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Abstract

The rise of large language models (LLMs) has led to an ever-growing demand for computational power
in natural language processing (NLP). This increase in demand is a serious environmental concern
since larger models imply an increase in energy consumption. In addition, these models translate into
higher training costs, which means less equitable access for researchers, and longer training and in-
ference times, which invalidates various applications where there is a restriction in computing power
or where one wants to perform a large number of inferences. In this work, we focus on the evaluation
of machine translation, a task that uses LLMs to assess the quality of a given translation. Since this
task is computationally expensive, it results in high energy consumption, mostly during inference. At
the same time, it is a task that demands low inference times, which generally means trading off model
performance for a smaller and faster model. Our main contribution is the introduction of a reference-free
machine translation evaluation model, which despite being 2.3 times larger, is 2.1 times faster than our
previous work on the reference-based COMETINHO. This new model shows large improvements in cor-
relation with human evaluation using multidimensional quality metrics (MQM) scores, improving by 27
Kendall's Tau points (9%) when compared to COMETINHO and only 11 Kendall’s Tau points (3%) below
the state-of-the-art at the start of the development of this thesis (COMETKIWI-22).
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Resumo

O surgimento de large language models (LLMs) levou a uma procura cada vez maior por poder computa-
cional em NLP. Este aumento de procura é uma séria preocupacdo ambiental, uma vez que modelos
maiores implicam um aumento no consumo de energia. Adicionalmente, estes modelos traduzem-se
em maiores custos de treino, o que significa um acesso menos equitativo para os investigadores, e
maiores tempos de treino e inferéncia, o que invalida diversas aplicagcdes onde existe uma restricao de
poder computacional, ou se pretende realizar um grande nimero de inferéncias. Nesta tese, focamo-
nos na avaliagcdo de tradugdo automatica, um problema que utiliza LLMs para avaliar a qualidade de
uma determinada traducao. Como esta tarefa € computacionalmente intensiva, resulta em alto consumo
de energia, principalmente durante a inferéncia. Ao mesmo tempo, é uma tarefa que exige tempos de
inferéncia baixos, o que geralmente significa balancear a necessidade de alta precisdo com a neces-
sidade de ter um modelo menor e mais rapido. A nossa principal contribuicdo é a introducao de um
modelo de avaliacdo de tradugcédo automatica que nao necessita de utilizar referéncias, e apesar do
modelo ser 2.3 vezes maior, é 2.1 vezes mais rapido que o nosso anterior trabalho no COMETINHO
com referéncias. Este novo modelo mostra uma evolugao significativa na correlagdo com avaliagao
humana utilizando MQM, melhorando a correlacdo em 27 pontos no coeficiente Kendall's Tau (9%)
quando comparado com o COMETINHO e apenas 11 pontos (3%) abaixo do estado da arte no inicio do

desenvolvimento desta tese (COMETKIWI-22).

Palavras Chave

Compressao de modelos; Distilagao de conhecimento; Eficiéncia energética; Avaliacao de tradugao

automatica
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1.1 Motivation

In recent years the field of natural language processing (NLP) has seen significant improvements largely
due to the advancements in deep learning [Bahdanau et al., 2014, Luong et al., 2015, Vaswani et al.,
2017].

The introduction of transformer-based models [Vaswani et al., 2017] reduced substantially the train-
ing time compared to previous neural architectures due to the highly parallelizable architecture. This
efficiency gain coupled with ever-growing available data means that it is possible to train a model with
more data in less time, creating a space for self-supervised large pre-trained models such as BERT [De-
vlin et al., 2018a] and GPT [Radford et al., 2018]. Moreover, these improvements do not seem to be
reaching a plateau anytime soon. As described in GPT-3 [Brown et al., 2020], an increase in the number
of model parameters or the number of examples has a positive correlation with the quality of the model,

with no appearance of the trend slowing down, as shown in Figure 1.1.

Zero-shot One-shot Few-shot
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Figure 1.1: "Larger models make increasingly efficient use of in-context information”. Taken from [Brown et al.,
2020]

Computing power is still increasing at a fast pace, but we are no longer following Moore’s Law [Moore,
1998]. The computing power required by the most recent models doubles every 5.7 months [Sevilla
et al., 2022], making it more expensive to acquire the needed hardware to use the state-of-the-art.
Regardless of the increase in available data, the collection, processing, and labeling of such data is
getting more difficult and time-consuming as the required data to feed large models increases. Despite
decreasing energy costs, especially green energy, the share of renewables worldwide remains only
28.7% [IEA, 2022]. Although it is growing at a fast pace, it is still not enough to keep the exponential

growth of machine learning models environmentally sustainable. This growth will imply increased training



costs, simply training a model with 1.5B parameters can cost from 80k dollars up to 1.6M dollars [Sharir
et al., 2020], making it harder for the entire research community to contribute to state-of-the-art progress
dominated by large tech companies. Another downside of very large transformer models is that they
become impractical for use cases where there are low memory or low inference time requirements.
Therefore, it is imperative to develop more efficient models by compressing existing ones into smaller
and more accessible ones that can be used without restriction while maintaining a performance close
to state-of-the-art [Treviso et al., 2023]. Therefore, energy efficiency has become a hot topic in NLP
and a core pillar of responsible Al, an area of increasing importance to ensure ethical, transparent, and
accountable model design.

The area in which we chose to focus this thesis was the evaluation of MT. It is a significant use case
since the metrics used to evaluate such MT systems are vital to ensuring the quality of the translations
and minimizing critical errors. To achieve increasing levels of performance, these models have been
using larger and larger pre-trained encoders. On the other side, when one wants to extensively use
a certain metric, for example, to apply N-best reranking to several translation hypotheses [Fernandes
et al., 2022], it becomes expensive and ineffective to use increasingly larger models. For that reason,
many older and faster metrics are still popular, despite having a low correlation with human evaluation.
In this thesis, we develop a metric that is distilled from a larger teacher to achieve a fast model with a

much better correlation with human evaluation.

1.2 Main Contributions

Model compression is the process of reducing the size of machine-learning models while maintaining
similar accuracy, enabling models to achieve faster inference times and thus reducing their energy con-
sumption. We achieved preliminary results on MT evaluation in our work in COMETINHO [Rei et al.,
2022a], where we applied several model compression techniques to COMET, an MT evaluation model.
In this thesis, the work is further extended to achieve a COMETINHO-like model that is faster and has
a performance similar to previous COMET models while being a reference-free version of COMETINHO,
unlocking further potential applications. During the study of model compression techniques to improve

COMETINHO, we answered the following research questions:

» Why should the next version of COMETINHO be reference-free?

+ How many times more data is needed to train a student on teacher labels to achieve the same

accuracy as a model trained using DA scores?

« To what extent can better teacher models reduce the amount of data that the student model needs

to be trained on?



« Can labels from sufficiently good teachers be better than human evaluations for fine-tuning?

Our main contribution is the introduction of a reference-free COMETINHO, which despite being 2.3
times larger, is 2.1 times faster than the reference-based COMETINHO and shows large improvements in
correlation with human evaluation using MQM scores, by 27 Kendall’s Tau points (9%) when compared
to COMETINHO and only 11 Kendall's Tau points (3%) below the state-of-the-art (COMETKIWI-22) at the

start of development of this thesis.

1.3 Outline

The next chapters are organized as follows: Chapter 2 compiles the key topics that provide the back-
ground necessary to understand the work developed in this thesis and also summarizes the existing
related work. Chapter 3 details the implement systems developed and explains the approach we fol-
lowed to conduct this research. Chapter 4 defines the evaluation criteria we used to assess the work
and presents the results achieved in the different experiments, both in terms of performance and effi-

ciency. Finally, Chapter 5 summarizes the key findings and proposes avenues for future work.
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This chapter provides background for the topics covered in this thesis and explains the main related
work. First, we present a brief introduction to neural networks, text representation, and large pre-trained
models. Then, we explain the concepts of model compression and fine-tuning. Lastly, we cover the
topics of machine translation and evaluation of machine translation, where our work in this thesis is

focused.

2.1 Artificial Neural Network

The artificial neural network (ANN) is the bedrock of deep learning. It consists of a collection of nodes
(neurons), connected by weights and biases. These nodes are organized in several layers, each with
a matrix of weights and a vector of biases. To get an output given an input, a feedforward operation in
equation 2.1 is performed. The input, represented as the vector A%, is multiplied by the input layer W,
and then the bias ') is added.

2110 — i) gl0] 4 i, (2.1)

To feed the results to the next layer, a non-linear activation function g is applied, as shown in equation
2.2. This function must be non-linear to introduce non-linearity between layers, allowing the model to

predict more complex tasks that cannot be solved using simply a linear combination of the inputs.

Al = gz, (2.2)

This process is repeated in the next hidden layers until we reach the output layer. The choice of activation
function depends on the type of ANN used, the most common one is the sigmoid function, defined as

follows:

1

o(x) = gy

(2.3)

During the design of an ANN, an important aspect to take into consideration is if we have a regression
or classification task. Regression is the task of predicting a single real value in a continuous space,
while classification predicts a single class out of a discrete set of possible classes. The classification
task needs a different activation function in the output layer than the activation function used in its hidden
layers. Since we define the probability for each class and then choose the one with the higher probability,
the commonly used activation to transform the output layer results in probabilities is the softmax function,

defined as:



> exp (2;/T)
where ¢; is a probability, z; is a logit, and T' is a temperature that controls the smoothness of the output
distribution. Once we get the output of our model, the initial result is no better than random guessing
since the weights and biases are initialized randomly. To achieve better outputs during the training
process, an optimization algorithm is used, an example is the gradient descent algorithm, shown in
equation 2.5. For a given loss function f that we want to find a local minimum, for each iteration, the
algorithm calculates the gradient of a point a,,, denominated V f(a,,), and subtracts from a,, that gradient

multiplied by a small learning rate constant , to obtain the next point a,, 1.

an+1 = an — NV f(an). (2.5)

The gradient calculates the direction in which the function locally increases faster in value. In order for
the next iteration a,,41 to decrease in the fastest direction possible, we need to subtract the gradient
multiplied by a sufficiently small learning rate. The larger the learning rate, the faster we can potentially
reduce the loss, but the probability of the locality still being valid reduces significantly, so we most likely
get a point a,,. 1 with a larger loss than a,,.

