer architecture makes training larger neural models possible
and starts a new generation of studies on machine learning models. The design
of transformer architecture can process the entire input sequence all at once and
consider the dependency of items in the sequence. It allows for more parallelism
so large models can be developed for various tasks. The transformer-based NLM
dominated NLP and NLU tasks, and recently the Transformer has proven its success
in computer vision [1], time-series [2] and many other fields [3].

NLM is a machine learning model that can produce text representation. The
model can transform the text into meaningful vectors to feed into machine learning
models as input for downstream NLP applications. Previous NLM usually produces
context-free text representations, which means the same word in different text
contexts is represented as the same vector although the word might have different
meanings (e.g., word2vec[4], FastText[5]). ELMo[6] is the first attempt to train a
NLM to produce dynamic word representation but the use of LSTM [7] limit its
efficiency. After the emergence of Transformer architecture, recent studies replace
LSTM with Transformer to efficiently produce dynamic text representation (e.g.,
BERT[8], GPT[9]). Those studies also propose a new approach to adapt NLM in
downstream applications called fine-tuning. Instead of only using the produced text
representation, fine-tuning means that an extra prediction layer is added on top of
the NLM then both the model and the layer are trained with task-specific labeled
data and a supervised objective. The training of NLM and adaption procedures
are known as pre-training and fine-tuning respectively [10] and it is inspired from
the transfer learning[11][12]. It has been proven that the Transformer model learns
linguistic knowledge in the pre-training stage and can transfer the knowledge in the
fine-tuning stage[13].

1.2 Problem

Despite the outstanding performances of the Transformer-based NLM in various
fields, putting them into production has many challenges. The first reason is the
low inference speed of the models due to a large number of parameters. The base
version of the BERT model has 12 transformer blocks with 103 million parameters,
making it impossible to put it into an online service. The second reason is a large
consumption of energy and resources using models, which leads to economic and
environmental costs. It restricts organizations from effectively using them for research



or applications.

To develop efficient transformer models for downstream tasks, recent studies focus
on 1) reducing the computational complexity of the transformer architecture [14]
and 2) compressing the models while keeping the most of their performances [15].
The compression can be performed by parameter pruning[16], quantization[17], and
knowledge distillation[18]. The focus of this project is knowledge distillation, which
has been shown as a promising method in transformer compression for supervised
task[19]. Knowledge distillation aims at compressing a large teacher model into a
compact student model by training the student model to imitate the behaviors of a
teacher. The vanilla knowledge distillation suggests that a student can learn from
the logits before the Softmax function from the teacher’s prediction layer[20]. Recent
studies have proposed many intermediate behaviors|21] specified in the Transformer
architecture that students should learn.

Sinch AB, a communication platform, deploys a real-time sentiment analysis model
with millions of inference calls weekly. They identified a need to apply an efficient
and effective transformer-based classifier to improve their current performance.

Research Question

Knowledge distillation is a method compressing Transformer models while keeping
most of the performances. Many distillation methods have been proposed and this
thesis would like to discover a good practice for Knowledge Distillation on Transformer
models. Specifically, we propose two research questions. The first question is we
would like to explore the differences on performances between different distillation
methods. The second is to discover methods to alleviate over-fitting in knowledge
distillation on Transformers.

Hypothesis

The hypothesis of the performance variation is that the distillation method involving
more fine-grained imitation will have better performances. We assume that we
can use approaches like increasing training data and reducing model complexity
to alleviate over-fitting issue in knowledge distillation on Transformers as in other
machine learning problems.

Purpose

The primary purpose of the thesis is to compare different knowledge distillation meth-
ods for the sentiment classification task. The project also contributes to discovering
approaches to alleviate over-fitting in knowledge distillation. The resulting report
provides Sinch, the end-user company, with suggestions on the choices of Knowledge
Distillation methods and strategies to deal with the over-fitting issue.



1.3 Goals

This project aims to explore knowledge distillation methods on transformer language
models for sentiment analysis. It is divided into the following three sub-goals:

e Develop a framework for knowledge distillation on Transformer-based models
supporting different methods.

o Compare different distillation methods and evaluate their performances on the
sentiment classification task.

o Exploration on approaches to alleviate the over-fitting issue in Knowledge
Distillation.

1.4 Delimitations

The degree project is limited to evaluating the student models only on the sentiment
classification task. That is because Sinch has a specific interest in the task and
wishes to investigate methods to improve it. Due to the time limit, the project is also
limited to experimenting with only a part of the current state-of-the-art distillation
methods. The conclusion from the experiment’s result should be general for other
similar distillation methods.

1.5 Structure of the thesis

The structure of the thesis is as follows:

o Chapter 2 presents relevant background information about Transformer archi-
tecture, Knowledge Distillation, and Sentiment Analysis.

o Chapter 3 presents the method of comparing distillation methods and proposed
approach to alleviate over-fitting.

