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ABSTRACT

Multi-domain adaptation in Neural Machine Translation (NMT) is crucial for ensuring
high-quality translations across diverse domains. Traditional fine-tuning approaches,
while effective, become impractical as the number of domains increases, leading to
high computational costs, space complexity, and catastrophic forgetting. Knowledge
Distillation (KD) offers a scalable alternative by training a compact model using dis-
tilled data from a larger teacher model. However, we hypothesize that sequence-level
KD primarily distills the decoder while neglecting encoder knowledge transfer, result-
ing in suboptimal adaptation and generalization, particularly in low-resource language
settings where both data and computational resources are constrained.

To address this, we propose an improved sequence-level distillation framework
enhanced with encoder alignment using cosine similarity-based loss. Our approach
ensures that the student model captures both encoder and decoder knowledge, miti-
gating the limitations of conventional KD. We evaluate our method on multi-domain
German-English translation under simulated low-resource conditions and further ex-
tend the evaluation to a bona fide low-resource language, demonstrating the method’s
robustness across diverse data conditions.

Results demonstrate that our proposed encoder-aligned student model can even
outperform its larger teacher models, achieving strong generalization across domains.
Additionally, our method enables efficient domain adaptation when fine-tuned on new
domains, surpassing existing KD-based approaches. These findings establish encoder
alignment as a crucial component for effective knowledge transfer in multi-domain
NMT, with significant implications for scalable and resource-efficient domain adapta-
tion.

Keywords: Neural Machine Translation, Knowledge Distillation, Multi-Domain Adaptation,

Low-Resource Languages, Encoder Alignment, Sequence-Level Distillation
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CHAPTER 1
INTRODUCTION

"Nothing in life is to be feared; it is only to be understood."

— Marie Curie

1.1 Background and Motivation

Globalization continues to drive the demand for cross-lingual communication; to this
end, Machine Translation (MT) has emerged as a key enabling technology, facilitat-
ing effective communication and collaboration across linguistic barriers. MT systems
have undergone a technological renaissance in the past decade, marked by a shift from
Statistical Machine Translation (SMT) [1, 2] to Neural Machine Translation (NMT)
[3, 4]. This transition can be attributed to two key innovations in NMT: the introduc-
tion of the attention mechanism for encoder-decoder models [5], and the development
of a new model architecture, Transformers, with attention mechanisms at its core [6].

Although NMT has significantly outperformed SMT in machine translation tasks [7],
it is typically data-hungry and tends to perform poorly under data-poor conditions [8].
This limitation poses a substantial challenge for Low Resource Languages (LRL) .
We adopt the threshold proposed by Ranathunga et al. [9], who classify a language
as low resource if the available parallel data comprises fewer than 0.5 Million (M)
sentence pairs. Given the severity and prevalence of this problem, addressing NMT
for LRL has become an extensively studied research direction within MT [3, 10, 11].
This challenge becomes even more pronounced when domain adaptation is required
for NMT systems trained on LRL.

Domain-specific NMT systems are in high demand because general-purpose NMT
systems often have limited applicability in specialized contexts [12, 13]. This limita-
tion is primarily due to significant lexical and stylistic differences across domains. For
instance, an NMT system trained to perform very well in the legal domain might fail
to maintain translation quality when translating biomedical documents. Such domain-
specific challenges become even more severe in low-resource scenarios, where limited
parallel data further constrains the performance of NMT systems [14].

Domain adaptation in NMT has been extensively studied [13], but significant gaps
remain, particularly for low-resource languages [3]. A common approach involves
fine-tuning general-domain pre-trained models on specific target domains [15]. While
effective, this approach becomes cumbersome as the number of domains increases, re-
quiring separate models for each domain. This not only increases the space complexity



of the Machine Translation (MT) system but also incurs higher maintenance and sys-
tem costs. Moreover, it fails to exploit the shared information inherent across domains,
limiting its efficiency [16].

To address these challenges, researchers have increasingly focused on developing a
single model capable of handling multiple domains [16—19]. One promising direction
is Knowledge Distillation (KD) [20], where domain-specific teacher models (expert
models), typically deep neural networks, generate distilled target-side data for each
domain. Currey et al. [16] demonstrated that a student model, usually a shallower
neural network, can be trained on a mixture of the original and distilled data, effec-
tively capturing domain knowledge in a compact form. This data-centric approach
not only reduces the need for maintaining multiple models but also leverages domain
similarities, making it both effective and easy to adopt. However, KD-based domain
adaptation methods face limitations in low-resource languages, as training effective
domain-specific teacher models becomes increasingly challenging due to insufficient
data.

Existing KD approaches predominantly rely on sequence-level distillation [21],
emphasizing decoder knowledge transfer while often neglecting the encoder compo-
nent. Consequently, the limited transfer of encoder knowledge may hinder the ability
of student models to effectively capture domain-specific nuances, crucial for accurate
translation across domains. This motivates the need for improved techniques that ad-
dress encoder-level knowledge transfer to enhance adaptability and generalization in
low-resource, multi-domain scenarios.

1.2 Research Problem

Designing multi-domain NMT systems that perform robustly across multiple domains
remains challenging, particularly in low-resource settings characterized by both lim-
ited training data and constrained computational resources [3, 15]. Existing approaches
typically involve fine-tuning separate domain-specific models, which quickly becomes
impractical and inefficient as the number of domains grows, due to increased com-
putational overhead and storage demands [15]. Although KD provides a promising
direction by leveraging domain similarities to train compact student models [16, 20],
its effectiveness under low-resource and compute-poor scenarios is less understood,
particularly concerning the adequate transfer of encoder-level knowledge.

Thus, the core research problem addressed in this thesis is: How can we design
a multi-domain NMT system for low-resource languages that scales efficiently to new
domains while maintaining minimal or no degradation in performance across existing
domains, within the practical constraints of limited data and compute-poor environ-
ments?

This research is motivated by the need to overcome limitations of existing knowl-



edge distillation methods in such settings, where ensuring both adaptability and gen-
eralization across multiple domains remains a significant challenge, particularly when
encoder knowledge transfer is insufficiently addressed.

1.3 Research Objectives
The primary objectives of this research are as follows:

1. To investigate the limitations of sequence-level KD in NMT, particularly its
impact on encoder knowledge transfer in low-resource settings.
Traditional sequence-level KD has been widely used for model compression and
domain adaptation in NMT. However, prior studies primarily focus on its ef-
fectiveness in improving the decoder, with little emphasis on its influence on
encoder representations. In low-resource settings, where data scarcity amplifies
knowledge transfer challenges, it is crucial to assess whether existing distillation
methods efficiently capture and transfer domain-invariant encoder representa-
tions. This objective seeks to empirically analyze the extent to which sequence-
level KD primarily benefits the decoder, while neglecting encoder alignment,
leading to suboptimal generalization across domains.

2. To design and assess an encoder-alignment strategy to enhance knowledge
transfer between teacher and student models for improved multi-domain
generalization in NMT.

Given the limitations of conventional KD approaches, this research proposes
an encoder-aware KD method that explicitly aligns the encoder representations
between teacher and student models. The proposed method will be evaluated
against traditional sequence-level KD to assess its effectiveness in improving
encoder representation learning and its impact on both in-domain and out-of-
domain translation performance.

3. To assess the effectiveness of the proposed encoder-aligned distillation ap-
proach in both in-domain and out-of-domain scenarios, demonstrating its
applicability in real-world low-resource and compute-constrained environ-
ments.

The practicality of any domain adaptation method depends not only on theo-
retical improvements but also on its real-world applicability. This objective fo-
cuses on systematically evaluating the proposed approach using a realistic low-
resource setup, where both parallel data and computational resources are con-
strained. The research will measure performance gains in in-domain adaptation
as well as generalization to unseen domains, validating whether the proposed



method can serve as a scalable, resource-efficient solution for multi-domain
NMT.

1.4 Contributions

The main contributions of this thesis are as follows:

1.5

. We empirically investigate the hypothesis that sequence-level KD primarily trans-

fers decoder knowledge, and find that it provides limited support for encoder
knowledge transfer, particularly in low-resource settings.

. We propose an encoder-alignment method that uses cosine similarity between

teacher and student encoder representations to encourage the transfer of domain-
invariant knowledge and improve generalization.

. We show that our encoder-aligned distillation method performs consistently bet-

ter than standard sequence-level KD and other data-centric baselines, across both
in-domain and out-of-domain evaluations.

. We evaluate our method in a practical low-resource scenario with limited parallel

data (50K sentences) and constrained computational resources, demonstrating
its applicability in compute-poor environments.

. We extend our evaluation to a bona fide low-resource language, English—Sinhala,

and find that encoder alignment continues to be beneficial. Our results also
suggest that the optimal strength of alignment is dependent on the dataset.