To know what we want to optimize for, we have to define a loss function, which compares the output
model with the desired output and gives an absolute measure of how far the output is from the desired
label. The example in equation 2.6 is the mean squared error loss.

n

MSE= 3" (i~ wi), (26)

=1
where ¢; is the value predicted by the model at prediction i, y; is the correct output at instance 4, and n
is the number of predictions over which we are calculating the loss since this update is usually done in
a batch.

To propagate the error efficiently, we use the backpropagation algorithm, which calculates the deriva-
tive layer by layer, starting with the output layer. Propagating the error through the various weights and
biases, updating them to better predict a single sample or a batch of samples.

With improvements in computational capacity over several years, the models increased their number
of layers and parameters. The term deep learning was coined to refer to ANNs with a large number of
hidden layers. With deep learning, a problem with the sigmoid activation function and other functions,
such as the hyperbolic tangent, became apparent. In the backpropagation algorithm, the value of the
derivative decreases layer by layer until it approaches a value close to zero. To address the vanishing
gradient problem, new activation functions were proposed, such as the ReLU [Nair and Hinton, 2010]

function shown in equation 2.7.



fla) = {1 ifz >0 2.7)

0 otherwise

This function is capable of mitigating the vanishing gradient problem since it doesn’t have a maximum
activation value.

With deep learning, the new limiting factor started to be the size of the labeled training sets in which
the models are trained. One can train the model for several epochs on the same data, which tends
to create overfitting, meaning that the model fits too closely to the training data and starts generalizing
worse when predicting the labels in the test set. A solution to this problem is to use dropout [Srivastava
et al., 2014], a method that, for each training step, randomly drops weights that will not be updated as

shown in Figure 2.1, mitigating the effect of overfitting.
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(a) Standard Neural Net (b) After applying dropout.

Figure 2.1: On the left is a standard neural network. On the right is a sparse neural network produced by applying
dropout to the network on the left. Crossed units have been dropped. Taken from [Srivastava et al.,
2014].

To address the lack of labeled data, the concept of self-supervised learning was introduced. Instead
of needing labeled data, the data is masked, and the dataset labels are those missing data points. In
the context of NLP, these data points are words in any form of text representation explained in the next

Section.

2.2 Text Representation

For an ANN to understand words and sentences, it is necessary to first convert them to a machine-
interpretable representation, since as explained in Section 2.1, ANNs receive as input a vector of real

values Al



The first step is called tokenization, which consists of separating a sentence or document into words,
characters, or sub-words. Then define the vocabulary . that needs to be encoded, we can use the full
English dictionary or a large set of words or sub-words based on a preprocessing of the data we want
to analyze, avoiding this way out-of-vocabulary words. We can then map the tokens from a vocabulary

Y. to a d-dimensional vector using either discrete or distributed representations.

2.2.1 Discrete Representations
One-Hot Encoding

The one-hot encoding is a method that can be used when the size of the vocabulary (|X|) is not very
large. It uses a vector with dimension d = ||, and for each word w;, the one-hot encoding is a vector v;

of size d:

1 ifi=j
i[5] = Vo< i<d- 2.8
vilJ] {0 otherwise 0=j<d (2.8)

If one encodes an entire sentence of size s using one-hot encoding, each word would need a vector of

size d, and thus we would have a matrix of size s x d.

Bag-of-words

The bag-of-words representation (BOW) is a different method of encoding text that uses a vector also
with the dimension of the vocabulary as in one-hot encoding, but to encode an entire sentence instead
of a single word, which makes it more space-efficient than one-hot encoding. As in one-hot encoding,
each word is mapped to an index, the method then counts the number of times each word appears in the
sentence and assigns that frequency value to the respective word index. A problem with this approach
is that it ignores the positional information of the words, by losing the connection between them, it is

harder for an ANN to grasp the meaning of the sentence.

TF-IDF

The TF-IDF method tackles a second problem of the bag-of-words, which is the overweight of high-
frequency tokens such as stop-words and the disregard of low-frequency tokens that actually make a
difference in a certain sentence.

TF-IDF has two factors, the first (T'F(w, d)) is the frequency of the word w in the document d as
explained in the bag-of-words method. The second factor is the inverse document frequency (IDF),

defined as follows:



df (w)

where N is the total number of documents and df (w) is the frequency of documents containing the

IDF(w) = log( ), (2.9)

word w. TF-IDF is simply TF(w, d) « IDF (w), by multiplying the bag-of-words method with the inverse
document frequency, TF-IDF can assign more importance to words that are unusually frequent in a given
document compared to the remaining documents and assign less value to words that are common in a

given document simply because they are common in all documents.

2.2.2 Distributed Representations

Although TF-IDF is good at identifying the importance of each word in a sentence or document, the
encoding still scales linearly with the size of the vocabulary and the method does not identify semantically
similar words, for example, by considering synonyms as completely independent words. Distributed
representations solve these two issues by having the information about a word distributed through the

encoding vector.

Global Matrix Factorization Methods

Global matrix factorization is a family of factorization methods that obtain low-rank approximations of the
entire document. An example is the hyperspace analog to language (HAL) [Lund and Burgess, 1996],
which for a vocabulary of size d, computes a matrix of size d x d where the coordinate (i, j) indicates the
level of presence of the token i in the context of the token j, offering a simple way to find associations
between tokens. However, this method still uses a sparse matrix that scales quadratically with the
vocabulary size, meaning that it is infeasible to use with large vocabularies. Another method is latent
semantic analysis (LSA) [Deerwester et al., 1990], which for a vocabulary of size d and n documents,
computes a matrix of size d x n and the value 1 or 0 is added based on whether or not the token i is

present in document ;.

Local Context Window Methods

Local context window methods learn word representations by focusing on specific context windows. An
example is Word2Vec [Mikolov et al., 2013a], which uses two local context window model architectures.
It uses an ANN with a single hidden layer, and the embedding of a certain word is the output of the
hidden layer.

The method proposes two model architectures illustrated in Figure 2.2, the continuous bag-of-words
(CBOW) and the Skip-gram. The CBOW is an architecture that predicts a given word based on the

surrounding words. It accomplishes that by projecting all words into the same position, hence the name
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bag-of-words, since the positional information is lost. Then, a log-linear classifier with the previous four
words and the next four words is used to predict the middle word. The Skip-gram model predicts the
surrounding words based on a given word, the larger the span of words predicted, the better the quality

of the resulting word embeddings, but the training complexity increases.

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
w(t-2) w(t-2)
w(t-1) w(t-1)

— w(t) w(t) —
w(t+1) 7 x w(t+1)
w(t+2) w(t+2)
CBOW Skip-gram

Figure 2.2: CBOW and Skip-gram architectures. Taken from [Mikolov et al., 2013a]

A remarkable advantage of this method compared to count-based techniques is the ability to perform
simple vector algebraic operations. As shown in [Mikolov et al., 2013b], vector(” King”)—vector(” Man” )+

vector(”Woman”) results in a vector that is close to vector(” Queen”).

GloVe

A problem with Word2Vec is that it learns the semantics of a word based on the surrounding words, and
the model ends up with a local understanding of words. GloVe [Pennington et al., 2014], an abbreviation
for Global Vectors, is a method that addresses this problem by combining the advantages of global
matrix factorization and local context window methods. This is accomplished by using a loss function

that enforces the following relationship:

v;rvj = log P(i|j), (2.10)

where v; and v; are learned word vectors, and P(i|j) is a globally computed statistic that represents the

probability of word j appearing in the context of word i in the entire corpus. As shown in Figure 2.3, the
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performance difference of GloVe compared to the Word2Vec architectures is significant.
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Figure 2.3: GloVe compared to CBOW and Skip-gram architectures. Taken from [Pennington et al., 2014].

Contextual Word Embeddings

A problem with the previous solution remains the inability to identify the meaning of a polysemous word
in its context. An example is the word "bank” which can have different meanings depending on the
sentence in which it is used. Contextual embeddings offer a solution for this by using language models
to generate embeddings. We explain in more detail large language models (LLMs) in the next Section
2.3. An example of this method is the ELMo architecture [Peters et al., 2018a], which solves this issue
by having a many-to-one relationship between vector representations and the word they represent. This

way, according to the sentence context, a different vector can be assigned to the polysemous word.

2.3 Large Pre-Trained Language Models

LLMs are trained using self-supervised learning on a massive dataset to capture in their multiple hidden
layers the relationship between the sentence tokens and thus learn the intrinsic properties of the raw
text.

This enables them to perform well on a wide variety of NLP tasks through multiple techniques, in-
cluding prompting [Liu et al., 2021], transfer learning, and fine-tuning. This is of particular significance
for tasks where labeled data is scarce since the pretrained model can leverage the knowledge already
acquired during the pre-training phase to learn the downstream task. They are also capable of few-shot

learning, which means training models to perform tasks using very few examples, and even zero-shot
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learning, where the model is given a description of the task and no training data and is capable of
generalizing its knowledge of the task at hand.
All these advancements in LLMs emerged when it became possible to scale them several orders of

magnitude, due to the parallelization capabilities of the transformer model.

2.3.1 Transformer Model

The transformer model [Vaswani et al., 2017] is a model architecture that uses self-attention to perform
training in a parallel fashion, leveraging the power of GPUs. Unlike other architectures like recurrent
neural networks (RNNs) [Rumelhart et al., 1985] and LSTM networks [Hochreiter and Schmidhuber,
1997], the transformer architecture is not used one step at a time. Instead, the whole sentence is fed
into it at once.

The original architecture is shown in figure 2.4 and consists of an input and output embedding layer,
followed by a sequence of N encoder-decoder layers made of a self-attention mechanism and a feed-
forward neural network. After the last decoder, a learned linear transformation and the softmax function

are applied to obtain the output probabilities of the next token.

Output
Probabilities

Add & Norm
Feed
Forward
l Add & Norm ;
Ot B Multi-Head
Feed Attention
Forward 7 7 Nx
|
Nx Add & Norm
/—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
1 1
\S—— J \\ —
Positional D ¢ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 2.4: The encoder-decoder structure of the Transformer architecture. Taken from [Vaswani et al., 2017]
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Input and output embeddings

The first step in the architecture consists of converting the input and output tokens to vectors using an
embedding layer. The input, output, and linear transformation before softmax all share the same weight
matrix. Before feeding the embeddings to the encoder and decoder layers, a positional encoding is

added to give the model a way to use the sequence order to better understand the embeddings.