» Chapter 4 presents the developed distillation framework and experiment settings,
then presents the results and analysis.

o Chapter 5 discusses our proposed method to alleviate over-fitting in Knowledge
Distillation.

o Chapter 5 concludes the degree project and points out potential future work.
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2 Background

After the success of Transformer architecture in machine translation[22], studies
propose to apply it to train NLM for NLP and NLU tasks. The first attempt is the
GPT model that use a multi-layer Transformer decoder architecture[9]. However, the
GPT model is a unidirectional language model, meaning it can only process input
sequences from left to the right. To have a bidirectional context for each item in the
input, the study of BERT proposes the MLM inspired by the Cloze task[23]. BERT
model is a multi-layer Transformer encoder trained with the objective of the MLM
task and has proven to outperform the unidirectional models on downstream tasks.
Due to its state-of-the-art performance and wide application in the industry, this
project focuses only on the BERT model.

This chapter will present the Transformer architecture and the BERT model.
Then followed by an introduction to knowledge distillation and current state-of-the-
art methods for distillation on Transformer-based language models. It goes on to
introduce the downstream sentiment analysis task.

2.1 Transformer

The Transformer is an encoder-decoder architecture with a specially designed attention
mechanism proposed for neural machine translation in 2017[24]. Compared to
previous state-of-the-art neural models at that time, the Transformer can process
input sequences in parallel using Attention instead of step by step and achieves
better results. Apart from the parallelism benefiting from Attention, the Transformer
applies Layer Normalization[25] and Residual Connection[26], making it possible to
train deep Transformer models.

Encoder and Decoder

The Transformer encoder has a stack of N identical encoder blocks. In each block,
the input will first be fed to a multi-head attention layer and then a position-wise
fully connected feed-forward layer. The dimension of the input and output features
are the same in d,,,q. to apply residual connection. Residual connection and layer
normalization are employed in each layer to facilitate training of the N-block deep
model. It means that the output of each layer is added to the original input and
then normalized.

The decoder has a similar design as the encoder, except that the multi-head
attention layer is masked. By masking and shifting the target sequences by one
position, the decoder ensures that the next predicted item is only based on previously
seen items. That explains the unidirectional feature of the GPT model. In the
original paper, a Transformer architecture for machine translation has six encoder
blocks and six decoder blocks. The output from the last encoder block is fed into
the first decoder block.



~
Add & Norm |
Feed
Forward

b

.

Add & Norm |

Multi-Head
Attention

t

Qutput
Probabilities

1

| Softmax |}

|  Linear |}
-

11

,
| Add & Norm Je—

Feed
Forward

Multi-Head
Attention

VI T,

_J

Positional
Encoding

Oa

Input
Embedding

T

Inputs

[ Add & Norm Je=

Masked
Multi-Head
Attention

t

e
| Add & Norm Je—

v

J

al

Output
Embedding

T

Qutputs
(shifted right)

Positional
Encoding

Figure 1: Transformer architecture from the original paper[22]

Attention

The Attention mechanism used in the Transformer is based on a alignment function
proposed for machine translation [24]. The mechanism takes a query vector and
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key-value vector pairs as input and output a vector. The output vector is a weighted
sum of value vectors where the weight is calculated by a correlation function between
query and key. In Transformer architecture, scaled dot-product attention shown in
the Equation 1 is used.

. QK

Attention(Q, K, V) softmax(\/d_k)V (1)
@, K,V are matrices having the same dimension n x dj. To understand relations
between each item in a sequence and encode the relations into each item, Transformer
proposes a self-attention. For an input matrix X containing a sequence of word
vectors, self-attention projects the matrix into query, key, and value matrices using
learn-able matrices W%, WX WV and perform scaled dot-product attention, which

is calculated in by Equations from 2 to 5.

Q= XW* (2)
K = XW* (3)
V =XW" (4)
Sel f Attention(X) = Attention(XW9, XW* XW?) (5)

To capture different relations in a sequence, Transformer proposes multi-head
attention, which projects input matrix X into h linear spaces in parallel using h sets
of (W%, W¥* W?). The h attention results are concatenated and projected back to
the input dimension. It can be expressed by:

For the 44, head:

head(X,1) = Attention(XW? XW* XW?) (6)
the concatenation and output is archived by:

MultiHeadAtten(X) = Concat(head(X, 1), ..., head(X, n))W? (7)

Position-wise Feed-Forward Networks

The position-wise FFN combines two linear transformations with a ReLLU activation
in between applying to each input position. The module can be computed by the
Equation 8.