Publications

Surangika Ranathunga, Nisansa de Silva, Menan Velayuthan, Aloka Fernando,
Charitha Rathnayake

— “Quality Does Matter: A Detailed Look at the Quality and Utility of Web-
Mined Parallel Corpora”

— EACL 2024 — The 18th Conference of the European Chapter of the Associ-
ation for Computational Linguistics, Malta, March 17-22, 2024 (h5-index:
56)

— Published and available online: link

— Award: Best Low Resource Paper Award


https://aclanthology.org/2024.eacl-long.52/

* Menan Velayuthan, Dilith Jayakody, Nisansa de Silva, Aloka Fernando, Surangika
Ranathunga

— “Back to the Stats: Rescuing Low Resource Neural Machine Translation
with Statistical Methods”

— WMT 2024 — Ninth Conference on Machine Translation, Miami, Florida,
USA, November 15-16, 2024 (h5-index: 45)

— Published and available online: link
* Menan Velayuthan, Surangika Ranathunga, Nisansa de Silva
— “Encoder-Aware Sequence-Level Knowledge Distillation for Low-Resource

Neural Machine Translation”

— Accepted at LoResMT 2025 — The Eighth Workshop on Technologies for
Machine Translation of Low-Resource Languages at NAACL 2025

1.6 Other Contributions

* Successfully conducted “Sequence to Sequence Learning: Hands-on Tuto-
rial” at MERCon 2023, together with Dr. Uthaya, Dr. Nisansa, and Sritharan
Braveenan.

[ GitHub ]

* Successfully conducted the following sessions for Dr. Nisansa’s research group:

— Distilling the Knowledge in a Neural Network [ YouTube | GitHub ]
— Graph Neural Networks - Part 1 [ YouTube | GitHub ]
— Understanding Low-Rank Adapters [ YouTube | GitHub ]
* Conducted a TED Talk at IESL on "How To Act Data Rich In A Data Poor

Country Borrow from Your Rich neighbor?" discussing the utility of Transfer
learning and Finetuning in Al in data poor scenario.

1.7 Thesis Structure

This thesis is organized into six chapters, each addressing different aspects of our re-
search on KD for low-resource multi-domain NMT. Below is a brief overview of each
chapter:


https://aclanthology.org/2024.wmt-1.87/
https://github.com/Seq2Success/Seq2Seq-Mercon_workshop-Part2
https://www.youtube.com/watch?v=O69pUahcUpw
https://github.com/vmenan/knowledge-distillation
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https://www.youtube.com/watch?v=q4nTRmmReP8
https://github.com/vmenan/lora_group_discussion

* Chapter 1: Introduction
This chapter introduces the motivation and background of the research, high-
lighting the challenges of multi-domain adaptation in NMT, particularly in low-
resource and compute-constrained settings. We define the research problem,
outline the primary objectives, and summarize the key contributions of this the-
sis. Additionally, we present our relevant publications.

* Chapter 2: Literature Review
This chapter provides a comprehensive review of prior work in NMT, domain
adaptation, and KD. We examine the evolution of NMT architectures, discuss
key domain adaptation techniques, and analyze the strengths and limitations of
KD in machine translation. The chapter concludes by identifying critical gaps
in existing research, motivating our proposed approach.

* Chapter 3: Methodology

This chapter details the proposed encoder-aligned sequence-level distillation
method. We first present the hypothesis that standard sequence-level distillation
predominantly transfers decoder knowledge, leading to suboptimal encoder rep-
resentations. To address this, we introduce a novel encoder alignment strategy
using cosine similarity. We provide a step-by-step explanation of our approach,
including the training process, loss formulation, and justification for key design
choices.

* Chapter 4: Experimental Setup
This chapter outlines the experimental framework used to evaluate our proposed
method. We describe the hardware and software configurations, the datasets
used, and the training and inference setups. We also detail the specific model
configurations and hyperparameters employed in our experiments. This chapter
ensures transparency and reproducibility of our research.

* Chapter 5: Results and Discussion

This chapter presents and analyzes the experimental results. We begin by dis-
cussing the limitations of our initial contrastive encoder alignment approach,
which used multiple domain-specific teacher models. Based on these insights,
we motivate the transition to our final encoder-aligned distillation method. We
then evaluate different values of the encoder alignment factor («) to determine
the optimal setting. The chapter is organized into two main stages: (i) multi-
domain translation and generalization to unseen domains, and (ii) domain adap-
tation through fine-tuning on new domains. Finally, we extend our evaluation
to a real low-resource language (English—Sinhala) to study the robustness and
applicability of our method in more challenging data-scarce conditions.



* Chapter 6: Conclusion
This chapter summarizes the key contributions of our work and discusses the
broader implications of our findings. We highlight how our method enhances
domain adaptation in low-resource NMT and propose potential directions for
future research, including scalability to more domains, alternative alignment
techniques, and application to other language pairs.



CHAPTER 2
LITERATURE REVIEW

2.1 Overview

NMT has evolved significantly with Transformer-based architectures replacing earlier
Recurrent Neural Network-based models due to their superior efficiency and ability
to model long-range dependencies. However, domain adaptation in NMT remains a
challenge, particularly for low-resource languages, where data scarcity and compu-
tational constraints hinder performance. Traditional fine-tuning approaches struggle
with scalability and catastrophic forgetting, while multi-domain adaptation techniques
attempt to mitigate these issues [22, 23]. KD, particularly sequence-level distillation,
has emerged as a promising method for transferring knowledge from large models to
smaller, more efficient ones. While KD has shown effectiveness in multi-domain NMT,
existing approaches primarily focus on high-resource settings and remain largely data-
centric, neglecting encoder knowledge transfer. This chapter explores key NMT ar-
chitectures, domain adaptation strategies, and KD techniques, identifying gaps that
motivate our proposed enhancements to sequence-level distillation for low-resource
and compute-constrained scenarios.

2.2 Neural Machine Translation (NMT)

2.2.1 An Overview of NMT

NMT is a sequence-to-sequence modeling task where the objective is to translate a
sentence from a source language into a target language using neural network architec-
tures [7, 24, 25]. Formally, given a source-language sentence X = (1,2, ...,Zr,),

the goal of NMT is to produce a corresponding target-language sentence Y = (y1, ¥, . . -

by modeling the conditional probability:

Ty

PY|X;0) = [[ P(wily<t. X;0), 2.1)

t=1
where 6 represents the trainable parameters of the NMT model.
The earliest successful NMT systems employed RNNs, particularly LSTM or GRU,
within an encoder-decoder framework [7, 26]. The encoder processes the source sen-
tence into a hidden representation h:

ht = fenc($t7 h’t71>7 (22)

where f.,. is the encoder function (typically an RNN cell). The decoder then

) yTy)



generates the target sentence word-by-word, conditioned on previous target words and
the encoder representation:

St = fdec(ytfla St—1, Ct), (2.3)

where f;.. is the decoder function, and ¢; is a context vector derived from encoder
states, typically using an attention mechanism:

Ty
= ayh, (24)
i=1
where attention weights o, ; are computed as:
exp(er;)
Oét,i = Ty . ) (25)
Zj:l exp(er;)

with the alignment scores e, ; often computed using feed-forward neural networks [24].

Despite early successes, RNN-based NMT faced challenges in modeling long-
range dependencies and suffered from sequential computation bottlenecks. These is-
sues were addressed by the Transformer architecture, which replaced recurrent compu-
tations with multi-head self-attention mechanisms [25]. The self-attention mechanism
computes the attention between queries (), keys (K), and values (V):

Attention(Q, K, V') = softmax (Q—KT) V. (2.6)
Y 7 \/d_k ) *

where d;, is the dimensionality of the key vectors. Multi-head attention allows the
model to jointly attend to information from different representation subspaces.

2.2.2 Common Architectures in NMT

RNN-based NMT Architectures: Early NMT systems predominantly used Recurrent
Neural Networks (RNN) [27] as the backbone for sequence-to-sequence modeling. In
these architectures, an encoder RNN, typically a Long Short-Term Memory (LSTM)

[28] or a Gated Recurrent Unit (GRU) [29], processes the source sentence word-
by-word into a fixed-length vector, and a decoder RNN generates the target sentence
sequentially [30]. The introduction of the attention mechanism [24] significantly im-
proved this model by allowing the decoder to dynamically focus on encoder hidden
states at each decoding step, alleviating the bottleneck of compressing all information
into a single vector [31]. This attention-based encoder—decoder framework, known as
Recurrent Networks for Neural Machine Translation (RNMT) , quickly became the
de-facto standard for NMT and was adopted in large-scale commercial systems such
as Google’s GNMT due to its superior translation quality. However, RNN-based ap-
proaches faced inherent limitations, particularly regarding parallelization and the mod-



eling of long-range dependencies. By the late 2010s, these models were progressively
replaced by convolutional and self-attention-based Transformer architectures [25, 31].