Encoder and decoder

The encoder in the original architecture is composed of 6 layers, although the number of layers is variable
in many subsequent LLMs. Each layer has a multi-head self-attention sub-layer and a fully connected
feedforward network.

The self-attention mechanism works by attending to different parts of the input sequence, capturing

long-range dependencies between input elements. This mechanism is defined as follows:

T

. QK
Attention(Q, K, V) = softmax
@KV) G

where @, K, and V are matrices representing the queries, keys, and values, respectively, and d;, is the

WV, (2.11)

dimension of both the queries and keys. The attention mechanism computes a weighted sum of the
values, where the weights are computed based on the similarity between the queries and keys. Being a
multi-head self-attention layer means that the self-attention mechanism is repeated & times with different
learned linear projections. Then the output values are concatenated and projected again. Finally, this
projection is fed to the feedforward network to obtain the output of the encoder.

The decoder starts with a multi-head attention sub-layer that receives the output embeddings, then
it has another sub-layer that receives the output of the last encoder layer, and finally a feedforward

sub-layer.

2.3.2 Types of pre-trained models

The transformer model was originally developed for MT, but the architecture is adaptable to many NLP
tasks and soon was adopted to develop large pre-trained language models with different topologies, in
common they can convert natural language into embedding vectors. These vectors represent not only
the meaning of a word or token but also their meaning in the context of the sentence or document.

A masked language model, such as Bidirectional Encoder Representations from Transformers (BERT)
[Devlin et al., 2018a], is trained to predict a word or token in a sentence. In the case of BERT, during
training, 15% of the tokens in the input sentence are "masked”, meaning they are replaced with a special
token [MASK] with 80% probability, by a random token 10% of the time, and remain unchanged with 10%

probability. Then the language model is trained to predict the original value. BERT is also trained on
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a second task called next sentence prediction, where the model is given two sentences A and B and
asked to predict if the sentence A is followed by the sentence B. For that, in the training set, sentence B
is the actual next sentence 50% of the time and a random sentence otherwise. These two tasks require
the model to receive input embeddings that are the sum of the token embeddings with segmentation em-
beddings, that distinguish between sentence A and B, and positional embeddings. The representation

of these input embeddings is seen in Figure 2.5.
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= = = L 2 L 2 = = L 2 L L 2 L 2

Position

Embeddings E0 El E2 E3 E4 E5 E6 E7 E8 E9 E10

Figure 2.5: BERT input representation. Taken from [Devlin et al., 2018a].

These masked language models can then be used in downstream NLP tasks mainly related to clas-

sification and regression.

Autoregressive language models (e.g., Generative Pre-trained Transformers (GPT) [Radford et al.,
2018]), on the other hand, are mainly used for generation tasks. They are trained to predict the next
word in a sentence based on the previous n words [Bengio et al., 2000]. In the case of GPT, the model

is trained to maximize the likelihood L;:

LiU) = 1og P (u; | tig,...,ui—1;0), (2.12)

where U = {uq,...,uy,}, k is the size of the context window, and P is the conditional probability modeled

using an ANN with parameters © [Radford et al., 2018].

An encoder-decoder language model (e.g., Text-to-Text Transfer Transformer (T5) [Raffel et al.,
2020]) is a type of model that is the most similar to the original transformer architecture, although the
two other types also leverage the transformer. T5 has two main differences compared to the transformer
model, it doesn’t use layer normalization bias, and it uses relative position embeddings instead of fixed
embeddings, meaning that a different learned embedding is produced according to the offset between

the key and query.
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2.4 Model Compression

Model compression comprises several techniques to reduce the size of a model without significantly
degrading accuracy. In this section, we will cover the main techniques for model compression and focus

on knowledge distillation, since that is the approach our work in this thesis is centered on.

2.4.1 Quantization

Quantization is the process of reducing the size occupied by each parameter of the model, usually
by converting each parameter from a floating-point into a fixed-point value [Guo, 2018]. The float-point
value is most commonly represented using a 32-bit float, the most conservative quantization effort would
be to use mixed-precision, meaning that the model still uses the float-point representation where it is
more sensible to changes in precision and reduces the size in the rest. That reduction can range from
half-precision (16-bits) [Micikevicius et al., 2017], to integers with 8-bits [Dettmers et al., 2022], and
even ternary and binary representations [Bai et al., 2020]. Quantization can help reduce memory and
computational costs, but it also leads to a loss in accuracy, especially if the precision of the model
is reduced too much. As a result, to maintain good performance, it is important to be careful when
developing and training a model that will be quantized.

The simplest quantization method is post-training quantization, one can do static or dynamic quan-
tization. The former needs to store the model in a quantized manner and requires calibration of the
parameters. The latter stores the weights in quantized form and the activations in float points and quan-
tizes the activations during inference. The other method is quantization-aware training, achieved by
training the model using floating-point weights and activations but adding extra layers that simulate the
quantization of weights ("wt quant”) and activations ("act quant”). This way, the model can be trained
using optimization algorithms developed for floating points while still restricting the values to be close to
8-bit integers [Jacob et al., 2018]. Then, at inference, the model is stored in the approximate form using
only 8-bit integers, reducing the size four times. As seen in figure 2.6, the accuracy for a given latency

is better using 8-bit integers.

2.4.2 Pruning

Pruning is a technique that removes the least necessary weights from a neural network. First intro-
duced in [LeCun et al., 1989], the method used second-derivative information to determine the trade-off
between network size and accuracy. Merely substituting a less important weight with the value 0 and
freezing that weight may not be sufficient to reduce the GPU inference time since that doesn’t reduce

the computation cost associated with the feedforward operations.
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Figure 2.6: a) Integer-arithmetic-only inference of a convolution layer. b) Training with simulated quantization of
the convolution layer. ¢) Improved latency-vs-accuracy trade-off using 8-bit compared to float. Taken

from [Jacob et al., 2018].

Another approach used in deep neural networks is layer pruning. Since most information is encoded
in the middle hidden layers, some of the last layers can be removed without a significant loss of accuracy

[Dong et al., 2017]. This approach can also be done dynamically by dropping layers during inference

[Fan et al., 2019].

Given the importance of transformers in NLP, studies have also been conducted to prune this specific
architecture. An example is removing the least significant attention heads [Voita et al., 2019], as shown
in Figure 2.7, only some heads do the heavy lifting, which means the remaining ones can be pruned

without significant performance degradation.
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Figure 2.7: "BLEU score as a function of number of retained encoder heads (EN-RU). Regularization applied by
fine-tuning trained model”. Taken from [Voita et al., 2019].
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2.4.3 Knowledge Distillation

Knowledge distillation consists of training a smaller student model using the knowledge of a larger
teacher model or an ensemble of teachers. The simplest way to perform this knowledge transfer is
for the student to mimic the outputs of the teacher, this is known as response-based distillation. One can
define a distillation loss over hard or soft targets. Hard targets consist of simply the output of the model,
while soft targets consist of the class probabilities generated by the teacher model, usually through the
softmax function 2.4.

As explained in [Hinton et al., 2015], soft targets allow the student model to learn much more infor-
mation per training sample since the student learns not only what is the most probable class but also the
probability of the remaining classes. This results in less variance in the gradient, allowing for a higher
learning rate and often needing much less data to achieve similar results. The distillation loss is then
calculated using those hard or soft targets, an example is the cross-entropy loss L. defined in equation
2.13 and used in many models such as DISTILBERT [Sanh et al., 2019].

Lee =Y ti*log(si), (2.13)

where t; is the teacher probability and s; is the student probability.

Feature-based distillation, on the other hand, determines a distillation loss for each layer so that the
student model learns to discriminate the same specific features the teacher model is identifying in each
layer.

While the previous examples focused on the distillation of task-specific models, with the popularity
of the transformer architecture, there are several contributions to the distillation of pre-trained models.
These models can then be fine-tuned to downstream tasks [Treviso et al., 2023], examples are DISTIL-
GPT, DISTILBERT [Sanh et al., 2019], and MINILM [Wang et al., 2020]. The latter uses a method called
deep self-attention distillation, where the student model is trained by deeply mimicking the self-attention
behavior of the last transformer layer of the teacher. For that, the method uses several losses, as seen

in Figure 2.8.

2.5 Fine-Tuning

Fine-tuning is a method used to adapt a model to a new task. Typically, a pre-trained model that was
trained on a general task is then adapted to a downstream task. This process involves training the model
with new data that reflects the domain of the downstream task. If the entire set of model parameters is
trained, the method is called full fine-tuning. However, that is a costly process if one wants to fine-tune

a model for many downstream tasks. Additionally to not being an energy and time-efficient method,
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Figure 2.8: Overview of deep self-attention distillation. Through self-attention distribution transfer and self-attention
value-relation transfer. Taken from [Wang et al., 2020].

one needs to store a different instance of all weights for each fine-tuned model, and since models are
increasing exponentially in size, that is also an important concern. For that reason, methods for fine-
tuning more efficiently are a vast area of research, and these techniques are named parameter-efficient
fine-tuning (PEFT).

2.5.1 Parameter-Efficient Fine-Tuning

One method to reduce the number of parameters we fine-tune is to simply freeze part of the layers and
only train the top & layers on the new data. However, this approach still requires that a considerable
percentage of parameters is trained to not significantly degrade performance when compared with full
fine-tuning. Another proposed method is to use Adapters [Houlsby et al., 2019] to use a significantly
smaller number of parameters. The technique consists of freezing the pre-trained encoder and adding
extra dense layers on top of the model that will learn to use the embeddings as input to perform the
downstream task at hand. When comparing the performance against full fine-tuning, one can see in
Figure 2.9 that the Adapters method needs much fewer parameters than fine-tuning on the top % layers.

One problem with this method is that by adding additional dense layers, one is effectively increasing
the total number of parameters and thus the total inference time.

Another approach is to add a separate low-rank adaptation matrix for each layer in the pre-trained
model. This method is called LoRA [Hu et al., 2021], and it leverages the idea that an adaptation task
has a low "intrinsic dimension” [Aghajanyan et al., 2020]. To accomplish that, the method constrains the

weight matrix update by representing that update matrix with a low-rank decomposition:
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Figure 2.9: Trade-off between accuracy and the number of trained task-specific parameters for adapter tuning and
fine-tuning. Taken from [Houlsby et al., 2019].