FFN(x) = max(0,xWy + b1 )Wy + by (8)

W, W, are transformation matrices and by, by are the biases. The first trans-
formation will project dimension from d,,.q into a higher dimension d;,,.. and
the second transformation will project it back to the dimension d,,.q¢ for residual
connection.
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Positional Encoding

The Transformer is highly parallelizable due to the design of the attention mechanism
but at the expense of losing the order information of input sequences. Positional
encoding is introduced to inject information about the relative or absolute position
of the input sequences|27]. The Transformer uses a fixed positional representation
of dimension d,,.q4¢, the same as the input features. For different position pos of
an item in a sequence and index of the representation vector i. The value can be
calculated using the sine and cosine functions as the Equations 9, 10 below.
For singular index:
Pos

PE(pos, 2i+1) = cos({5o5057am) )

For plural index:
pos

PE(pos,2i) = sin(m)

(10)

BERT

BERT8], Bidirectional Encoder Representations from Transformers is a language
model proposed in 2018. Unlike other language models at that time, BERT uses
stacks of transformer encoder blocks to train a deep language model conditioning on
both left and right contexts using a massive amount of unlabeled text. The training
process is known as pre-training. An extra linear layer needs to be added on top
of the trained model o apply the model to downstream tasks, and then the new
network needs to be trained with in-domain task data and corresponding objectives,
called fine-tuning. The model, along with the pre-train then fine-tune paradigm, are
powerful, and the recent state-of-the-art performances in NLP and NLU tasks are
still backboned on the idea of BERT[28].

2.2 Knowledge distillation on Transformer-based Language
Model

The Transformer model has shown to be influential in many downstream tasks.
However, deploying them in the real industrial scenario is hard due to the high
computational requirement. Knowledge distillation is a model compression method
achieved by training a student model under the supervision of a teacher model on a
task. In Knowledge Distillation for Transformer-based NLM, the student is trained
with two objectives. The first objective is to train the student NLM by imitating of
teacher NLM internal behaviors. The second objective is to adapt the student NLM
to the task supervised by the teacher. Thus, the objective of Knowledge Distillation
can be formulated as minimizing the Equation 11.

Loss = 32 D(f (@), oo (@) + LUF().) (1)

where n is the number of the student blocks, f7() and f!() represent behavior
of student and teacher model at block 7 respectively. m(i) is a mapping function
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that decides which teacher block the 7, student block should learn from. D(-, )
is a loss function calculating the difference between the inputs. L(-,-) is a loss
function measuring loss between the student’s prediction and the real labels. Both
teacher and student have several Transformer blocks and an extra Linear Layer
block for adaptation to a task. Since behaviors in Transformer layer blocks (i < n)
and the Prediction layer block (i = n) are different, we refer to the losses in the
two kinds of blocks as Prediction layer loss and Transformer layer loss, respectively.
Recent Knowledge Distillation methods on NLM have proposed losses consisting of
fine-grained Transformer Layer Losses and Prediction Layer Losses. The following
subsections will introduce the two types of losses.

Prediction Layer Loss

In vanilla knowledge distillation[20], it is suggested that the student should mimic
the logits vector of the final Softmax function from the teacher. The logit vector
with a dimension of the number of labels provides a roughly estimated confidence for
each predicted label, and the largest logit corresponds with the correct label. To help
the student have a better understanding of the relation between labels in knowledge
distillation, Softmax with temperature is proposed to soften the logits vector shown
in the Equation 12:

Zi
eTr

zp = softmax(T, z) = (12)

=
Zj et

The larger the T is, the softer the probability distribution over classes. The
loss is then calculated by the Cross-Entropy of the two distributions, which can be
formulated as:

Lee = _(Z;’ * lOg(Z;)) (13)

25 is logits from a student with temperature 7" while zf means the same but
from a teacher. The Cross-Entropy loss is equivalent to the Mean Squared Error loss
(shown in Equation 14) in the high temperature limit proven in [20].

Linse = 5 (24— 24)° (14)

Transformer Layer Loss

Knowledge Distillation considering only the Prediction Layer behaviors can achieve
a comparable result on the training set, but it is shown to have a poor generalization
ability [29]. Taking the Transformer Layer Loss into account is a method to alleviate
the issue.

TinyBERT|[30] proposes distillation on three types of intermediate behaviors: 1)
the input of the first block, which is the text embedding vectors E; 2) the hidden
vectors H output from each Transformer block; 3) the attention matrix A; in the i,
head from the Transformer block. To fix the dimension d,,,4. mismatching problem



15

in features between teacher and student, TinyBERT uses projection matrices to map
them into the same dimension. The loss functions for the behaviors between one
student block and one teacher block are defined as:

Lempa = MSE(ESWea ET) (15)
Lhizn = MSEH W, H") (16)
1 h
Lattn:mse = E Z MSE(Afa AzT) (17)
i=1