Transformer-based NMT Architectures: Transformers revolutionized machine trans-
lation by replacing recurrent computations entirely with self-attention mechanisms,
enabling parallel computation and effectively capturing long-range dependencies. The
Transformer model consists of stacked encoder-decoder layers, each employing multi-
head self-attention and position-wise feed-forward networks [25]. This design removes
the sequential bottlenecks inherent in RNN-based models, resulting in faster train-
ing times and improved contextual representation capabilities [32]. Unlike RNNs,
where information propagates sequentially, self-attention allows direct interactions
among all tokens in a sequence, significantly reducing the effective distance between
words [33]. Additionally, Transformers utilize positional encodings to embed word-
order information without relying on recurrence [34]. Recent advancements have opti-
mized the Transformer architecture by dynamically pruning redundant attention heads,
thereby improving computational efficiency without compromising translation perfor-
mance [35]. Due to their scalability and superior effectiveness, Transformers have
emerged as the dominant architecture in modern NMT, substantially outperforming
previous RNN-based approaches [36].

Pretrained Models for NMT: Recent advancements in NMT have been largely driven
by pretrained multilingual models, such as NLLB-200 [37], M2M-100 [38], mT5 [39],
and mBART [40], which enable translation across a wide range of languages, including
low-resource ones. NLLB-200, introduced to improve low-resource language transla-
tion, employs a conditional compute model with a sparse Mixture-of-Experts (MoE)
architecture and extensive multilingual data mining, yielding superior performance
across numerous translation directions [37]. Similarly, M2M-100 was developed to en-
able truly Many-to-Many translation without relying on English as an intermediary lan-
guage, a deficiency in earlier approaches that often led to English-centric biases [38].
Meanwhile, mBART, a sequence-to-sequence denoising autoencoder, demonstrated
significant improvements in multilingual translation through large-scale monolingual
corpora and multilingual fine-tuning, particularly benefiting low-resource language
adaptation [40]. mT5, a multilingual extension of the TS5 text-to-text transfer trans-
former, exhibited robust performance across NLP benchmarks, including the ability
to generalize to unseen languages, though challenges in typologically diverse low-
resource contexts persist [39]. While pretrained models have significantly enhanced
translation quality, they still face limitations such as multilingual interference, data
scarcity-induced degradation, and representational imbalance, particularly for under-
represented languages [41-43]. Recent approaches, including typology-aware transfer
learning [44], domain adaptation [45], and lightweight model distillation [46], seek to

10



further refine low-resource language capabilities, addressing some of these persistent
challenges.

2.3 Domain Adaptation for NMT

2.3.1 An Overview of Domain Adaptation

Catastrophic forgetting [22, 47], the degradation of model performance on previous
tasks when continually trained on new tasks, remains a significant challenge in domain
adaptation for NMT. A straightforward yet effective approach to address this issue was
demonstrated by Chu et al. [22] and Liang et al. [48], where models are re-trained from
scratch using data from all available domains. While this method can become imprac-
tical as the number of domains grows—since it requires all domain-specific data to be
accessible simultaneously—it remains feasible in low-resource scenarios, where each
domain typically has a relatively small dataset. However, adapting NMT systems to
only a single domain is often inadequate for real-world applications requiring multi-
domain capabilities. Maintaining separate expert systems for each domain quickly
becomes prohibitively expensive and inefficient as the number of domains grows. Con-
sequently, multi-domain NMT systems provide a more scalable and practical alterna-
tive [19, 49, 50].

Approaches to domain adaptation in NMT are broadly categorized into two main
types: (i) data-centric methods, which primarily leverage modifications or augmenta-
tion of training data to enhance domain adaptability [16, 21, 51, 52]; and (ii) model-
centric methods, which involve direct modifications to model architectures or adjust-
ments to training processes [53-56]. In this thesis, we adopt a hybrid approach that
combines elements of both strategies. Specifically, we build upon successful data-
centric distillation methods introduced by Currey et al. [16], while introducing tar-
geted modifications to the training procedure through our encoder-alignment strategy,
effectively merging data-driven and model-centric paradigms.

2.3.2 Challenges in Domain Adaptation
2.3.2.1 Data Scarcity and Domain Shifts

NMT systems excel when ample in-domain parallel data is available, but performance
drops sharply for texts from a new domain with distinct vocabulary or style [13, 14].
In real-world scenarios, high-quality domain-specific parallel corpora are often scarce
or nonexistent [15]. As a result, a model trained on one domain (e.g. news text)
struggles to translate another domain (e.g. biomedical literature) accurately due to dis-
tributional differences (terminology, syntax, formality) between domains [14]. This
domain shift problem means that words may take on different translations or meanings
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in different contexts, and generic NMT models lack exposure to these domain-specific
usages. The limited availability of in-domain bilingual data exacerbates the issue,
since data scarcity hampers the model’s ability to learn the target domain’s language
patterns. Researchers therefore leverage out-of-domain data and monolingual corpora
to compensate [15]—for example, using large general parallel corpora as a founda-
tion and synthetic in-domain data (via back-translation of monolingual texts [15] to
inject domain-specific terminology). Despite such efforts, the fundamental challenge
remains: insufficient in-domain examples and significant domain mismatches lead to
poor generalization of NMT systems on new domains [13]. Overcoming data scarcity
(often by data augmentation or transfer learning) and bridging the domain gap are cen-
tral goals of domain adaptation techniques.

2.3.2.2 Catastrophic Forgetting When Adapting Models

Adapting an NMT model to a new domain via fine-tuning can introduce the problem
of catastrophic forgetting, where gains on the target domain come at the expense of
dramatic losses in performance on the original domain [57]. In other words, the model
“forgets” previously learned translation knowledge that is not reinforced by the new
domain’s small dataset. This phenomenon has been widely observed in NMT domain
adaptation [58]. Fine-tuning on limited in-domain data tends to over-specialize the
model to that domain’s distribution, erasing some of the general-domain capability ac-
quired during initial training. The result is a domain-adapted model that translates in-
domain sentences well but performs poorly on out-of-domain sentences it used to han-
dle correctly [57]. Such forgetting is especially problematic if the system is expected
to retain broad coverage (for example, an online translator that must handle multiple
topics). Mitigating catastrophic forgetting is an active research focus: approaches in-
clude regularization strategies (e.g. L, regularization or dropout during fine-tuning) to
constrain parameter updates [15], and Elastic Weight Consolidation (EWC) [59, 60]
or KD [20] methods to preserve the original model’s knowledge [15, 57]. Another
strategy is to mix a portion of general-domain data into the fine-tuning process (mixed
fine-tuning) so that the model retains proficiency on the base domain while adapt-
ing [15]. Overall, preventing the model from forgetting earlier competencies when
adapting to new domains remains a key challenge, closely tied to the trade-off between
specialization and generalization in NMT.

2.3.2.3 Effective Transfer Learning Techniques

Identifying effective transfer learning techniques for domain adaptation is challenging,
as NMT models can be adapted in numerous ways and each comes with trade-offs.
The simplest and most common approach is fine-tuning: taking a model trained on
a large out-of-domain corpus and continuing training on the smaller in-domain cor-
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pus [22]. Fine-tuning often yields quick gains on the target domain, but as noted, it
can overfit to the new data or cause forgetting of the original domain. To address these
issues, various enhanced techniques have been proposed. One line of work focuses
on data-centric methods: for example, data selection or instance weighting where out-
of-domain sentence pairs that are most relevant to the target domain are weighted or
chosen to aid adaptation [15]. This ensures the model learns more from sentences
similar to the in-domain style. Another approach is generating synthetic parallel data
using in-domain monolingual text (through back-translation), effectively augmenting
the scarce parallel data [61, 62]. On the model side, researchers explore multi-domain
training and architectural tweaks. Mixed fine-tuning, which intermixes in-domain and
out-of-domain data during training, has shown success in improving in-domain perfor-
mance without sacrificing out-of-domain quality [22, 23]. There are also techniques
like adding domain tags or domain-specific tokens to inputs so that a single model can
handle multiple domains by conditioning on the domain label [15, 63, 64]. Adversarial
training with a domain discriminator is another method: the NMT encoder is trained to
produce representations that a domain classifier cannot easily distinguish (forcing the
model to learn domain-invariant features) [65]. Furthermore, ensemble or multi-model
methods can be used — e.g., combining a general model and an in-domain model, or
using specialist models for each domain and switching between them. Each of these
transfer learning strategies comes with challenges: instance weighting and adversarial
methods add complexity to training, and multi-domain models may struggle to match
a dedicated model’s performance on any single domain. A survey of domain adapta-
tion techniques indicates that no single method dominates; often, the best results come
from a combination of techniques, such as mixing data augmentation with fine-tuning
and regularization [13]. The challenge for practitioners is to choose an adaptation
approach that effectively transfers knowledge from the general domain to the target
domain while minimizing overfitting and maintaining as much of the original model’s
capability as possible.