Wo + AW = W, + BA, (2.14)

where W, € R¥™** B € R™*", A € R"™** and r < min(d, k). The model reparametrization is shown in
Figure 2.10, for A random Gaussian initialization is used while B is initialized as zero, so that AW = BA
is zero in the beginning.
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Figure 2.10: Model reparametrization. Taken from [Hu et al., 2021].

This method differs from adapters since the additional weights can be run in parallel instead of
sequentially. Additionally, if one wants to have zero added inference time, one can merge the low-rank

matrices with the original full-rank matrices by simply multiplying B and A to obtain AW and then add it
to Wy.
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2.6 Machine Translation

Machine translation is the process of translating text from one language to another using rule-based,
probabilistic, or neural network-based approaches.

In 2014, the first MT systems using end-to-end neural network models were published [Bahdanau
et al., 2014] [Sutskever et al., 2014]. By the 2016 conference on machine translation, 90% of the winning

submissions were NMT models [Bojar et al., 2016].

2.6.1 Neural Machine Translation

Neural machine translation directly converts the source sentence to the target sentence. However,
since neural networks receive continuous vectors as input and as output, words need to be converted
into word embeddings. As explained in Section 2.2, one can map words from a vocabulary X to a d-
dimensional vector using an embedding matrix E € R?*I>I where d < |3|. A better approach is to have
contextualized word embeddings, these embeddings depend not only on the word but on the entire input
sentence. For that, instead of using an embedding matrix, one can use neural sequence models, such
as LSTMs or Transformer architectures as pre-trained encoders to get the word embeddings used in the
translation [Stahlberg, 2020].

To predict the next target language embeddings based on the source language embeddings, a simple
approach is to use a connectionist sequence classification technique illustrated in Figure 2.11, which
uses an LSTM to read the source language sequence word by word, and after receiving the end-of-
sentence token <eos>, it starts predicting the target language sequence also word by word, while it is

fed with its own predictions to do so.

<EOS>
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Figure 2.11: Diagram of the prediction process word by word using an LSTM. Taken from [Sutskever et al., 2014].

A problem with this solution is that it assumes an alignment between the input words and output
words, which is often not the case when translating a sentence. Transformers offer a better solution

since they generate the whole translated phrase in parallel, giving attention to the entire sentence.
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2.7 Evaluation of Machine Translation

Evaluation of machine translation is the process of systematically assessing the quality of a certain
machine translation model. One uses the source text and/or the reference text and compares them
against the hypothesis produced by the MT system to attribute a certain quality score to the hypothesis.
This process can be manually performed by humans, or it can be done using automatic evaluation.
The main human evaluation metrics are DA [Graham et al., 2013], human translation edit rate (HTER)
[Snover et al., 2006], and MQM [Lommel et al., 2014] scores.

Direct assessments consist of scoring the accuracy of the hypothesis from 0 to 100, where 0 means
completely inaccurate and 100 is perfectly accurate. The main advantage of DA scores is the minimal
training required, which allows the use of crowd-sourced annotators instead of professional translators.
In fact, it is the method used to score the training sets of the WMT shared tasks. When there are not
enough annotations per sentence [Bojar et al., 2017, Ma et al., 2018, Ma et al., 2019], one can use
relative rankings (DARR), which rank several hypotheses for the same source sentence instead of giving
an absolute score to each hypothesis. HTER requires a professional translator to make the necessary
changes to the MT hypothesis, the resulting sentence is referred to as the post-edited translation (PE),
and then the metric is defined as follows:

HTER — number of edits

2.15
number of words in the final PE ( )

One problem with this metric is the difficulty of distinguishing between different types of errors in a
sentence since all contribute in the same way to the final score. MQM is defined in equation 2.16
and addresses this problem by counting the number of errors and distinguishing them between minor
(Inzinor), Major (Iarajor), and critical (Icri:.) errors. Then the metric computes a weighted average where

minor errors have a weight of 1, major errors a weight of 5, and critical errors a weight of 10.

IJ\Mnor +5 X Ilbfajor +10 x IC'rit.

MQM =100 —
@M score 00 Sentence Length x 100

(2.16)

While human evaluation usually works as the gold standard, to develop a new machine translation
system, one needs to be able to automatically evaluate the quality of their models. Automatic metrics

were developed for that purpose, and they are explained in detail in Sections 2.7.1 and 2.7.2.

2.7.1 MT Evaluation

There are several categories of MT evaluation metrics. The simplest methods are termed n-gram-based
metrics. They work by counting the number of times n consecutive words or characters in the hypothesis

align with the reference. The most common n-gram-based metric is BLEU [Papineni et al., 2002], and
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although it has a low correlation with human judgment, it is a standard among the MT community. This
metric works by applying a geometric mean of several n-gram sizes, since shorter n-grams measure
the adequacy of the translation while longer n-grams test the fluency of such translation. The n-gram

precision score for a given n is calculated as follows:

ZCE{Candidates} Zn—gramec Countclip(n—gram)

! )
ZC’G{Candidates} Zn-gram’EC/ Count(n_gram )

Pn = (21 7)

where Count(n-gram) is the number of matches of n-grams in a candidate sentence C and Countip =
min(Count, Max_Ref_Count), which means it is the same expression as Count but truncated by the
largest count observed in any single reference. This metric can easily score the quality of a single
sentence wrongly, as explained in the original publication “...a system which produces the fluent phrase
'East Asian economy’ is penalized heavily on the longer n-gram precisions if all the references happen
to read 'economy of East Asia.”. However, for system evaluation, where one measures the quality
of multiple MT systems over an entire test corpus, these problems tend to cancel out in comparison
between systems. Several other metrics improved BLEU by taking into account the limitations of this
metric. Examples of relevant metrics are NIST [Doddington, 2002], ROUGE [Lin, 2004], and METEOR
[Banerjee and Lavie, 2005]. Another relevant n-gram metric is CHRF [Popovi¢, 2015], which instead of
using word-level n-grams, uses character-level 6-grams. It is much simpler than METEOR since it simply

calculates an F; score of such 6-grams:

CHRP - CHRR
(% - CHRP + CHRR’

CHRF3 = (1+ 3%) (2.18)

where CHRP stands for character n-gram precision, CHRR for n-gram recall, and 5 is a parameter to
assign S times more importance to recall than to precision, the standard CHRF uses g = 1. Despite the
simplicity of this metric, it has competitive results and has been shown to consistently outperform BLEU

over several WMT Metrics Tasks.

While these automatic algorithmic methods are useful in many cases, they lack the ability to "weigh
many aspects of translation, including adequacy, fidelity, and fluency of the translation” [Papineni et al.,
2002]. A solution to achieve scores more closely correlated with human judgments is to use word em-
beddings instead of n-grams. An example is BERTSCORE [Zhang et al., 2019], which utilizes contextual
embeddings from BERT [Devlin et al., 2018b] to compute soft alignments using cosine similarity. The
H)(ﬁxjcjn however since
in BERTSCORE the reference and hypothesis vectors are normalized, the similarity is simply the inner

cosine similarity of a reference token x; and a hypothesis token %; is given by

product x, ;. Then three metrics are calculated, the recall Rggrr, the precision Psgrr, and the Fy

score FREgRrT:
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Other embedding-based metrics are the YIS [Lo, 2019] family of metrics and the PRISM metric [Thomp-
son and Post, 2020].

Both n-gram and embeddings-based models directly compare the hypothesis with the reference.
Another class of metrics uses neural networks to mimic the way humans evaluate translation quality. This
is the class we focus more on in this thesis since the model we proposed to apply model compression
(COMET [Rei et al., 2020]) uses a dense neural network to determine a score based on the given
contextual embeddings. A popular neural fine-tuned metric is BLEURT [Sellam et al., 2020], it encodes
the hypothesis and reference using BERT, and then the <c1s> token is used as the input of a feedforward
neural network. Other examples of important metrics of this class are ROBLEURT [Wan et al., 20222a]
and UNITE [Wan et al., 2022b]. UNITE in specific is a framework that is capable of doing MT evaluation
using reference-only, source-reference-combined, and also source-only or QE as explained in Section
2.7.2. The main advantage of this approach is the ability to train with triplets of (source, hypothesis,
reference) but having an architecture that is able to output a result with only a pair of (reference,
hypothesis) or (source, hypothesis) and all these results are related to each other, unifying this way

all translation evaluation tasks.

2.7.2 MT Quality Estimation

Similar to MT evaluation, there are several QE metrics. The crucial difference between the two is that
QE does not use a reference to determine the quality score, it works only with the source and hypoth-
esis. Initially, these models were used as a proxy for MT evaluation metrics when there was a lack of
parallel test sets, and thus no reference was available. However, as cross-lingual pre-trained encoders
improved, QE started to be competitive with reference-based metrics while being more efficient at in-
ference. Another advantage of such models is that generating reference translations is an expensive
and time-consuming process since it requires professional translators, which means that QE metrics
can leverage larger training sets since creating such a corpus is much faster without the need to gen-
erate the reference translation. Examples of such models are TRANSQUEST [Ranasinghe et al., 2020],
OPENKIWI [Kepler et al., 2019], and COMETKIWI [Rei et al., 20220b].

CoMETKIwWI will be explained in the next Section 2.7.3, and it combines the COMET architecture with
the predictor-estimator [Kim et al., 2017] architecture of OPENKIWI. This architecture works at the word-

level and sentence-level. In word-level QE, it assigns quality labels (OK or BAD) to each word and the
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gap between words, as seen in figure 2.12. For that, it uses two modules, the predictor which predicts
a single token of the hypothesis using the remaining tokens of the hypothesis, and the entire source

sentence as context. And an estimator that uses the features from the predictor to classify each word

as OK or BAD.
BAD BAD BAD  BAD OK OK OK OK OK Source tags
Source The |Sharpen‘ tool |sharpens‘|:|

el U w <

PE ‘ Mit H dem H Scharfzeichner H konnen |m| einzelne H Bereiche |m| einem H Bild H scharfzeichnen ||:|

NN —

MT Der ’ Schirfen-Werkezug H Bereiche HHH einem ||| Bild |‘| schirfer || erscheint L,T\
BAD BAD OK OK| OK OK BAD BAD OK MT tags
BAD OK BAD OK OK OK OK OK OK OK Gap tags

Figure 2.12: "MT (or target) tags account for words that are replaced or deleted, gap tags account for words that
need to be inserted, and source tags indicate what are the source words that were omitted or mis-
translated”. Taken from [Kepler et al., 2019].