MinilLM[21] proposes a deep self-attention distillation loss. The method focus
on the attention matrix A; and its associated value vector V; in the 4;, head from
a transformer block. In an Attention matrix of n x n, each row is a distribution
revealing the correlation scores of an item to other items in a sequence. In MiniLLM,
the loss functions for A; is the sum of KL-divergence between rows j in student and
teacher’s attention matrices:

1 h n
Lattnikia = 7 Z; Z:l KL(A|IAY) (18)
1=17=
For value vector V;, since dj in teacher and student models are different, MiniLLM
proposes to learn from the value relation instead of the value vectors. The relation
VRof value V; and the loss are calculated by:

T

VR, = softmaz(v\;;_[i ) (19)
k

1 h
Lygr = E Z KL(VRz’THVRf) (20)
i=1

The Transformer losses proposed by TinyBERT and MiniLM involves heavy
computations because it calculates losses between features at all positions. Since the
BERT model only uses the representation of the first special token [CLS] to make
a prediction on a input sentence, Patient Knowledge Distillation[29] proposes an
internal loss only considering the normalized [CLS] token features f. In a student-
teacher block pair, the loss is defined by:

7

Lpg = MSE(—— —
ST T8

) (21)

Summary

Training a Transformer student model under the supervision of a Transformer teacher
model for a task has two objectives. The first is to mimic internal teacher behaviors
mainly achieved by Transformer Layer Loss. The second is to adapt the student
model to the task, mainly achieved by Prediction Layer Loss and corresponding
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task loss. The overview of knowledge distillation for a Transformer student model is
illustrated in Figure 2.

Teacher model

( \
| s | \
—|> Layer 1 — Layer 2 — L— Layer m | Prediction Soft
: y ‘ § | Layer Labels

AN /

Prediction
Transformer Layer Loss
Layer Loss

Student model \

(
|
Prediction Soft
—:> Layer1 — layer2 —  —— Llayern — Layer
|
Hard
Labels

Figure 2: Overview of Knowledge Distillation on Transformer models

Task Loss

2.3 Sentiment Analysis

Sentiment analysis is a crucial downstream task in NLP. The task helps the analysis
of people’s opinions on various topics, events, and products. Government, companies,
and individuals can benefit from insights produced by sentiment analysis and make
wise decisions.

We can perform sentiment analysis at several levels: Document Level, Sentence
Level, and Phrase Level. Document level sentiment classification regards the whole
document as input and classifies it as expressing positive or negative sentiment.
Sentence-level sentiment classification considers a sentence in a document and classifies
its opinion. Phrase-level sentiment classification splits a sentence into phrases and
predicts its sentiment.

Traditional methods for sentiment analysis are mainly lexicon-based approaches
[31]. A lexicon is a collection of vocabularies, and each word is given a sentiment
polarity score. To classify sentiment for a sentence first is to split it into words and
then aggregate their scores to make a prediction. The method does not rely on
training data but requires much manual work to develop the lexicon.

Recent approaches for sentiment classification are mostly data-driven supervised
machine learning method[32]. Words in sentences or documents are projected into
meaningful real vectors and then are concatenated to represent the whole text.
Machine learning models can be trained to take the text representation as input
and predict the sentiment labels. The emergence of Transformer Language models
dominates sentiment classification tasks at each level [8]. Figure 3 shows an overview
of applying BERT in sentence sentiment prediction. The BERT model takes a
sentence as input and will output confidence scores for being positive or negative.
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[ Positive (30%) / Negative (10%) ]

FFN + Softmax

?

N

[ | am satisfied with the results.

Figure 3: Overview of using BERT for sentiment classification

3 Methodology

This chapter introduces the method for exploring reducing the resource consumption of
Transformer models using Knowledge Distillation. In detail, it will present motivation
and method used to compare different distillation methods and explain the approaches
used to solve the over-fitting issue. It follows by an introduction to the evaluation
method on the produced student models.

3.1 Comparison

Many studies have proposed Knowledge Distillation methods on Transformer-based
models. Comparisons on different methods are usually with bias. In the comparison
experiments performed by the TinyBERT paper[30], they introduce a task-specific
and task-agnostic distillation along with a data augmentation process only for the
TinyBERT model. And in MiniLM[21], they use an in-house teacher model to
perform comparison. In this project, we would like to discover that the difference on
performances of different distillation methods under the same condition. The results
will help us better applying Transformer-based model into industrial scenario.

Teacher and Student Models

The teacher model in distillation experiments is a large Transformer NLM model.
The model has many blocks, and each block should output its internal behaviors to
perform Transformer Layer Loss. Since the comparison is on the sentiment analysis
task, the teacher model should be fine-tuned to adapt to the task before Knowledge
Distillation.