2.3.3 Multi-domain Adaptation Strategies

Multi-domain NMT adaptation has been addressed with a range of strategies in re-
cent years. One simple yet effective approach is to attach domain tags or special to-
kens to the input, allowing a single translation model to condition on the domain and
thereby produce domain-appropriate outputs [66]. Other methods allocate domain-
specific model components or parameters for each domain: for example, training
with domain-specific adapter layers or separate encoder/decoder modules that capture
domain-specific patterns while sharing common translation knowledge [67]. Some
works also employ multi-task learning signals such as auxiliary domain classifiers
or adversarial objectives to influence the encoder’s representations, encouraging the
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model to either distinguish between domains or learn domain-invariant features as
needed [68]. In addition, data-centric techniques like intelligent data selection and cur-
riculum learning have been explored: here the training data from different domains are
weighted or scheduled (from generic to specific) so that the model gradually focuses
on in-domain sentences, which has been shown to improve multi-domain performance
without sacrificing low-resource domains [69]. More recently, meta-learning has been
applied to NMT domain adaptation, where the idea is to “learn how to learn” new
domains — the model is trained on simulated domain-shift tasks so that it can quickly
adapt to an unseen target domain with only a small amount of in-domain data [70].

Each approach comes with distinct challenges and advantages when handling mul-
tiple domains. A fundamental issue is how to retain both general and domain-specific
translation quality across domains without catastrophic forgetting or interference (adapt-
ing to one domain hurting performance on others) [69]. Domain tagging offers sim-
plicity and a unified model; indeed, a single tag-conditioned NMT model can compare
favourably to dedicated per-domain models in translation quality [71]. However, tag-
based systems are inflexible in adding new domains and may not fully capture niche
domain terminology or style without additional adaptation — each new domain typ-
ically requires retraining the entire model [72]. Approaches that introduce domain-
specific parameters (e.g. adapters or specialized layers) help mitigate such trade-offs
by preserving distinctive domain information within a shared model, often yielding
higher accuracy on each domain. For instance, a word-level domain mixing model
with per-domain modules outperformed prior multi-domain NMT systems on several
benchmarks [67], and explicitly maximizing the mutual information between transla-
tions and domain labels was shown to further enhance domain specialization, pushing
a multi-domain model to state-of-the-art results on all domains [68]. Meanwhile, meta-
learning methods excel when in-domain data is scarce or domains are numerous: one
study reported that a meta-trained NMT model significantly outperformed standard
fine-tuning by about 2.5 BLEU with only a few hundred in-domain sentences [70]. Fi-
nally, dynamic curriculum learning and data weighting strategies can balance special-
ization and generalization, improving in-domain translation while maintaining strong
performance on other domains. Empirical findings suggest that no single technique
dominates universally; each method offers comparative benefits depending on the data
availability, number of domains, and whether rapid extensibility to new domains is
required.
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2.4 Knowledge Distillation in NMT

2.4.1 An Overview of Knowledge Distillation

KD, first introduced by Hinton [20], is a training paradigm in which knowledge from
a larger, more powerful teacher model is transferred to a smaller, compact student
model. The main objective of KD is to compress knowledge into more efficient archi-
tectures, making deployment feasible under resource-constrained conditions. KD has
demonstrated considerable success across various fields, notably computer vision and
natural language processing [20, 21, 73, 74].

The fundamental principle behind KD is that the student model learns to mimic
the predictive distribution of the teacher rather than relying exclusively on traditional
ground-truth labels. Formally, given the teacher model’s output distribution p’ and
the student model’s distribution p°, the distillation loss is typically defined via the
Kullback-Leibler (KL) divergence as follows:

Vi T(

T P (yilz; 7)
Lip = ;p (ylm) -log g s 2.7
where x is the input, y; is a token from the vocabulary V', and 7 is a temperature
parameter controlling the smoothness of probability distributions. Higher temperatures
produce softer probability distributions, facilitating better transfer of knowledge about
inter-class relationships [20].
Typically, KD employs a joint optimization objective combining the distillation

loss with a standard supervised loss, such as cross-entropy:

*Ctotal - (1 - a)£C’E + Oé»CKDa (28)

where L g represents the cross-entropy loss computed with respect to ground-truth
labels, and « balances the two loss components.

KD approaches can be broadly classified into three categories based on the form of
knowledge transferred: (i) response-based distillation, which leverages teacher predic-
tions [20]; (i1) feature-based distillation, aligning intermediate representations between
models [75]; and (iii) relation-based distillation, transferring relational information
among model layers or inputs [76, 77].

2.4.2 Knowledge Distillation for NMT

Extending KD to sequence-to-sequence tasks, such as NMT, poses specific challenges
due to the structured nature of sequence generation. To address this, Kim and Rush
[21] introduced sequence-level distillation, an adaptation of KD tailored explicitly for
sequence generation tasks [78]. Sequence-level distillation trains the student model
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to directly mimic the teacher-generated sequences, thereby capturing richer contextual
and structural knowledge essential for tasks such as translation.

Building upon this concept, Currey et al. [16] demonstrated that sequence-level
distillation could effectively support multi-domain adaptation in NMT. Their results
indicated that a single compact student model trained through KD could achieve su-
perior performance compared to multiple domain-specific teacher models. Further-
more, Liang et al. [17] investigated sequence-level distillation within continual learn-
ing frameworks [79], progressively expanding a translation model’s coverage across
domains. They found that sequence-level distillation effectively mitigated catastrophic
forgetting, enabling the model to retain knowledge from previously learned domains
while adapting efficiently to new domains.

However, prior research has not extensively explored the application of sequence-
level KD within resource-constrained settings, such as scenarios involving low-resource
languages or limited computational resources. Addressing this gap, our work specif-
ically targets the combined challenges of low-resource language data availability and
computational constraints, proposing KD-based strategies designed explicitly for these
demanding scenarios.

2.4.3 Sequence-Level Distillation

Sequence-level distillation extends the traditional KD framework to sequence-to-sequence
tasks like NMT. Unlike standard KD, which transfers knowledge via class probabilities
at the token level (response-based distillation), sequence-level distillation operates at
the sequence level by training the student model directly on teacher-generated outputs.
This approach, introduced by Kim and Rush [21], was designed to address challenges
unique to structured prediction tasks.

Formally, given an input sentence X = (xy,zs,...,2r,), a teacher model 7" gen-
erates a translated sentence:

VT = arg max P(Y'|X;07), (2.9)

where Y’ is a candidate sequence, 0 are the teacher model’s parameters, and yT
is the teacher-generated translation. The student model S, parameterized by 6g, is then
trained directly on the pairs (X, YT) using standard supervised learning objectives,
typically cross-entropy loss:

Ty

Lspq-kp = — Zlog Pyl |yt X;0s), (2.10)

t=1

where y! is the ¢-th token of the teacher-generated sequence YT, This contrasts
with token-level KD, which utilizes the soft target probabilities over the entire vocab-
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ulary at each token.

The key distinction between sequence-level distillation and conventional KD is
that the former captures sequence-level structural and contextual knowledge explicitly
by utilizing the teacher-generated sequences as hard targets. This explicit sequence
modeling approach better captures translation decisions, word ordering, and phrase-
level coherence, which are essential for sequence-generation tasks like NMT.

However, this method is predominantly data-centric: it does not explicitly encour-
age the alignment of internal representations or intermediate features between teacher
and student models. Instead, it enriches the dataset itself by augmenting original paral-
lel data with teacher-generated translations, effectively creating a new, distilled training
corpus. Thus, sequence-level distillation fundamentally differs from standard feature-
based or relation-based distillation approaches, as it operates exclusively by altering
the training data rather than the model architecture or training algorithm itself.

Due to its simplicity and effectiveness, sequence-level distillation has become a
popular choice for multi-domain adaptation and continual learning in NMT, primarily
because it easily leverages the teacher’s domain expertise without extensive modifica-
tion to the underlying student model architecture[16, 80, 81].

2.5 Embedding Aligment

2.5.1 Alignment Methods In Natural Language Processing (NLP)

Alignment methods in NLP span a range of distance or divergence measures, each with
pros and cons. Euclidean (L2) distance is a straightforward choice (e.g. minimizing
mean squared error between embedding vectors), but it is sensitive to vector magni-
tude and often underperforms without normalization [82]. Cross-entropy alignment
treats alignment as a classification problem — for instance, selecting the correct target
word or sentence among candidates — and has been used in contrastive frameworks
to align representations from parallel data [83]. This can yield strong fine-grained
alignment (as in matching translation pairs), but requires careful negative sampling
and can be brittle if the alignment signal is noisy. KL-divergence is another option for
aligning probability distributions (e.g. between an encoder’s output distribution and a
reference), commonly seen in teacher-student model distillation; however, it is asym-
metric and can be ineffective on its own (directly mimicking a teacher’s output via
KL often yields only limited gains) [84]. More recently, Wasserstein distance (optimal
transport) has attracted attention as it accounts for the geometry of the representation
space. Wasserstein-based alignment can align distributions with minimal overlap and
has shown high accuracy (even achieving state-of-the-art bilingual lexicon induction
in one OT-based approach) [85]. The downside is computational cost: solving optimal
transport for large vocabularies or high-dimensional features is expensive (scaling su-
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perlinearly with data size) [85], making methods like Sinkhorn or quantization-based
approximations necessary in practice. In summary, each alignment criterion balances
different trade-offs — Euclidean vs. cosine focus on vector space geometry, cross-
entropy and KL on probabilistic matching, Wasserstein on global distribution shape —
and their effectiveness can vary by task and data characteristics.