For sentence-level QE, the framework uses a multi-task architecture to allow the model to learn to

predict the sentence-level HTER scores.

2.7.3 CoMET and CoMmETKIwI architectures

The architecture where we apply model compression is COMETKIWI, a QE system based on the COMET
MT evaluation metric. For that reason, it is important to explain both architectures and clarify where they
differ.

COMET [Rei et al., 2020] is a framework for training multilingual MT evaluation models. There are
two supported architectures, one estimator model that is trained to regress directly on a quality score,
and one ranking model that is trained to generate DARR rankings. We will explain the regression model
in more detail since it is our focus in this thesis.

The architecture can use any cross-lingual pre-trained encoder, examples are BERT [Devlin et al.,
2018b], XLM [Conneau and Lample, 2019], XLM-RoBERTa [Conneau et al., 2019], MINILM [Wang
et al., 2020], and InfoXLM [Chi et al., 2020]. The framework then feeds the encoder with the source, MT
hypothesis, and reference if we want a reference-based metric or without reference otherwise. For each
sentence, it produces an embedding e ) for each token z; and each layer I € {0,1,...,k}, to map the
three input sentences in a shared feature space. Second, as shown in [Zhang et al., 2019], the levels
of correlation with MT evaluation vary between layers. It is better to use all of them together than just
the embeddings from the last layer. COMET uses the approach described in [Peters et al., 2018b] and
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creates a single embedding for each token by combining the encoder layers using a layer-wise attention

mechanism computed as:

es, = nk, a, (2.21)
where p is a trainable weight coefficient, E,, = [effj.), efclj)7 ey ei’j)} corresponds to the vector of layer
embeddings for token z;, and a = softmax ([a(!),a, ..., a®]) is a vector corresponding to the layer-

wise trainable weights. Lastly, average pooling is applied to the token embeddings to obtain a sentence
embedding. Once we have the embeddings, the COMET framework will create the following features
proposed in RUSE [Shimanaka et al., 2018]:

» Element-wise source product: h ® s;

» Element-wise reference product: h © r;

+ Absolute element-wise source difference: |h — s|;

+ Absolute element-wise reference difference: |h — r|.

These features are generated to highlight the differences between embeddings in the semantic feature
space, which is then useful to the feedforward regressor that receives a single vector = (equation 2.22)

of the concatenated features.

z=[hr;h@s;hOr;lh—s|;|h— 1l (2.22)

It is worth noting that the source embedding is not fed to the neural network, only the features that take
advantage of the source. As explained in [Rei et al., 2020], the value added by the source embedding
as an extra input feature was negligible. The dense neural network is then trained using the MSE
loss (equation 2.6) between the predicted scores and the human scores. Those scores can also be
normalized to z-scores between 0 and 1. The overall architecture is shown in Figure 2.13.

In COMETKIWI [Rei et al., 2022b], the source and hypothesis are concatenated and then fed to the
encoder, producing the d-dimensional hidden state vectors Hy, ..., H, for each layer 0 < ¢ < L where
H; ¢ R(»+™)*d_Then, in a similar process to COMET, the hidden states are combined in a single mix
hidden state H .,ix, by feeding all layers into a scalar mix module [Peters et al., 2018b] that learns the

hidden states’ weighted sum of each layer of the encoder as:

L
Huyix =AY BeHy, (2.23)

=0
where ) is a scalar trainable parameter, 3 € AL, is given by 3 = sparsemax(¢) using a sparse transfor-

mation [Martins and Astudillo, 2016] (instead of the softmax used in COMET) with ¢ € R as learnable
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Figure 2.13: Estimator model architecture. Taken from [Rei et al., 2020].

parameters and AL .= {3 e RF: 173 =1,8> O}, this way the model learns to ignore less important

layers.
Once we have the combined hidden state, the <c1s> token is used to feed a feedforward neural
network the same way it is for COMET. For word-level models, the first-word hidden state vectors of

each MT token are linearly projected to get word-level predictions § € {OK,BAD}, Vi<;<,. The overall

architecture is shown in Figure 2.14.

Sentence score ‘Word labels
9 € R 9; € {OK,BAD}
T T
Feed Forward Feed Forward
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Scalar Mix
T
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T
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Figure 2.14: "Architecture of COMETKIWI for sentence-level (left part) and word-level QE (right part)”. Taken from
[Rei et al., 2022b].

According to [Rei et al., 2022b], word-level supervision was beneficial for sentence-level QE when
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using models with the pre-trained encoder infoXLM. The task uses a combined loss on both DA and
MQM scores:

Lsent (9) = %(y - @(9))2§

1 n
Lword (9) = _E szﬁ log pe (yz) ) (2'24)

=1
E(G) = )‘sﬁsent(e) + AwLword (9)
Furthermore, the architecture that yielded the best results was an ensemble of six models, of which three
used the infoXLM encoder, two used the RemBERT [Chung et al., 2020], and one used the XLM-R.

2.7.4 Previous work on COMETINHO

The previous work we developed on model compression focused on the COMET architecture, and we

summarize those contributions in this section.

Length Sorting and Caching

The first approach we explored, even before model compression, was performing length sorting and
caching. Length sorting consists of sorting sentences according to their length, this way, we create
batches with sentences of similar length, reducing the amount of tensor padding that is necessary [Pu
et al., 2021]. In COMET, the length sorting was performed according to the source length. The efficiency

improvement is shown in Figure 2.15.
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Figure 2.15: "Runtime (in seconds) with an NVIDIA GeForce GTX 1080 Tl GPU, batch size of 16. Using wmt20-
comet-da. BLEU is used for comparison and runs on an Intel(R) Core(TM) i7-6850K CPU @
3.60GHz". Taken from [Rei et al., 2022a].

Caching is another technique we use that leverages the fact that COMET uses triplet encoders,

28



meaning that the source, hypothesis, and reference are encoded separately instead of concatenated.
Since in many applications, the same source is translated into several languages, by encoding the
source, hypothesis, and reference separately, we only need to encode each unique sentence once
and then cache the embeddings to use every time the sentence appears in a triplet. The efficiency

improvement is shown in the right plot in Figure 2.16. After applying these two optimization methods,

—— without caching
250 with caching
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1 2 3 4 5 6 7 8
Number of Systems

Figure 2.16: "Runtime (in seconds) with an NVIDIA GeForce GTX 1080 Tl GPU, batch size of 16. Using wmt20-
comet-da. BLEU is used for comparison and runs on an Intel(R) Core(TM) i7-6850K CPU @
3.60GHz". Taken from [Rei et al., 2022a].

the inference time of COMET is reduced from 34.7 seconds to 21.1 seconds (39% faster).

Model Pruning

We then applied model pruning techniques, starting with layer pruning. Since most parameters of
COMET are in the pre-trained encoder XLM-R [Conneau et al., 2019], we start by removing layers
from it. Different layers impact the downstream task of MT evaluation differently. As explained in Section
2.7.3, COMET uses a layer-wise attention mechanism that pools information from all layers and combines
them using a weighted average. By analyzing vector «, which corresponds to the trainable weights, we
can see in Figure 2.17 that the most important layers are between 15 and 19.

However, layer 15 is dependent on the previous layers, meaning that we can only remove the topmost
layers, from 20 to 25. Removing the top layers reduces the number of parameters by 10.8% while
maintaining relatively constant performance.

We then experiment with reducing the size of each layer (width pruning). XLM-R is a transformer-
based pre-trained encoder, each transformer block is composed of 16 attention-heads and a single
hidden layer feedforward neural network with 4096 parameters. We verify that the best trade-off of size

and performance is to keep only 19 layers, 3072 parameters for the hidden layer (3/4 of the original size),
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Figure 2.17: Normalized weights distribution for the COMET default model (wmt20-comet-da). Taken from [Rei
et al., 2022a].

and 14 self-attention heads (2 less than the original). The result is a model named PRUNED-COMET that

is 21% smaller, 37% faster, and with only 2% less performance.

Knowledge Distillation

Finally, we performed distillation using an ensemble of 5 COMET models as teachers [Glushkova et al.,
2021]. For the student model, we use the same architecture and hyper-parameters and substitute the
encoder XLM-R-large [Conneau et al., 2019] with a distilled version that has only 117 million parameters
instead of 560 million. The corpus used contains 45 million high-quality tuples in 15 language pairs.

To generate such a corpus, we started by extracting 25 million sentence pairs from OPUS [Tiede-
mann, 2012], then used the Bicleaner tool [Ramirez-Sanchez et al., 2020] to filter the dataset and leave
only high-quality pairs. Then we generated two translations for each source, the first using a bilingual
model, which is a model that was trained to translate directly from one language to another and cannot
be used for any other language pair, unlike a multilingual model that can be used for several language
pairs. For the second translation, we used pivoting, meaning that to translate from language « to lan-
guage b, we first translate a to a high-resource language, typically English, and then translate from that
high-resource language to b. This approach is intentionally used to produce worse results than the
bilingual model. Finally, we score the data to get a final corpus with 45 million tuples.

Once we have the dataset scored, we train the student model to regress over the COMET scores,
and the result is a model named DisTIL-COMET that is 80% smaller, 53% faster and has only 5% less
performance.

In Table 2.1, we can analyze the direct comparison between COMET, PRUNE-COMET, and DISTIL-

CoMET in the language pairs Chinese — English, English — German, and English — Russian.
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zh-en en-de en-ru

Metric # Params News TED News TED News TED avg.
BLEU - 0.166 0.056 0.082 0.093 0.115 0.067 0.097
CHRF - 0.171 0.081 0.101 0.134 0.182 0.255 0.154
BERTSCORE 179M 0.230 0.131 0.154 0.184 0.185 0.275 0.193
PRISM 745M 0.265 0.139 0.182 0.264 0.219 0.292 0.229
BLEURT 579M 0.345 0.166 0.253 0.332 0.296 0.347 0.290
COMET 582M 0.336 0.159 0.227 0.290 0.284 0.329 0.271

PRUNE-COMET 460M 0.333 0.157 0.219 0.293 0.274 0.319 0.266
DisTIL-COMET 119M 0.321 0.161 0.202 0.274 0.263 0.326 0.258

Table 2.1: "Kendall's tau correlation on high resource language pairs using the MQM annotations for both News
and TED talks domain collected for the WMT 2021 Metrics Task”. Taken from [Rei et al., 20222a]
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One of the most concerning aspects of the growth of pre-trained models is their energy consumption
and environmental impact. However, in machine translation evaluation and quality estimation, accuracy
is very important, and we want to keep it as close to previous models as possible. With that in mind,
this thesis focuses on minimizing the quality-efficiency trade-off by reducing the size of COMET and
improving the inference time as much as possible without degrading significantly the model quality.