The goal of Knowledge Distillation is to train a faster student model under the
supervision of a large teacher model. Student Transformer models can be faster by
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taking efficient calculations[14], modifying architecture[33], or reducing the number
of blocks and hidden dimensions. This project uses student models with fewer blocks
and hidden dimensions to perform Transformer Layer Loss. The weights in the
models are initialized by pre-training. Knowledge Distillation will adapt the student
models to the sentiment analysis task with the help of teacher models.

Distillation

In the comparison of distillation methods, we mainly focus on comparing the perfor-
mance difference of Transformer Layer losses defined in MiniLM, TinyBERT, and
Patient-KD under the same condition. The teacher model and student model used
in the distillation experiments will have the same initialization. The loss functions of
all experiments will be a combination of Transformer Layer Loss, Prediction Layer
Loss, and the corresponding task loss shown in below:

L = Ltrn + Lpred + Ltask (22)

In the TinyBERT experiment, the Transformer Layer Loss has embedding loss,
hidden loss, and attention loss stated in Equations 15, 16, 17:

Ltrn = Lembd + Lhidn + Lattn:mse (23)

In the experiment for MiniLM, the Transformer Layer Loss has attention loss
and value relation loss stated in Equations 18, 19:

Ltrn = LVR + Lattn:kld (24)

For Patient-KD, the Transformer Layer Loss is equivalent to the [CLS] token
feature loss shown in Equation 21:

Ltrn = kad (25>

The result of each experiment will be an average result from three experiments
using different random seeds.

3.2 Over-fitting Solutions

Over-fitting is a common issue in a machine learning problem. In this project,
over-fitting may happen to student models on the sentiment analysis task. This
project explores two directions to alleviate the case: increase data size and reduce
model complexity.

Increase data size

If a model is over-fitted on the existing training set, increasing training data can
make it harder to over-fit on all the samples and force it to generalize. It is not
always easy to expand the labeled dataset, but in Knowledge Distillation, we can
also use unlabeled text data to help students mimic teacher’s behaviors[34]. The
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loss function for distillation with unlabeled data only consists of the Transformer
Layer Loss and Prediction Layer Loss. The corresponding task loss is not applicable
as the data is unlabeled. To alleviate over-fitting, we expand the original training
set with unlabeled data from a similar domain. To find a dataset from a similar
domain, we mainly consider the text length of samples and scenarios of the dataset.
In this project, we expand the movie review data with amazon product review data
as samples in both of the datasets have similar text lengths and are reviews on items.

Reduce model complexity

A natural idea to reduce model complexity is to reduce the number of blocks and
dimensions in the student models. Chapter 7?7 will present the results and discussion
of the method. It turns out to be not effective for solving over-fitting.

In this project, we propose a Two-step Knowledge Distillation method to reduce
model complexity to solve the over-fitting issue. The method has two sequential
procedures.

Transformer Layer Distillation

The first step is the Transformer Layer Distillation which only considers Transformer
Layer Losses. In this step, we only consider parameters in the student model while
the teacher model is frozen. To update the student model, input is fed to both the
teacher and student model and only the Transformer Layer Loss is calculated. The
goal in this step is to update the student model using the Transformer Layer Loss to
help the student better mimic the teacher behaviors. Figure 4 illustrates the first
step and the loss function is calculated by L st = L.

" — — — — ——— — — — — — — — — — — — — — —

I( Teacher model \I
| Layerz — ... :@_’
N )
Transformer Layer Loss
Student model \I

—H Layer 1 H Layer2 > » Layern H—>

Figure 4: The first step of the Two-Step distillation method
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Prediction Layer Distillation

The second step is the Prediction Layer distillation which only uses the Prediction
Layer Losses and corresponding task loss. The teacher models and associated
prediction layer are frozen as before. In this step, the weights in the Student model
are also fixed. We consider only the prediction layer associated with the student
model and update it with prediction layer loss and task loss. Figure 5 illustrates the
second step and loss function of the step is Lsecond = Lpred + Ltask-

Teacher model \

. p . p | 4 ;
| __ Prediction Soft
Layer 1 ’—> Layer 2 }—' ...— lLayerm -,—J‘ Layer |
S y \ V| N y

y Q
/

Prediction
- Layer Loss
Student model i
|  Prediction Soft
Layer1 — Llayer2 —  —— Llayern T Layer
Task Loss

Hard
Labels

Figure 5: The second step of the Two-Step distillation method

3.3 Evaluation

Assessment focus on the student models produced by the Knowledge Distillation
experiments. The student models are evaluated on the validation and test data of
sentiment classification tasks using F1-score and accuracy. The curves of training
loss, validation loss, training metrics, and validation metrics will be monitored to
evaluate the generalization ability of models. The metrics are averaged over three
experiments with different random seeds to ensure reliability.
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Platform CPU GPU
Google Colaborary | Intel(R) Xeon(R) | Tesla P100
Server at Sinch AMD Ryzen 3960X | RTX 3090

Table 1: Computing resources in each platform

4 Experiments

This chapter introduces implementations of comparison between different distillation
losses and solutions for over-fitting. It follows by presenting the experiment results
and analysis.