2.5.2 Cosine-based Alignment Methods

Cosine-based alignment has emerged as a superior choice for aligning neural encoder
representations, especially in bilingual and multilingual settings. Cosine similarity
ignores vector length and emphasizes direction, which better captures semantic equiv-
alence in high-dimensional spaces where embedding norms may vary [82]. Empiri-
cal studies in the last few years repeatedly show that maximizing cosine (or cosine-
derived measures) between aligned language representations leads to stronger align-
ment and transfer performance than alternative metrics. For example, aligning multi-
lingual BERT’s contextual embeddings by enhancing cosine-similarity of translation
pairs yields large gains in cross-lingual tasks — Cao et al. [86] report that after apply-
ing a cosine-based alignment procedure, zero-shot translation accuracy on XNLI for
some languages matched a fully supervised baseline [86]. In NMT, fine-tuning en-
coder outputs to increase cosine similarity between true source—target word pairs has
achieved state-of-the-art word alignment quality, outperforming traditional statistical
aligners by substantial margins [87]. These results echo a general finding that cosine-
oriented objectives produce better-aligned embeddings: replacing raw Euclidean loss
with a cosine-based criterion (or its improvements like RCSLS) significantly boosts
bilingual lexicon induction and cross-lingual embedding mapping accuracy [82]. In
essence, cosine alignment provides a robust, scale-invariant gauge of similarity that
aligns encoder spaces in a way that more faithfully reflects underlying semantic cor-
respondences, explaining why it is now prevalent in encoder alignment for NMT and
other NLP applications.

Cosine-based encoder alignment has emerged as a widely adopted method due to
its clear advantages over alternative alignment techniques. Unlike Euclidean distance,
which is sensitive to vector magnitude, cosine similarity effectively captures semantic
relationships by focusing on directional alignment in high-dimensional spaces. Com-
pared to cross-entropy and KL-divergence, which rely on probabilistic distributions
and require careful sampling, cosine-based alignment offers a scale-invariant, com-
putationally efficient, and empirically validated approach for aligning neural repre-
sentations. Furthermore, recent studies demonstrate that maximizing cosine similar-
ity between source and target embeddings in multilingual and NMT settings achieves
state-of-the-art alignment quality and improved transferability, outperforming tradi-
tional statistical and probabilistic methods. These advantages have led to its preva-

18



lence in modern encoder alignment strategies, particularly within low-resource and
multilingual NLP tasks.

2.6 Summary and Research Gaps

This chapter has reviewed key aspects of NMT, domain adaptation techniques, and KD,
particularly sequence-level distillation. NMT has evolved from recurrent-based archi-
tectures to the Transformer model, which has become the dominant architecture due
to its efficiency and superior translation quality. Despite these advances, domain adap-
tation remains a critical challenge, especially for low-resource languages, where data
scarcity and domain shifts hinder performance. Fine-tuning and multi-domain adap-
tation techniques offer promising solutions but introduce issues such as catastrophic
forgetting and scalability concerns when extending to multiple domains.

KD has emerged as an effective approach to mitigate these challenges by transfer-
ring knowledge from a larger teacher model to a smaller student model. Sequence-
level distillation, in particular, has proven useful for NMT by enabling student models
to learn directly from teacher-generated translations. However, prior studies have pri-
marily focused on high-resource settings, and little work has explored its effectiveness
in low-resource and compute-constrained environments. A key limitation of existing
KD approaches is that they predominantly distill knowledge into the decoder while ne-
glecting the encoder, leading to suboptimal generalization across domains. Addition-
ally, conventional KD remains primarily data-centric, focusing on modifying training
data rather than enhancing the transfer of internal representations between teacher and
student models.

To address these gaps, this thesis investigates an enhanced sequence-level KD
approach tailored for low-resource settings. Specifically, we propose incorporating
cosine-based encoder alignment to improve knowledge transfer in NMT. Unlike con-
ventional KD, our method explicitly aligns teacher and student encoder representa-
tions, ensuring better retention of domain-invariant features. By evaluating our ap-
proach in a compute-poor, low-resource scenario, we aim to demonstrate that our
method not only improves domain adaptation but also enhances generalization to un-
seen domains while maintaining efficiency. This work contributes to bridging the gap
in KD research for NMT, particularly in resource-constrained settings where both data
and computational resources are limited.
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CHAPTER 3
METHODOLOGY

3.1 Motivation and Hypothesis

NMT models trained using sequence-level KD [21] achieve superior performance com-
pared to direct training on ground-truth data. However, we hypothesize that sequence-
level distillation primarily distills the decoder, leading to suboptimal knowledge trans-
fer in encoder-decoder architectures. This occurs because sequence-level KD focuses
on aligning teacher and student predictions at the target-sequence level, overlooking
the internal representations learned by the encoder.

To address the limitations of encoder knowledge transfer, we initially explored a
contrastive encoder alignment method using multiple domain-specific teacher models
as both positive and negative examples. However, this approach introduced signif-
icant complexity and computational overhead due to managing multiple teacher en-
coders and computing contrastive losses. Based on these observations, we adopted a
more streamlined solution: a cosine-based encoder alignment mechanism. This ap-
proach directly aligns the student encoder with a single teacher encoder by minimizing
a cosine embedding loss between their final-layer representations. By simplifying the
alignment process, our method improves generalization across domains while main-
taining efficiency in low-resource settings.

3.2 Initial Proposed Approach

Our initial approach explored a contrastive encoder alignment strategy using multiple
domain-specific teacher models. The motivation behind this design was to leverage
both high-performing and poorly performing teacher encoders as positive and negative
examples, respectively, in a contrastive loss framework. We hypothesized that this
approach would enhance the transfer of robust encoder representations to the student
model by pushing it closer to strong domain-specific encoders while distancing it from
less effective ones.

3.2.1 Overview of the Initial Approach
The method involved the following steps:

 Step 1: Train Domain-Specific Teacher Models We first trained separate large
teacher models, each dedicated to a specific domain. These models were trained
on domain-specific datasets to capture domain-specialized representations.
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Fig. 3.1: Illustration of the steps involved in the initial proposed approach.

» Step 2: Generate Distilled Data Each domain-specific teacher was then used

to decode the source-side sentences from its respective domain, generating syn-

thetic target-side translations. These teacher-generated translations formed the

distilled dataset for each domain, capturing the teacher’s learned distribution.

* Step 3: Identify “Bad Teacher” Models We evaluated each domain-specific

teacher on its corresponding domain’s test set. Subsequently, we identified other

domain-specific teachers that performed poorly on the given domain. These

underperforming teachers were labeled as “Bad Teachers” and were later used

as negative examples in the encoder alignment loss function.

e Step 4: Train the Student Model with Contrastive Encoder Alignment A
smaller student model was trained on the distilled datasets. During training,

a contrastive loss was applied between the student’s encoder embeddings and

the encoder embeddings from both the domain-specific teacher (as the positive

example) and the “Bad Teacher” (as the negative example).

This methodology is visually summarized in Figure 3.1.
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3.2.2 Limitations of the Initial Approach

As detailed in Section 5.1, our experimental results revealed a key limitation of this
strategy. The approach, while conceptually promising, introduced added complexity
and memory overhead due to the simultaneous involvement of multiple teacher mod-
els and their outputs. Specifically, maintaining multiple domain-specific teachers and
computing contrastive loss across all encoders increased GPU memory consumption
and made the training pipeline cumbersome.

3.2.3 Transition to the Final Methodology

Through iterative experimentation, we observed that consolidating the teacher models
into a single multi-domain teacher yielded a more streamlined and memory-efficient
framework. By distilling knowledge from a unified teacher model trained on all do-
mains, we reduced GPU memory usage and simplified the training process. Addi-
tionally, using a single teacher allowed for consistent and cohesive encoder alignment,
eliminating the need for contrastive components based on “Bad Teachers.”

Given these advantages, we ultimately abandoned the initial approach in favor of
the final methodology, which employs a single multi-domain teacher with cosine-based
encoder alignment, as described in Section 3.3.