We focus our thesis on knowledge distillation since it was the approach that offered the best trade-off
in COMETINHO when we compare COMET with PRUNE-COMET and DisSTIL-COMET. We then introduce
model fine-tuning to further improve our results. In this chapter, we detail the considerations to determine
our teacher model, the student architecture, and fine-tuning labels. And compare that process with what

was done in our previous work with COMETINHO.

3.1 Generating the teacher outputs

There are several ways of applying knowledge distillation, as discussed in Chapter 2. In this thesis,
we make use of a larger reference-free COMETKIWI model denominated COMETKIWI-XL [Rei et al.,
2023], to leverage a more capable teacher than the ensemble of 5 COMET teachers we have used in our
previous work.

CoMETKIWI-XL is a model that uses the same general architecture as COMETKIWI, the main differ-
ence between them being the exchange to larger pre-trained models such as XLM-R XL and XLM-R-
XXL [Goyal et al., 2021].

The XLM-R XL architecture is based on the XLM-R model, but it has 32 attention heads instead of
16, 36 encoder blocks instead of 24, and 3.5 billion parameters instead of 550 million.

We use COMETKIWI-XL to label the same dataset used in the previous COMETINHO model, detailed
in Section 2.7.4, and an additional 13.6 million tuples from another 21 language pairs. We then used
response-based distillation, which is the same method used for COMETINHO.

To choose between COMETKIWI-XL and COMETKIWI-XXL, we tested distillation with both models
on 5% of the corpus. The results were similar, and since COMETKIWI-XXL takes 52.51 seconds to label
a thousand sentence pairs as shown in Chapter 4, labeling the entire corpus would take approximately
35.6 days:

58.6M /1000 x 52.51s * 1h/3600s * 1day/24h = 35.6days. (3.1)

The choice was to use the XL model to label the entire dataset.
Since we labeled 5% of the corpus with both models and we used response-based distillation, which
is the same method used for COMETINHO, we can use this data to study to what extent better teacher

models can reduce the amount of data the student model needs to be trained on.
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3.2 Student model architecture

To distill the teacher model, it is necessary to choose a more compact architecture for the student model.
We used Microsoft’s InfoXLM-base cross-lingual pre-trained encoder [Chi et al., 2020], since the encoder
used in COMETKIWI [Rei et al., 2022b] that led to superior performance in Spearman correlation was
the InfoXLM-L. This finding suggests that the InfoXLM family of encoders is well-suited for reference-free
MT evaluation or QE. Despite the infoXLM-base model being larger than the distilled XLM-R encoder
used in COMETINHO, this was not a problem considering that even with a larger model, we can have
faster inference times using a reference-free architecture.

The infoXLM architecture that follows the configuration of XLM-R is formulated to maximize the mu-
tual information between multilingual-multi-granularity texts. The encoder used for the student model
has 12 layers and 768 hidden states and is 13 times smaller than the XLM-R XL encoder used for the
teacher. Additionally, the hidden layer sizes of the feed-forward neural network that follows the pre-
trained encoder in the COMETKIWI architecture were also decreased. COMETKIWI has two layers with
sizes 3072 and 1024, while our student model has two layers with sizes 1536 and 768.

We chose to use a reference-free architecture since the performance of reference-free models is
competitive with reference-based models. As shown in the COMET submission for WMT21 [Rei et al.,

2021] in Table 3.1, both the DA and MQM scores have only a decrease of 10 and 9 Kendall’s Tau points,

respectively.
Metric zh-en en-de avg.
CoMET-DA (2021) 0.454 0.309 0.382
CoMET-MQM (2021) 0.546 0.361 0.454

COMET-QE-DA (2021) _ 0.436 0.308 0.372
COMET-QE-MQM (2021) 0.531 0.359 0.445

Table 3.1: Kendall's Tau segment-level correlation on the English—German and Chinese—English test set using
DA and MQM scores from the WMT 2021 Metrics Task. Taken from [Rei et al., 2021].

These results are further confirmed in the survey "To ship or not to ship” [Kocmi et al., 2021], where
CoMET-src scored second on all available systems to perform pairwise comparisons, scoring only below
COMET by a small margin, as seen in Table 3.2.

Both findings show that the COMET model can have a strong ability to identify translation errors given
the good intuition of what is wrong with a translation just based on the source. Given the negligible
impact on performance, the trade-off is worth it since reference-free architectures also allow us to use
larger pre-trained encoders while still reducing the inference time. This is due to the encoding part of
CoMETKIWI being the most significant time-consuming part, and in a reference-based architecture, the
reference is an additional sentence that needs to be encoded. Additionally, the utilization of reference-

based architectures poses greater challenges in domains characterized by the limited or nonexistent
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All - 0.05 0.01 0.001 | Within
n 3344 1717 1420 1176 541
COMET 834 965 98.7 99.2 90.6
COMET-src 832 953 974 981 89.1
Prism 806 945 97.0 983 86.3
BLEURT 80.0 938 956 98.2 84.1
ESIM 787 929 956 975 82.8
BERTScore 78.3 922 952 974 81.0
ChrF 756 895 935 96.2 75.0
TER 756 89.2 93.0 96.2 73.9
CharacTER 749 886 919 952 741
BLEU 746 882 917 946 74.3
Prism-src 734 853 87.6 88.9 77.4
EED 68.8 794 824 846 68.2

Table 3.2: Column “All” shows the results for system pairs. Each following column evaluates accuracy over a subset
of systems that are deemed different based on human judgment and a given alpha level in Wilcoxon’s
test. Column “Within” represents a subset of systems where the human judgment p-value is between
0.05 and 0.001. “n” represents the number of system pairs used to calculate accuracies in a given
column. Taken from [Kocmi et al., 2021].

availability of good-quality references. This is particularly evident in low-resource language pairs, where

the generation of high-quality references incurs higher costs.

3.3 Fine Tuning

To fine-tune the student model, the data was the same used to train the teacher model, which is detailed
in the COMETKIwWI-XL paper [Rei et al., 2023]. This corpus compiles the DA scores from the 2017 to
2020 WMT translation shared task and the MLQE-PE corpus, totaling 940k samples in 38 language
pairs.

To determine the label that should be used, we performed a grid search between 0 and 1 on a

hyper-parameter )\ created to fine-tune the model with the following weighted score:

WeightedScore = A« COMETKIWI-XL + (1 — \) x HumanScore (3.2)

We then concluded, as it can be seen in Chapter 4, that using exclusively COMETKIWI-XL scores was
actually better than a weighted average of both. We chose to apply full fine-tuning instead of other
methods explained in Chapter 2 since this dataset was much smaller than the one used to apply knowl-
edge distillation and, for that reason, represented a much smaller percentage of the total development
compute power necessary, despite full fine-tuning being a computationally expensive method. For that

reason, we applied full fine-tuning with only the COMETKIWI-XL scores to our completely distilled model.
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To evaluate the performance of our implemented systems and to better explain the development
choices detailed in this chapter, we define our baselines and present the evaluation methodology in
Chapter 4, as well as the results both of knowledge distillation and fine-tuning compared to the base-

lines.
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Contents
4.1 Evaluation Methodology . . . .. . . . . i i i i ittt it e e e e e e 38
4.2 ResUlts . . . . . i i i it i ittt e e e e e e e e e e e e e e e e e e 41




4.1 Evaluation Methodology

This section describes the evaluation methodology followed throughout the research developed. We de-
fine baselines to compare to our model and then describe the way we measure accuracy using Kendall’'s

Tau and Spearman correlations.

4.1.1 Defining a baseline

For this thesis, we use as a primary baseline our previous work done compressing COMET, the COMET-
INHO model [Rei et al., 2022a]. Nevertheless, we also compare our models to other widely used metrics
that are representative of the techniques mentioned in Chapter 2. BLEU [Papineni et al., 2002] and
CHRF [Popovic¢, 2015] are n-gram metrics, BERTSCORE [Zhang et al., 2019] is an embedding-based
model, and BLEURT [Sellam et al., 2020] is a neural fine-tuned metric. Our goal is to achieve an accuracy

as close as possible to COMETKIWI-22, the state-of-the-art at the start of development.

4.1.2 Defining the model accuracy

The two accuracy metrics we use for QE are Kendall’'s Tau (7) correlation [Kendall, 1938] and Spearman
(p) correlation. Both Kendall’s Tau and Spearman are used to correlate the metric scores with the MQM
scores of the WMT 22 metrics shared task news test set.

Kendall's tau coefficient is a measure of rank correlation, measuring the similarity of the two corpora
generated when ordering the sentence pairs by the scores given by the automatic metric and when
ordering the sentence pairs by the scores given by the MQM annotations. There are several formulations
of Kendall's Tau correlation coefficient that are used to handle ties in different ways when ordering
the scores of the automatic metric and of the MQM annotations [Deuisch et al., 2023]. We use the
formulation 7, [Kendall, 1945] defined as follows:

C-D

T /CiDITC DT @

where C(Concordant) corresponds to the number of times a metric gives a better score to the best
translation according to the MQM annotations, and D(Discordant) is when a metric gives a better score
to the worst translation according to the MQM annotations. T}, is the number of ties in the human
scores, and T, is the number of ties in the metric scores. However, in the metrics where there are no

ties, Kendall’s Tau formulation can be simplified to:




The measure varies between -1 and 1, where -1 means the metric always disagrees with the MQM
annotations, and 1 means the metric and the annotations always agree on what is the best translation.

The second accuracy metric used is the Spearman correlation, used in the WMT23 QE shared task.
The Spearman rank correlation coefficient is a measure of rank correlation, where the objective is to
measure how well the relationship between two variables can be described using a monotonic function,
meaning any function where the dependent variable preserves the order of the independent variable.
The metric varies between -1 and 1, where 1 means that the function is monotonically increasing (for
all z < y, it follows that f(z) < f(y)) and -1 means that the function is monotonically decreasing (for
all z < y, it follows that f(z) > f(y)). The Spearman correlation coefficient is defined as the Pearson

correlation between the rank variables:

_ cov(R(X), R(Y)).