4.1 Settings
Environments

The experiments are performed on a Google Colaborary platform and a server at
Sinch. Most investigations are run using the GPU resources, and the available
resources in the platforms are listed in Table 1

The thesis project is implemented in Python and its libraries. The libraries used
mostly were Pytorch[35], Transformers[36], Pytorch-Lightening[37], Wandb[38] and
Github was used for version control.

Data

The SST-2 dataset and 2017 SemEval Task 4 dataset are used for knowledge distillation
and evaluation. The SST-2 dataset is a corpus consisting of 70,042 single sentences
extracted from movie reviews. Three human judges annotate all the reviews as either
negative or positive. The SemFEval 2017 dataset consists of 59,899 tweets in English
with either positive, neutral, or negative sentiment labels. The ratios of the training,
validation, and test split follow the setting of the original description to compare
with the public results.

Both datasets have two fields called text and label, respectively. The text field
will first split into subwords and then be mapped into number ids using a WordPieces
tokenizer[39] so that the Transformer models can read and process the text. The
label is a sentiment class that will be mapped into a corresponding number id.

4.2 Implementation
Teacher and Student Models

The teacher models and student models are based on BERT implemented by Trans-
formers library. The source code is modified to produce intermediate behaviors,
including the attention scores matrices, value vectors from each attention layer, and
hidden vectors from each block. The teacher model is the base version of BERT
having 12 layers and 768 hidden dimensions. There is a large version but we leave it
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for future work as it requires more computational resources. For student models, this
project will use BERT models with 12 layers and 384 hidden dimensions, six layers,
and 384 dimensions, and four layers and 312 hidden dimensions. The weights of all
these BERT models are loaded from Huggingface Model Hub and pre-trained on a
large corpus of English data. To perform Knowledge Distillation for sentiment analy-
sis, we prepare two teacher models, and each is fine-tuned on SST-2 and SemEval
data, respectively. The student models are adapted to two tasks by Knowledge
Distillation supervised by the corresponding teacher models.

Distillation Framework for Comparison

An open-source framework integrating different distillation losses on Transformer is
implemented for easy comparison in the thesis project.

The key idea of the framework is to break losses defined in recent Distillation
methods on Transformers into small loss units, namely adaptor modules. Each
adaptor helps the student adapt (learn) behavior from the teacher. Below are the
currently available adaptors in the framework, and it is easy to extend for additional
customized adaptors.

o LogitMSE Adaptor: Calculate Mean Squared Error between teacher’s and
student’s logits before Softmax.

o« AttnMSE Adaptor: Calculate Mean Squared Error between teacher’s and
student’s attention matrices.

o AttnKLD Adaptor: Calculate KL.-Divergence between teacher’s and student’s
attention matrices.

e ValKLD Adaptor: Calculates KL-Divergence between teacher’s and student’s
value relations.

e HidnMSE Adaptor: Calculates Mean Squared Error between teacher’s and
student’s hidden vectors.

o CLSMSE Adaptor: Calculates Mean Squared Error loss between teacher’s
and student’s hidden vectors of [C'LS] token.

Using the framework for Knowledge Distillation on Transformer involves three
steps: 1) prepare distillation dataset, teacher model and student model; 2) define
adaptors and configure distillation; 3) perform distillation and produce the trained
student model. The framework also implements helper modules, including a fine-tuner
and a pre-trainer for model training.

This project uses the framework for comparing three distillation losses: TinyBERT,
MiniLM, and Patient-KD. Adaptors used for each distillation loss are introduced in
Table 2. For all distillation experiments, we use a batch size of 32, a learning rate
of 0.00003, and a maximum input sequence length is 128. The weights are updated
using AdamW/[40] optimizer with a learning rate linear warm-up scheduler.



Method Adaptors
TinyBERT | AttnMSE, HidnMSE, LogitMSE

MiniLM AttnKLD, ValKLD, LogitMSE
Patient-KD CLSMSE, LogitMSE

Table 2: Adaptor settings for each distillation method

Data Acc on SST2 Acc on SemEval

Methods Validation Test Validation Test

Teacher 93.0 92.8 74.3 74.5
MiniLM 92.0+0.1 | 91.6+0.2 | 73.8+0.4 | 72.5+0.4
TinyBERT 91.840.1 | 91.540.1 72.840.5 | 73.0+0.5
Patient-KD 91.9+0.5 | 91.3£0.3 | 71.54&1.5 | 72.0£1.0

Table 3: Comparison results on different distillation losses

23
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Distillation Framework for Over-fitting Solutions

Increasing data size and reducing model complexity are two directions to solve
over-fitting in Knowledge Distillation.