3.3 Overview of Our Final Approach

Our methodology consists of four main steps, illustrated in Figure 3.2 and outlined in
Algorithm 1. The training process involves first learning a strong teacher model and
then distilling its knowledge into a compact student model, enhanced with encoder
alignment.

e Step 1: Train a Teacher Model We first train a high-capacity Transformer
model (teacher) on the available bilingual dataset until convergence.

» Step 2: Generate Distilled Data The teacher model is used to decode the
source-side sentences, generating synthetic target translations. These teacher-
generated translations serve as distilled data, capturing the teacher’s learned dis-
tribution.

» Step 3: Construct the Distilled Mixed Dataset (DMD) The original train-
ing dataset and the teacher-generated dataset are combined to form the Distilled
Mixed Dataset (DMD).

» Step 4: Train the Student Model with Encoder Alignment A smaller student
model is trained on the DMD. Unlike standard KD, we introduce cosine embed-
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ding loss between the mean-pooled encoder representations of the teacher and
student to encourage encoder knowledge transfer.
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Fig. 3.2: The figure illustrates our proposed final method. The teacher model’s
weights are frozen, while the student model’s weights are learnable. The final loss is
computed as the sum of two components: (1) the cosine embedding loss between the

mean-pooled final encoder layer outputs of the teacher and student models, and (2)
the negative log-likelihood loss of the student model. Note that the input data for both
the teacher and student models is the distill mixed dataset.

3.4 Limitations of Sequence-Level Distillation

Sequence-level distillation has been widely adopted in NMT due to its ability to im-
prove translation fluency and reduce exposure bias [21]. However, a significant limita-
tion of vanilla sequence-level distillation is that it primarily affects the decoder while
neglecting the encoder.

Since sequence-level distillation trains the student model to mimic teacher-generated
sequences, the decoder benefits the most from learning structured translation patterns.
However, the encoder’s latent representations are not explicitly constrained, lead-
ing to a mismatch between the way the student encoder processes source inputs and

the way the teacher does. This discrepancy weakens the student model’s ability to
generalize across domains.
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By focusing only on output sequences, standard sequence-level distillation does not
encourage better encoder representation transfer, making it ineffective for domain
adaptation tasks where shared encoder knowledge across multiple domains is critical.
This motivates our approach to explicitly align encoder representations.

24



Algorithm 1: Sequence-Level Knowledge Distillation with Encoder Align-
ment

Input : Parallel training data D = {(X,,Y;)}¥,

Input : Transformer Teacher Model 7', Transformer Student Model S
Input : Hyperparameter « (encoder alignment weight)

Output: Trained Student Model S

1 Step 1: Train the Teacher Model
2 Train 7" on D using the standard NMT loss:

Ty

Lavr = — Zlog P(yt|y<ta X; QT)

t=1

w

Step 2: Generate Distilled Data
foreach sentence X, in D do

n s

t Generate teacher translation ffiT using T’

6 Step 3: Construct Distilled Mixed Dataset (DMD)
7 Create Dpyp = D U D, where:

DT = {(XMYA;T) i]\il

8 Step 4: Train the Student Model with Encoder Alignment
foreach batch (X,Y,Y™) in Dpyp do
10 Compute student output P(y;|y:, X;0s);

o

1 Compute mean-pooled encoder representations hr, hg;
12 Compute cosine embedding loss:

‘Ccosine =1- COS(hTa hS)

Compute negative log-likelihood loss:

Ty

Ll = — Zlog P(ytT“/ZtaX; 98)

t=1

Compute total loss:

ﬁtotal = £cosine + £NLL

Update student model parameters f/s using backpropagation;

13 return Trained Student Model S
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3.5 Cosine-Based Encoder Alignment

To address the limitations of sequence-level distillation, we introduce a cosine embed-
ding loss to align the encoder representations of the teacher and student models. Given
the final-layer encoder outputs i and hg from the teacher and student, we apply mean
pooling to obtain a fixed-length vector representation of each sequence. The cosine
embedding loss is then computed as:

/Ccosine =1- COS<hT7 hs), (31)

where cos(hr, hg) is the cosine similarity between the teacher and student encoder
representations.

By aligning the encoders in representation space, we ensure that the student
model learns meaningful latent representations that better match those of the teacher,
improving domain adaptation and generalization across unseen data.

3.6 Choice of Mean Pooling for Encoder Representations

For computing cosine similarity, we use mean pooling over encoder outputs to obtain
a fixed-dimensional representation. We justify this choice as follows:

* Better Sequence Representation: Mean pooling provides a global summary
of encoder activations, capturing important contextual features without being
dominated by a single token.

* Empirical Validation: Studies have shown that mean pooling outperforms
max pooling and attention pooling for sequence-to-sequence models when
used for representation alignment [88].

* Computational Efficiency: Unlike attention-based pooling, mean pooling is
lightweight and efficient, making it suitable for low-resource settings.

3.7 Loss Function and Optimization

The total training loss combines both cosine embedding loss and negative log-likelihood
loss:

Etotal =« Ecosine + LNLL; (32)

where:

* Losine €ncourages encoder alignment between teacher and student.
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» L1 is the standard sequence-level distillation loss, ensuring the student model
learns proper target translations.

* « 1s a hyperparameter controlling the trade-off between the two loss terms.

3.8 Constructing the Distilled Mixed Dataset (DMD)

To effectively combine the benefits of both ground-truth data and distilled translations,
we construct a Distilled Mixed Dataset (DMD) which serves as the training corpus
for the student model. The goal of this dataset is to preserve the fidelity of human-
annotated parallel data while incorporating the fluency and consistency provided by
teacher-generated outputs.

The DMD is constructed through the following steps:

1. Teacher Model Training: A high-capacity teacher model is first trained on the
original parallel corpus comprising multiple domains. This model learns rich
translation patterns and domain-specific mappings from the data.

2. Sequence-Level Distillation: Once trained, the teacher model is used to decode
the source sentences from the original training set. For each source sentence, the
model generates a corresponding synthetic target sentence using beam search
decoding. These teacher-generated translations form the distilled dataset.

3. Dataset Merging: The distilled target sentences are then paired with their orig-
inal source sentences to form a synthetic parallel dataset. This is merged with
the original ground-truth dataset (comprising human-labeled target sentences) to
form the DMD. Each source sentence thus appears twice in the DMD: once with
the original target and once with the distilled target.

The resulting Distilled Mixed Dataset (DMD) combines the original parallel sen-
tence pairs with synthetic translations generated by the teacher model for the same
source sentences. This dataset is used to train student models in the S-DMD config-
uration, both with and without encoder alignment. The DMD enables a controlled
training setup that integrates original and model-generated supervision to evaluate the
impact of encoder alignment under consistent input conditions.

3.9 Summary

The methodology initially explored a contrastive encoder alignment strategy using
multiple domain-specific teacher models. Each teacher model was trained on a specific
domain, and both strong and weak performing teachers were identified. These teacher
encoders were used as positive and negative examples, respectively, in a contrastive
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loss to align the student encoder representations. However, this approach increased
system complexity and memory overhead due to maintaining multiple teacher models
and contrastive computations.

To address these limitations, the final approach adopts a simplified and more scal-
able design using a single multi-domain teacher model. Knowledge transfer is en-
hanced by introducing a cosine embedding loss between the student and teacher en-
coders, computed on mean-pooled encoder representations.

The training pipeline is organized into four stages: training the multi-domain teacher
model, generating synthetic translations through sequence-level distillation, construct-
ing the Distilled Mixed Dataset (DMD) by combining original and synthetic parallel
data, and finally, training the student model. The DMD serves as a consistent input for
evaluating both the baseline and encoder-aligned student models. This final approach
reduces computational overhead while enabling effective encoder knowledge transfer
and improved generalization across domains in low-resource settings.
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CHAPTER 4
EXPERIMENTAL SETUP

4.1 Experimental Framework

This chapter details the experimental setup used to evaluate our proposed approach.
We outline the hardware and software configurations, the datasets used, and the train-
ing and inference procedures. Our experiments were designed to address the re-
search question: Can encoder alignment improve sequence-level distillation in a low-
resource, compute-constrained setting?

We simulate a low-resource setting because LRLs often lack diverse domains, and
the available domain-specific data is typically insufficient to rigorously test our hy-
pothesis. To create a realistic low-resource scenario, we trained models with limited
parallel data and evaluated their ability to generalize to new domains. The experiments
were conducted in two main stages:

» Stage 1: Evaluating our encoder alignment method on a multi-domain setting.

» Stage 2: Assessing the impact of encoder alignment when fine-tuning on new
domains.

4.2 Hardware and Software Configurations

4.2.1 Hardware Specifications

All experiments were conducted on a single machine with the following hardware
configuration:

* CPU: Intel 19-9900K
e RAM: 64GB
* GPU: Nvidia Quadro RTX 6000 (24GB VRAM)

This setup represents a compute-constrained environment, as opposed to large-scale
distributed training on multi-GPU clusters. The choice of limited resources aligns with
our focus on low-resource settings, where computational constraints are common.