OR(X)OR(Y)

(4.3)

In our use case for n scores, X; and Y; would be the scores given to the translation by the automatic
metric and by the MQM annotations, respectively. R(X;) and R(Y;) would be the conversions of the raw
scores to the ranking of that translation within all scores on X and Y, respectively. Then cov(R(X), R(Y))
is the covariance between the rank variables, and o x) and og(y) are the standard deviations of the
rank variables. The standard deviations in the denominator work as a normalizer of the covariance, so

that the Spearman correlation always falls between -1 and 1.

4.1.3 Defining the test set

For the test set, we used the MQM scores from the WMT22 news test set and used the high-resource
language pairs English—German, English—Russian, and Chinese—English. This dataset has 4500
sentence pairs both for English—German and English—Russian and 7575 sentence pairs for Chinese
—English. The WMT metrics shared task dataset has in each entry multiple MT system outputs for a
given source text and also a human translation reference, along with human judgments on the quality of
each MT system translation.

To explain the choice of the language pairs, it is important to understand the composition of the
WMT Translation shared task corpus. As explained in Section 3.3, this training set is a compilation of
the DA scores from 2017 to 2020 and consists of 940K tuples of 38 different language pairs. However,
the 38 language pairs are not represented evenly, some are considered high-resource pairs due to the
higher availability of quality data, and the remaining are considered low-resource pairs. In Table 4.1, we
compare the 3 language pairs we used in our test set and their inverse direction with the remaining 32
language pairs. The predominance of these 3 language pairs and their inverse direction is what led us

to choose them as our test set in this thesis.
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Language pair #tuples % of total

English—German 74Kk 7.8%
Chinese—English 99k 10.5%
English—Russian 63k 6.7%
German—English 91k 9.7%
English—Chinese 76k 8.1%
Russian—English 70k 7.4%

Remaining 32 Ips 467k 49.8%

Table 4.1: Comparitive analysis of language pairs in WMT Translation shared task DA corpus from 2017 to 2020.

Comparing the test set with the training data

The training data consists of the data used to train the student and teacher models, plus the training
data used to train the respective pre-trained encoders. The data used for the teacher COMETKIWI-XL is
the same data used to fine-tune our distilled model and is described in Table 4.1. The remaining training
data we detail in this section are the data used to apply knowledge distillation on COMETINHO and on
the student model developed in this thesis, and the corpus used to train the pre-trained encoders of the

teacher and student architectures.

The COMETINHO training corpus is described in Section 2.7.4 as 45 million tuples of 15 high-quality
tuples in 15 language pairs. For knowledge distillation of the student model developed in this thesis,
we have an additional 13.6 million sentence pairs and 21 language pairs, totaling 58.6 million tuples of

parallel data from 36 language pairs distributed as in Table 4.2.

Language pair # tuples % of total
English—German 3.8M 6.5%
Chinese—English ~ 4.3M 7.3%
English—Russian 2.9M 4.9%
German—English 2.6M 9.7%

English—Chinese 1.3M 8.1%
Remaining 31 lps  43.7M 74.6%

Table 4.2: Comparitive analysis of language pairs in the training set used for knowledge distillation.

The pre-trained encoders of the student and the teacher both use the CC-100 corpora, with some
differences. The student’s pre-trained encoder (infoXLM) uses 94 languages in monolingual data totaling
2078GB, while the teacher’s pre-trained encoder (XLM-R XL) uses all 100 languages totaling 2394GB

but with a different language predominance mix that is compared in Table 4.3.

InfoXLM also uses parallel data, although on a much smaller scale, 4.2GB (10%) for English—German,
7.7GB (18%) for English—Russian, 4.0GB (9.5%) for English—Chinese, and 26.1GB (62%) for other

language pairs.
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infoXLM XLM-R XL

Language pair Size (GB) % of total Size (GB) % of total
English 732GB 35.2% 301GB 12.6%
German 99GB 4.8% 67GB 2.8%
Chinese 97GB 4.7% 64GB 2.7%
Russian 253GB 12.2% 278GB 11.6%

Remaining languages = 897GB 43.1% 1684GB 70.3%

Table 4.3: Comparitive analysis of language pairs in WMT Translation shared task DA corpus from 2017 to 2020.

4.2 Results

4.2.1 Baselines

Before getting the results of any experiment, we ran our test set on a variety of models to serve as
baselines. The first baselines are popular metrics other than COMET in the top half of Table 4.4. We can
see that BLEURT using the BLEURT-LARGE-512 chekpoint is largely better than the other 3 metrics since
it is a neural fine-tuned metric. Compared to BERTSCORE using as an encoder ROBERTA| ARGk, it is on
average 14% better in Kendall’s Tau correlation and 27% better in Spearman correlation. BERTSCORE
is also considerably better than the other two n-gram-based metrics since it is an embedding-based
metric. It is on average 87% more accurate than CHRF in Kendall's Tau correlation and 67% in Spearman
correlation. Finally, when comparing the two n-gram metrics, CHRF consistently outperforms BLEU in all
language pairs, which has been shown in several other WMT metrics tasks. In this evaluation, CHRF is

on average 42% and 46% better in Kendall’s Tau and Spearman correlations, respectively.

Secondly, we highlight the results for the 2022 COMETKIWI version as well as the XL and XXL
versions in the bottom half of Table 4.4. COMETKIwI is clearly faster due to its size, having 6.2 times
fewer parameters than COMETKIWI-XL, it is able to perform inference 3.5 times faster with only a 4.5%
decrease in Kendall’s Tau correlation and 4.6% in Spearman correlation. Consequently, the difference
compared to COMETKIWI-XXL is even greater. With only a slight increase on average in Kendall's Tau
and Spearman correlations, it is not consistently better than COMETKIwI-XL. This shows that increasing
the model parameters and keeping the same training dataset size only gives marginal improvements.
Nevertheless, in use cases where accuracy is paramount, COMETKIWI-XXL is the most reliable model,
with 0.358 on Kendall’s Tau correlation and 0.477 on the Spearman correlation. The trade-off is having a
model that is 19.0 times larger and 10.5 times slower at inference for a gain in performance of 5% when

compared to COMETKIWI Kendall’s Tau correlation.
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Metric # Params seconds zh-en en-de en-ru avg.

BLEU - 2.65 0.032 0.158 0.095 0.084

- CHRF - 3.09 0.042 0.202 0.164 0.119
BERTSCORE 355M 7.47 0.219 0.235 0.214 0.222
BLEURT 335M 33.14  0.294 0.241 0.197 0.253

BLEU - 2.65 0.043 0.210 0.125 0.110

CHRF - 3.09 0.057 0.273 0.224 0.161

P BERTSCORE 355M 7.47 0.247 0.296 0.278 0.269
BLEURT 335M 33.14  0.398 0.322 0.268 0.342
COMETKIWI-22 565M 5.02 0.326 0.308 0.401 0.341

7 | COMETKIWI-XL 3486M 17.36 0.334 0.344 0.407 0.357
COMETKIWI-XXL  10717M 52.51 0.323 0.346 0.427 0.358

CoMETKIWI-22 565M 5.02 0.437 0.409 0.528 0.454
p | COMETKIWI-XL 3486M 17.36 0.449 0.457 0.540 0.476
COMETKIWI-XXL  10717M 52.51 0.435 0.459 0.565 0.477

Table 4.4: Kendall’s Tau (7) and Spearman (p) correlation on high resource language pairs using MQM scores from
the WMT 2022 Metrics Task News test set. "seconds” is the amount of time taken at inference in seconds
per 1000 sentences.

4.2.2 Knowledge Distillation

First, we choose the teacher model. Since the dataset to be labeled has 58.6 million sentence pairs, it
is costly to label the entire dataset. For that reason, as explained in Chapter 3, we labeled 5% of the
dataset with both COMETKIwWI-XL and COMETKIWI-XXL and trained for 3 epochs. We can compare the

performance difference in Table 4.5.

Metric zh-en en-de en-ru avg.
COMETKIWI-22 0.326 0.308 0.401 0.341
COMETKIWI-XL 0.334 0.344 0407 0.357

T COMETKIWI-XXL 0.323 0.346 0.427 0.358

COMETKIWINHO-5%-XL 0.305 0.288 0.348 0.312
COMETKIWINHO-5%-XXL 0.305 0.289 0.359 0.315

COMETKIWI-22 0.437 0.409 0.528 0.454
COMETKIWI-XL 0.449 0.457 0540 0.476
p COMETKIWI-XXL 0.435 0.459 0.565 0.477

COMETKIWINHO-5%-XL 0.411 0.384 0.463 0.418
COMETKIWINHO-5%-XXL 0.410 0.385 0.477 0.421

Table 4.5: Kendall’s Tau (7) and Spearman (p) correlation on high resource language pairs using MQM scores from
the WMT 2022 Metrics Task News test set.

In Table 4.6, we compare the previous COMETINHO version with the best checkpoint on a 3-epoch
knowledge distillation run on the teacher-labeled dataset. Since the dataset is reasonably large, we only
freeze the pre-trained encoder for 1% of the first training epoch.

COMETKIWINHO-2.6EPOCHS represents the best checkpoint of the 3-epoch run. COMETINHO and

COMETKIWINHO-2.6EPOCHS were trained mainly on the same data. However, we can achieve on av-
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Metric # Params seconds zh-en en-de en-ru avg.

COMETINHO 119M 6.79 0.262 0.343 0.330 0.303

" | COMETKIWINHO-2.6EPOCHS 280M 3.19 0.322 0.297 0.366 0.327
COMETINHO 119M 6.79 0.355 0.453 0.441 0.405

P COMETKIWINHO-2.6EPOCHS 280M 3.19 0.434 0.396 0.485 0.438

Table 4.6: Kendall’s Tau (7) and Spearman (p) correlation on high resource language pairs using MQM scores from
the WMT 2022 Metrics Task News test set. "seconds” is the amount of time taken at inference in seconds
per 1000 sentences.

erage 8% better performance on both Kendall's Tau and Spearman correlation. What introduces a big

performance difference are two main changes to the architecture:

* A new pre-trained encoder (infoXLM) that has better performance than the one used in COMET-
INHO, which was a distilled version of XLM-R. Even though the new encoder makes the COMETKI-
WINHO-2.6EPOCHS model 2.35 times larger, given that the new version is reference-free, as ex-
plained in Section 3.2, there is no need to encode an extra sentence, and thus the model is able
to be 2.1 times faster still.