To alleviate over-fitting by increasing data, we introduce review data from Amazon
since this thesis project is interested in sentiment analysis. The Amazon reviews
dataset consists of English reviews from amazon. The data contains about 35 million
reviews from 2013. Each sample includes a review content and a binary sentiment
label, which is about 100 times larger than SST-2 and SemEval. For distillation
on each task, we combine the Amazon data with the task data and then perform
Knowledge Distillation.
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Figure 6: Attention matrices of the last block in teacher and students

We use the proposed two-step Knowledge Distillation method to reduce model
complexity to alleviate over-fitting. The distillation process is split into two stages.
The first stage lasts for ten epochs, only the Transformer Layer adaptors are used,
and weights only in the Transformer Layers are updated. The second stage of 10
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epochs freezes the Transformer layers and only uses Prediction Layer adaptors with
hard label loss. The data for distillation is the same for the two phases.

4.3 Results

This section presents the experiment results.

Comparison

Students’ performances on the holdout test set from the SST2 and Tweet dataset are
summarised in Table 3. The curve of metrics and loss on the validation dataset is
shown in Figure 8. It is demonstrated that MiniLM and TinyBERT perform slightly
better than Patient-KD. And Patient-KD shows a more significant variance in the
results compared with the other two losses.

Figure 6 shows Attention matrices of the last layers in student models and the
teacher model in the last epoch. It proves that adaptors associated with Attention
help the students understand correlations between words in sentences. That might
be a reason for producing a more robust and effective student model using MiniLM
and TinyBERT than Patient-KD.

Data Acc on SemEval

Methods Validation Test

Teacher 93.0 92.8
MiniLM 73.840.4 | 72.5+0.4

MiniLM+data 73.4 72.6
TinyBERT 72.840.5 | 73.0+£0.5

TinyBERT+data 73.3 73.3
Patient-KD 71.5+1.5 | 72.0£1.0

Patient-KD+data 73.3 73.1

Table 4: Results of distillation using extra data

However, the training loss, validation loss, and validation metrics curves reveal
the over-fitting problem in these distillation experiments. We’ve tried with different
configurations and repeated experiments several times, but the issue remains. Thus
we conclude that it is due to insufficient data and complicated models. The following
section presents solving the over-fitting with the two previous approaches.

Over-fitting Solutions

Increasing the data size with Amazon data helps with the over-fitting issue. The
results are shown in Figure 7 and Table 4. Training with data at this size requires
more computing resources and time. Thus we only perform experiments on SemFEval
data and only repeat once. The resulting student models fit better on the sentiment
analysis task.
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Figure 7: Solution for over-fitting by increasing data size

Another approach we experimented with is the proposed Two-Step Distillation
method. We compare the results between Two-Step and Mix-Step method in Figure
9, 8, and Table 5. The Mix-Step (MS) method stands for the original distillation
method, and Two-Step (TS) method is the proposed method. No extra data is
introduced in this method, but the method alleviates the over-fitting problem.

The produced student models show a convergence trend and have more robust
performances in every validation step after each epoch than the Mix-Step method.
The model results variances are slight and can sometimes outperform results produced
by the Mix-Step method. It reveals that our method can be an alternative method
to alleviate over-fitting in knowledge distillation.



Data Acc on SST2 Acc on SemEval

Methods Validation Test Validation Test

Teacher 93.0 92.8 74.3 74.5
MiniLM (MS) 92.0+0.1 | 91.6+0.2 | 73.84+04 | 72.5+0.4
MiniLLM (TS) 90.3+0.1 | 90.04+0.0 | 71.840.0 | 70.840.1
TinyBERT (MS) | 91.8+0.1 91.5+0.1 72.840.5 | 73.0£0.5
TinyBERT (TS) | 91.9£0.1 | 91.74+0.1 | 73.0£0.0 | 73.5+0.0
Patient-KD (MS) | 91.94+0.5 | 91.3+0.3 | 71.5+£1.5 | 72.0+1.0
Patient-KD (TS) | 88.0+0.2 | 89.1+0.1 | 73.0+0.0 | 72.540.0

Table 5: Comparison results on different distillation methods
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Figure 8: Comparison between different distillation loss using mix-step method
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5 Discussion

An intuitive idea to reduce student Transformer model complexity is using a Trans-
former with fewer blocks and dimensions. This chapter will discuss results of this
idea and analyze our proposed Two-Step method.

5.1 Reduce complexity using small models

The student model used in previous experiments is a BERT model with 12 layers
and 384 hidden dimensions. To reduce model complexity to alleviate over-fitting, we
tried models with six layers and 384 hidden dimensions and models with four layers
and 314 hidden dimensions. The results in Figure 12 to 14 show that the over-fitting
problem remains even smaller student models are used for Knowledge Distillation.