4.2.2 Software Specifications

We used the HuggingFace Transformers library [89] for model implementation. Eval-
uation was conducted using chrF score from the evaluate! library of HuggingFace.

'"https://github.com/huggingface/evaluate
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4.3 Datasets

4.3.1 Dataset Selection and Preprocessing

We selected the German-to-English translation task and used six domain-specific datasets
from the OPUS repository [90]. The details of these datasets are provided in Table 4.1.

Dataset Name (Citation) | Abbreviation | Description

Europarl [91] parl Parliamentary proceedings

JRC-Acquis [90] law Legal domain corpus

EMEA [90] med Biomedical texts from the European
Medicines Agency

News Commentary [90] news Collection of news articles

OpenSubtitles [92] opensub Movie and TV subtitles dataset

TED 2020 [93] ted Transcripts from TED talks

TABLE 4.1: Domain-specific datasets used in our experiments.

To emulate a low-resource setting, we randomly sampled and deduplicated sen-
tences based on length constraints. The dataset splits are as follows:

* Training set: 50K parallel sentences.
* Development and test sets: 1K sentences each.

e Sentences were selected with word counts between 4 and 120.

4.3.2 Experimental Stages

Stage 1: We trained models on a multi-domain setting using a combination of parl,
law, news, and med. Additionally, models were evaluated on the Flores200 (flores)
development set [94] to assess out-of-domain generalization.

Stage 2: To assess domain adaptation, we fine-tuned the models from Stage 1 on
opensub and ted datasets using standard fine-tuning techniques.

4.4 Training and Inference Details

4.4.1 Model Selection

Teacher Model: We selected TS-small [95] (77M parameters) as the teacher model.
Student Model: The student model was derived by removing three encoder and
decoder layers from T5-small. Both models were randomly initialized to ensure that
no pre-trained knowledge influenced the results.
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4.4.2 Training Setup

All models were trained under the following conditions:

Max Epochs: 100 (early stopping with patience = 4)

Learning Rate: 2 x 1074

Batch Size: 64 (gradient accumulation = 2, effective batch size = 128)

Max Sequence Length: 120 tokens

4.4.3 Inference and Generation

During inference, the same settings were used as in training:
* Beam Search: Beam size =5
* Max Sequence Length: 120 tokens

Beam search ensures high-quality translations during both inference and KD-based
data generation.

4.5 Model Configurations

To evaluate the impact of our proposed methodology, we trained five different models.
Table 4.2 provides an overview of these configurations.

Model Name Description

L-ADO Large model trained on the All-Domain Origi-
nal dataset.

S-ADO Small model trained on the All-Domain Origi-
nal dataset.

S-ADD Small model trained on the All-Domain Dis-

tilled dataset.

S-DMD-NoAlign | Small model trained on the Distilled Mixed
Dataset (DMD) without encoder alignment.
S-DMD-Align Small model trained on the DMD with encoder
alignment (proposed method).

TABLE 4.2: Model configurations used in our experiments.

The term All-Domain refers to the combined dataset of parl, law, news, and med.
The L-ADO model serves as the teacher model for all student models trained via KD.
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4.6 Summary

This chapter detailed our experimental setup, including the hardware, software, datasets,
training, and inference methodologies. We designed our experiments to simulate low-
resource and compute-constrained environments, testing our encoder alignment method
under realistic conditions. The next chapter presents the results and analysis of our ex-

periments.
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CHAPTER 5
RESULTS AND DISCUSSION

5.1 Discussion on the Initial Approach

The initial approach was designed around training domain-specific teacher models and
employing contrastive loss using “bad teachers” to improve encoder alignment. The
idea was that for each domain, we would select a poorly performing teacher as a neg-
ative example to push the student encoder’s representation away from it.

Table 5.1 presents the performance of each domain-specific expert model across
different domains. For instance, the Ted Expert performed the worst on both the law
and medicine test domains, while the Medicine Expert performed poorly on news and
ted domains.

TABLE 5.1: ChrF scores for teacher models on different test domains. The
lowest-performing model for each domain is bolded.

Test Domain | Teacher Model ChrF Score
Law Teacher 20.74
Medicine Teacher 2.23
Law

News Teacher 1.26
Ted Teacher 0.67
Law Teacher 1.90

. Medicine Teacher 19.40

Medicine
News Teacher 0.81
Ted Teacher 0.55
Law Teacher 1.06
Medicine Teacher 0.53
News
News Teacher 3.52
Ted Teacher 1.33
Law Teacher 0.36
Medicine Teacher 0.32
Ted

News Teacher 2.13
Ted Teacher 4.67

As shown in Table 5.2, these bad teachers were selected for each domain and used
to calculate the contrastive loss during student training.

However, when we evaluated the final models trained under this methodology, the
performance did not meet expectations. Table 5.3 shows the multi-domain perfor-
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TABLE 5.2: IDENTIFIED BAD TEACHERS FOR EACH DOMAIN.

Domains \ Bad Teacher

Law Ted Teacher
Medicine Ted Teacher
News Medicine Teacher
Ted Medicine Teacher

mance of our approach against other baseline methods. Notably, our approach under-
performed across all domains when compared to simple baselines such as S-ADO and
S-ADD.

Model | med | parl | law | news | Flores
L-ADO 63.27 | 56.33 | 63.73 | 53.80 | 50.89
S-ADO 62.31 | 55.66 | 62.39 | 53.28 | 50.23
S-ADD 62.36 | 56.08 | 62.92 | 53.87 | 50.90

S-DMD-NoAlign | 61.38 | 55.49 | 61.89 | 52.91 | 49.88
Our Approach 58.93 | 54.55 | 58.34 | 50.88 | 47.01

TABLE 5.3: ChrF scores of models trained with various configurations, evaluated on
in-domain and out-of-domain test sets.

To further fine-tune this approach, we experimented with different pooling mech-
anisms for the encoder representations. Table 5.4 shows that average pooling consis-
tently outperformed attention pooling strategy, suggesting that average pooling pro-
vides a more stable representation for encoder alignment.

| Pooling Method | ChrF |

Average Pooling | 34.97
Attention Pooling | 32.96

TABLE 5.4: Comparison of pooling methods based on average ChrF score for model
trained on single individual domain.

Despite these adjustments, our approach did not surpass even the simplest baseline.
We believe since the domain-specific teachers were trained independently, their en-
coder representations lacked a shared representation space. Consequently, the learned
vector spaces for each teacher could overlap. This undermined the contrastive signal,
as the bad teacher’s embeddings could be located near embeddings from other well-
performing teachers in certain domains.

In essence, the contrastive loss struggled to effectively push the student encoder
away from the bad teacher embeddings, as the distance between positive and negative
examples was ambiguous. This observation is akin to the saying, "too many cooks
spoil the broth".

34



Ultimately, this insight led us to abandon this multi-teacher contrastive approach
in favor of a single all-domain teacher model, which provides a unified representation
space and simplifies the distillation process, both in terms of performance and compu-
tational overhead.

5.2 Discussion of our Final Approach

In this chapter, we present and analyze the experimental results of our proposed method-
ology. Our primary objective is to evaluate whether sequence-level distillation primar-
ily distills the decoder, leading to suboptimal knowledge transfer, and whether our
proposed encoder alignment method mitigates this limitation. We examine the perfor-
mance of models across two stages:

» Stage 1: Multi-domain performance using the original training domains (med,
parl, law, news) and generalization to out-of-domain data (flores).

» Stage 2: Fine-tuning on unseen domains (opensub and ted) to assess domain
adaptation capability.

By analyzing the impact of encoder alignment and KD, we demonstrate how our
approach improves multi-domain translation while being efficient in low-resource and
compute-constrained settings.

5.2.1 Hyperparameter Selection: Impact of o

To optimize the contribution of encoder alignment in our loss function, we experi-
mented with different values of the attenuation factor (o). Table 5.5 presents the re-
sults.

o | med | parl | law | news | flores

1.0 | 63.44 | 56.84 | 63.99 | 54.55 | 52.64
1.5 | 63.56 | 56.91 | 63.88 | 54.68 | 52.50
2.0 ] 63.43 | 56.92 | 64.08 | 54.88 | 52.90

TABLE 5.5: ChrF scores of our model trained with different « values, evaluated on
in-domain test sets (med, parl, law, news) and the out-of-domain flores
development-test set.

The results indicate a general improvement in performance as « increases, with
a = 2.0 achieving the best overall scores across both in-domain and out-of-domain
evaluations. Notably, performance in the law domain and the flores test set exhibited
slight variations, suggesting that beyond a certain point, increasing « does not yield
further gains. Given the computational cost of each training run (12+ hours, trained
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until convergence with maximum epochs set to 100), we selected o = 2.0 for all
subsequent experiments.