+ COMETINHO was trained on labels produced by an ensemble of 5 COMET models trained in 2021
[Glushkova et al., 2021], which had significantly lower performance than COMETKIWI-XL, which is

the teacher of COMETKIWINHO-2.6EPOCHS.

We then ask the research question of how many times more data is needed to train a student on teacher
labels to achieve the same accuracy as a model trained using DA scores. We perform the first experi-
ment by training the same architecture on two different datasets. COMETKIWINHO-DAS model uses the
same DA scores COMETKIWI-XL was trained on. The model COMETKIWINHO-5%-XL-1EPOCH uses
5% of the dataset used to train COMETINHO but scored by COMETKIwWI-XL. In Table 4.7, we show that a
smaller amount of data scored by COMETKIWI-XL, 22% fewer data than the corpus scored using DAs,
can result in similar performance levels on average, 2.3% more in Kendall’s Tau score and 1% less

Spearman correlation score.

Metric tuples  zh-en en-de en-ru avg.

COMETKIWINHO-DAS 3.77M  0.306 0.262 0.331 0.301
7 | COMETKIWINHO-5%-XL-1EPOCH 2.93M 0.307 0.279 0.339 0.308
COMETKIWINHO-2.6EPOCHS 105.48M 0.322 0.297 0.366 0.327

COMETKIWINHO-DAS 3.77M 0411 0.352 0.444 0.404
p | COMETKIWINHO-5%-XL-1EPOCH  2.93M  0.405 0.352 0.439 0.400
COMETKIWINHO-2.6EPOCHS 105.48M 0.434 0.396 0.485 0.438

Table 4.7: Kendall’s Tau (7) and Spearman (p) correlation on high resource language pairs using MQM scores from
the WMT 2022 Metrics Task News test set.

To better conclude this fact, we distilled the model three times, up to 24%, 59%, and 200% (2

epochs) of the full distillation dataset. All training runs had similar behaviors, indicating consistently
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better Kendall’s Tau correlation than COMETKIWINHO-DAS at 3.2 million tuples, as seen in Figure 4.1,
which is 15% fewer data than the data used to train COMETKIWINHO-DAS. This surprising fact is re-
lated to another research question we explore further in this chapter: Can labels from sulfficiently good

teachers be better than humans for fine-tuning?

Accuracy evolution during training
034 UL T

0.32 |-

0.3

0.28 -
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10° 108 107 108
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Figure 4.1: In gray are represented two training runs that were not complete, and in black a training run of 2 epochs.

4.2.3 Fine Tuning

To apply fine-tuning to our model, we first determine the label that should be used. As explained in
Chapter 3, we performed a grid search on a hyper-parameter )\ created to fine-tune a not completely
distilled model. The results in Table 4.8 show that a larger A, meaning more weight to COMETKIwI-XL
was beneficial during the entire training period. Each column shows Kendall’s Tau correlation of the
model up to the number of training steps shown in the header row.

These results can be explained by the fact that automatic metrics based on pre-trained embeddings,
such as COMETKIWI-XL, can outperform WMT DA scores when correlated to MQM annotations made by
professional translators with access to full document context [Freitag et al., 2021]. Since WMT scores
are generated using crowd-sourced annotators with minimal training and DA scores are much more
flexible than MQM scores, which results in fairly noisy scores even after statistical methods are put in
place to mitigate them.

It is also noted from this experiment that the accuracy of the model decreases at first while doing
fine-tuning but then increases again. This performance drop is more noticeable when fine-tuning uses
DA scores instead of COMETKIWI-XL labels, which can be explained by the fact that the model was
distilled using the latter, so it is already used for these labels.

We then verified the same behavior on a fully distilled model and fine-tuned it for an entire epoch with

44



A 2947 5894 8841 11788 14735 avg.

0 0,312 0,303 0,306 0,305 0,308 0,307
0.1 | 0,314 0,309 0,310 0,310 0,314 0,311
0.2 | 0,315 0,310 0,312 0,312 0,316 0,313
0.3 | 0,315 0,311 0,313 0,313 0,317 0,314
04 | 0315 0,312 0,313 0,314 0,318 0,314
0.5 | 0315 0312 0,314 0,314 0,319 0,315
0.6 |0315 0313 0,314 0,314 0,319 0,315
0.7 | 0,315 0,313 0,315 0,315 0,319 0,315
0.8 | 0315 0,313 0,315 0,315 0,319 0,315
0.9 | 0315 0,313 0,315 0,315 0,319 0,316
1 0,315 0,313 0,315 0,315 0,320 0,316
avg. | 0,315 0,311 0,313 0,313 0,317 0,314

Table 4.8: Kendall’s Tau correlation on high resource language pairs using MQM scores from the WMT 2022 Metrics
Task News test set.

only DA scores and with only COMETKIWI-XL scores. The results in Table 4.9 confirmed the previous
observation. The model fine-tuned on COMETKIWI-XL scores are consistently better in all language

pairs and are on average 3% better in Kendall's Tau and Spearman correlation.

Metric zh-en en-de en-ru avg.
COMETKIWINHO-FINE-TUNED-DAS 0.308 0.278 0.354 0.312

" | COMETKIWINHO-FINE-TUNED-COMETKIWI-XL 0.318 0.292 0.361 0.323
COMETKIWINHO-FINE-TUNED-DAS 0.416 0.371 0.472 0.419

P | COMETKIWINHO-FINE-TUNED-COMETKIWI-XL 0.429 0.389 0.480 0.432

Table 4.9: Kendall’s Tau (7) and Spearman (p) correlation on high resource language pairs using MQM scores from
the WMT 2022 Metrics Task News test set.

As in the experiment in Table 4.8, the performance declined initially in both fine-tunings and then
increased, as shown in Figure 4.2. This effect is more prominent for the model fine-tuned with DA
scores.

Since the Kendall Tau score was not reaching a plateau at 1 epoch, we then fine-tuned the model for
3 entire epochs, increasing the performance by 10 Kendall’s Tau points, as shown in Figure 4.3.

Finally, we compare this last experiment that results in our final model, dubbed COMETKIWINHO, with
the work previously done on COMETINHO [Rei et al., 2022a]. As shown in Table 4.10, COMETKIWINHO
has more 27 Kendall’'s Tau points and 36 Spearman points than COMETINHO, which translates to ap-
proximately 9% improvement in both Kendall's Tau and Spearman correlations. When compared to the
state-of-the-art at the start of the thesis, COMETKIWINHO is only 3% less performant than COMETKIWI-
22 in both Kendall's Tau and Spearman correlations while being 2 times smaller and 1.6 times faster.

We should also highlight that across all experiments, the English—German language pair was the
least performing language pair, and even COMETINHO is better than COMETKIWI-22 in this specific

language pair. This is mostly due to the composition of the corpora used to train the pre-encoders of
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Figure 4.2: In gray is represented fine-tuning with direct assessments and in black with COMETKIwI-XL labels.
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Figure 4.3: Fine tuning for with COMETKIWI-XL labels for 3 entire epochs.

COMETINHO and COMETKIWI-22. COMETINHO uses XLM-R, which has a more balanced corpus with
12.6% English, 2.6% German, and 70.3% of tuples from languages not used in our test set. While
COMETKIWI-22 uses infoXLM-L, which is more skewed to English with 35.2% of tuples, followed by
German with 4.8% and other languages not in the test set with only 43.1%. Although the percentage
of German is higher in infoXLM-L, the fact that the pre-trained encoder is less exposed to other lan-
guages and overly exposed to English can be a reason for the difference in the specific language pair
English—German.

When looking at the performance gap between COMETINHO and the state-of-the-art COMETKIWI-22,
we see a difference of 38 Kendall's Tau points and 49 Spearman points. We were able to bridge 71%

and 73% of those gaps, respectively. In the next chapter, we summarize the conclusions of this work and
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propose future work to better close this gap with new state-of-the-art models such as COMETKIwI-XL
and COMETKIwI-XXL.

Metric # Params seconds zh-en en-de en-ru avg.
COMETINHO 119M 6.79 0.262 0.343 0.330 0.303

7 | COMETKIWINHO 280M 3.19 0.322 0.303 0.370 0.330
COMETKIWI-22 565M 5.02 0.326 0.308 0.401 0.341
COMETINHO 119M 6.79 0.355 0.453 0.441 0.405

p | COMETKIWINHO 280M 3.19 0.434 0.403 0.491 0.441
COMETKIWI-22 565M 5.02 0.437 0.409 0.528 0.454

Table 4.10: Kendall's Tau (r) and Spearman (p) correlation on high resource language pairs using MQM scores
from the WMT 2022 Metrics Task News test set. "seconds” is the amount of time taken at inference in
seconds per 1000 sentences.
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5.1 Conclusions

In this work, our main contribution was the development of a reference-free COMETINHO-like model. The
goal was to achieve a model with the best possible trade-off between efficiency and performance. We
started with our previous work on COMETINHO as a baseline, focused on knowledge distillation as the
primary method for model compression, and further improved our results through fine-tuning. To achieve
better results, we leveraged recent developments that led to the availability of larger evaluation models
to use as teachers. We use COMETKIWI-XL and a similar training set used in COMETINHO, and that
alone yielded already surprising results without the need to use the reference to perform the evaluation,
making the model faster, which allows the use of larger and thus more powerful pre-trained encoders
and still be faster than the previous COMETINHO model.

We then introduced ways to further improve the quality of the model by fine-tuning it on a smaller
dataset that was labeled with DAs and found that these labels were less helpful to learning MQM an-
notations than the labels of the teacher model on the same dataset. The final distilled and fine-tuned
result was a model that bridges the performance gap between lighter metrics (COMETINHO) and state-
of-the-art metrics (COMETKIWI-22), unlocking potential new applications that were less feasible without

this new model.

5.2 Future Work

A primary avenue for future work is to further study techniques to perform model compression better:

+ Applying knowledge distillation with computationally more expensive methods such as self-attention
distillation [Wang et al., 2020];

» Using even smaller models as pre-trained encoders, such as the MINILM [Wang et al., 2020];

» Apply other model compression techniques pre and post-knowledge distillation, such as quantization-
aware training and pruning attention heads of the transformer-based pre-trained encoder or dy-

namically pruning layers;
» Curate a better training set for knowledge distillation using data pruning [Sorscher et al., 2022].

Finally, we can further investigate the performance and robustness of our new model in more domains
and in different use cases, such as N-best reranking or inference in CPU and other hardware-restricted

use cases.
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