The results show that reducing student model size cannot help with the over-
fitting issue, so we start to consider an alternative way to reduce model complexity
in Knowledge Distillation.

5.2 Analysis of Two-Step method

Notice that there are two objectives in Knowledge Distillation on Transformer
Distillation. The first objective is to train the student model to mimic the teacher
model’s internal behaviors. The second objective is to adapt the student model
to the task supervised by the teacher. The student models in our experiments are
over-fitted on the second objective. Thus we would like to think about an approach
to reduce the model complexity for the second objective while keeping the advantage
of learning from the first objective. That is the motivation of the Two-Step method.

It turns out that the proposed method can alleviate the over-fitting issue and
sometimes lead to better performances. We analyze the reason for the proposed
method’s effects from two possible perspectives. The first is that the two objectives
in Knowledge Distillation may have different difficulties. The first objective requires
student models to mimic the teacher’s intermediate features. Predicting the specific
task with the teacher’s help is the second objective. The first objective seems more
complex than the second one, and it makes sense to use a more complex model for a
more complicated problem. The second perspective is that the Two-Step method
can help students mimic the teacher’s internal behaviors better. It comes from
Attention matrices and internal behaviors difference between students and teachers.
The attention matrices in the last layer of the same input from a teacher model and
student models produced by two methods using TinyBERT loss are illustrated in
Figure 10. The student model created by the Two-Step method has a more similar
attention matrix to the teacher compared to the other student model. Figure 11
compare mean squared error between attention matrices in a student and a teacher
using Two-Step and Mix-Step methods. It reveals that the Two-Step method can
produce student models with more similar attention behaviors than the Mix-Step
method.
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From Figure 12 to 14, results of comparison on Two-Step and Mix-Step distillation
using small student models and different losses are shown. It has been proven that
the benefits of applying the Two-Step method remain when we reduce the student
model sizes. The experiments and analysis in this chapter show that the proposed
Two-Step method effectively alleviates the over-fitting issue in Knowledge Distillation

by reducing student model complexity.
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Figure 11: Attention loss between teacher and student using different distillation
methods
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6 Conclusion and Future Work

This chapter provides conclusions, discusses limitations of the current work, suggests
future work and reflects on the sustainability aspects.

6.1 Conclusions

This degree project develops a framework for Knowledge Distillation on Transformer
models. This project uses the framework to compare TinyBERT, MiniLM, and
Patient-KD. The results suggest that distillation methods involving more internal
behaviors like TinyBERT, and MiniLLM usually perform better. It provides Sinch
with suggestions on choosing the distillation methods to produce compact student
Transformer models. They can use the framework for other exploration and compari-
son of Knowledge Distillation on Transformer. The project also discovers solutions
for over-fitting in Knowledge Distillation. We find out that increasing training data
size can alleviate the over-fitting issue but reducing the sizes of student models
cannot help. Thus we propose a Two-Step distillation method to solve the problem.
The results reveal that the method is effective for solving over-fitting. In Chapter
7?7, we analyze the proposed method and show that it can help students better
mimic the teacher’s internal behaviors, thus sometimes leading to better evaluation
performances.

6.2 Limitations

A limitation of this work is that it only performs distillation and evaluates student
models on sentiment analysis tasks. That is due to our interest in the task. And we
also assume that performances of different distillation methods are similar in other
tasks. Another limitation is the size of the teacher model due to computing resources
limitation. This work does not consider using the large version of BERT due to the
high time consumption and limited computing resources.

6.3 Future work

Although this thesis project has presented encouraging results, there are still good
directions for future work.

Evaluation on other downstream tasks

Current conclusions are retrieved from experiments on the sentiment analysis task.
Although we try our best to make the results reliable and general, there still might
be risks when we apply the conclusions to other tasks. Thus, future work should
verify the findings on other tasks.
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Implementation of other distillation methods

The current framework supports three methods, and it is desirable to implement
other distillation methods for the framework. With more adaptor modules, the
framework offers flexibility to combine and compare different adaptors and makes it
possible to discover a new combination to produce better student models.

Discovery on over-fitting in distillation

Although over-fitting is a common problem in machine learning, there are limited
studies on the over-fitting issue in Knowledge Distillation. It is not clear about
the amount of data required for distillation without an over-fitting problem. The
performances of the proposed Two-Step method in experiments with different data
sizes are also worth exploring. In this work, the data size is increased by 100 times,
but maybe fewer data can serve the same effect.

6.4 Reflections

One of the most important results of this work is reducing the resources required for
the Transformer NLM. A company can apply these compact models with similar
performances in the business at a lower environmental and economic cost than before.
Thus this work contributes to the UN SDG numbers 9 and 13 by producing efficient
models and the awareness of the energy consumption of models.
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