5.2.2 Stage 1: Multi-Domain Performance and Generalization

Table 5.6 presents the performance of different models trained with various configura-
tions. Our proposed method, S-DMD-Align, consistently achieves the highest scores
across all domains, surpassing both small student models and even the large teacher
model (L-ADO).

Model | med | parl | law | news | Flores
L-ADO 63.27 | 56.33 | 63.73 | 53.80 | 50.89
S-ADO 62.31 | 55.66 | 62.39 | 53.28 | 50.23
S-ADD 62.36 | 56.08 | 62.92 | 53.87 | 50.90

S-DMD-NoAlign | 61.38 | 55.49 | 61.89 | 52.91 | 49.88
S-DMD-Align 63.43 | 56.92 | 64.08 | 54.88 | 52.90

TABLE 5.6: ChrF scores of models trained with various configurations, evaluated on
in-domain test sets (med, parl, law, news) and the out-of-domain flores
development-test set.

These results strongly support our hypothesis that sequence-level distillation pri-
marily distills the decoder, leading to suboptimal knowledge transfer. The S-ADD
model, which follows the traditional sequence-level distillation approach, fails to out-
perform its teacher model (L-ADO), confirming that vanilla distillation does not effec-
tively transfer knowledge.

By explicitly aligning the encoder representations, S-DMD-Align significantly out-
performs all baselines, even surpassing the large model (L-ADO) while using half
the encoder and decoder layers. This validates our hypothesis that enhanced encoder
alignment improves generalization across multiple domains while maintaining compu-
tational efficiency.

Furthermore, out-of-domain performance on flores shows that our method gener-
alizes better than traditional sequence-level distillation approaches, as S-DMD-Align
outperforms S-ADD by +2.67 ChrF points. This indicates that encoder alignment helps
retain generalization capabilities even for unseen test domains.

5.2.3 Stage 2: Domain Adaptation Performance

To assess domain adaptation capabilities, we fine-tuned models from Stage 1 on unseen
domains (opensub and ted). Table 5.7 presents the results.

Consistent with Stage 1 results, S-DMD-Align continues to outperform all base-
lines, including the large model (L-ADO). This confirms that our encoder alignment
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Model | opensub | ted

L-ADO 39.94 | 51.32
S-ADO 39.21 | 51.03
S-ADD 39.59 | 50.51
S-DMD-NoAlign | 39.13 | 50.41
S-DMD-Align 4043 | 51.94

TABLE 5.7: ChrF scores for Stage 1 models fine-tuned on single domains (Open
Subtitles and Ted2020) to evaluate domain adaptation.

strategy enhances domain adaptation, allowing smaller models to retain strong trans-
lation capabilities even when fine-tuned on new domains.

The performance gap between S-DMD-Align and S-DMD-NoAlign highlights the
importance of encoder alignment in knowledge transfer. S-ADD, which follows tradi-
tional sequence-level distillation, performs worse than S-ADO, reinforcing that vanilla
distillation alone is insufficient for domain transfer.

5.3 Evaluation on Bona Fide Low-Resource Language

To evaluate the robustness of our method in a genuinely low-resource setting, we con-
duct an ablation study on the English—Sinhala language pair. This language direction
is characterized by limited parallel data and narrow domain coverage, making it a
representative testbed for evaluating NMT models under severe data constraints. In
this study, we focus on examining the impact of the alignment weighting parameter o
within our proposed encoder-aligned distillation framework.

| ccalign | opensub | gov | Flores

1.0 | 3891 28.71 44.25 | 28.11
20| 39.06 28.88 | 44.35 | 28.04
3.0 38.79 28.21 | 43.80 | 27.43
4.0 | 39.54 2891 | 44.66 | 27.54
5.0 | 37.96 28.43 | 43.65 | 27.73
6.0 | 36.27 27.89 | 41.85 | 2541
7.0 | 38.59 28.86 | 4391 | 27.71

TABLE 5.8: ChrF scores of our model trained on the English—Sinhala language pair
with different o values using the distilled dataset, evaluated on three in-domain test
sets and the out-of-domain Flores200 development-test set.

Table 5.8 presents the ChrF scores of our model trained with different o values on

the distilled dataset. Evaluations were performed on three in-domain datasets—ccalign,
opensub, and gov—as well as one out-of-domain test set, Flores. This setup enables
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efficient experimentation in a constrained environment and facilitates hyperparameter
tuning for encoder alignment under low-resource conditions.

We observe that in-domain performance peaks consistently at & = 4.0, achieving
the highest scores across all three datasets. This suggests that in low-resource settings,
assigning greater importance to encoder alignment substantially improves domain-
specific translation quality. On the other hand, the highest out-of-domain performance
on Flores occurs at o« = 1.0, indicating that equal weighting between the NMT loss
and the alignment loss better supports generalization beyond the training domains. Im-
portantly, performance does not follow a monotonic trend with increasing «; rather, it
varies across datasets, highlighting the dataset-dependent nature of the alignment loss

contribution.
Model | a | ccalign | opensub | gov | Flores
L-ADO - 41.95 28.88 48.44 | 29.81
S-ADO - 39.23 28.58 45.69 | 28.34
S-ADD - 38.41 28.67 43.46 | 27.15
S-DMD-NoAlign | — 42.34 30.11 47.62 | 3047
S-DMD-Align 1.0 | 42.78 30.36 4725 | 30.54
S-DMD-Align 4.0 | 43.11 30.42 48.20 | 31.03

TABLE 5.9: ChrF scores of models trained with various configurations for the
English—Sinhala translation direction, evaluated on three in-domain test sets and the
out-of-domain Flores200 development-test set.

Building upon the hyperparameter tuning results, we select « = 1.0 and o« = 4.0
for further evaluation on the full Distilled Mixed Dataset (DMD). As shown in Ta-
ble 5.9, our encoder-aligned model with « = 4.0 outperforms all baselines across
the board, including the strong large-teacher model (L-ADO) in three out of four do-
mains. The only exception is the gov domain, where L-ADO slightly outperforms our
best model by 0.24 ChrF points. Notably, the S-ADD model, which employs vanilla
sequence-level distillation, performs worse than even the small model trained on the
original dataset (S-ADOQO), reinforcing the inadequacy of sequence-level KD in low-
resource scenarios.

Although o = 1.0 yielded the best Flores performance during tuning, it is con-
sistently outperformed by o = 4.0 across all domains when trained on the combined
dataset. This indicates that alignment-based models benefit from a higher alignment
loss weight during full training. Overall, our findings highlight that in bona fide low-
resource directions, greater emphasis on encoder alignment plays a pivotal role in en-
hancing both in-domain accuracy and out-of-domain generalization.
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5.4 Summary of Findings

Our experiments validate the primary hypothesis that sequence-level distillation pri-
marily benefits the decoder while neglecting encoder knowledge transfer. By introduc-
ing encoder alignment, we demonstrate consistent improvements in both performance
and generalization across domains. Our findings are summarized as follows:

* Small models trained with our proposed method outperform even their large
teacher counterparts across both in-domain and out-of-domain scenarios.

* Encoder alignment significantly enhances multi-domain NMT performance, with
models trained on a distilled mixed dataset (DMD) showing marked improve-
ments over standard sequence-level distillation.

* Our method generalizes better to unseen domains, particularly in low-resource
and compute-constrained settings.

* Distilled models with encoder alignment retain superior domain adaptation ca-
pabilities, even when fine-tuned on new domains.

* Inabona fide low-resource setting (English—Sinhala), we find that encoder align-
ment yields substantial gains, with o = 4 performing best across in-domain and
out-of-domain evaluations.

* The impact of the encoder alignment hyperparameter (o) is dataset-dependent,
with higher values offering stronger improvements in resource-poor and domain-
limited conditions.

These results establish encoder-aware KD as an effective, scalable, and resource-
efficient solution for multi-domain NMT, particularly well-suited to the challenges of
low-resource languages.

5.5 Alignment Between Objectives and Contributions

To ensure clarity and coherence in how the research objectives of this thesis were ad-
dressed, this section presents a structured mapping between each objective and the
corresponding methodological strategies and outcomes. The table below outlines how
the goals defined in Chapter 1 were translated into concrete experiments, design de-
cisions, and evaluations throughout the course of the study. This mapping highlights
the alignment between the intended aims and the actual contributions made, offering
a consolidated view of how each component of the research supports the overarching
goal of improving multi-domain neural machine translation in low-resource settings.
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Research Objective

Approach Taken

Deliverable / Evidence

To investigate the limi-
tations of sequence-level
KD in NMT, particu-
larly its impact on en-
coder knowledge transfer
in low-resource settings

Performed empirical com-
parisons between student
models trained with and
without KD to analyze
the extent of encoder
knowledge transfer; iden-
tified that standard KD

focuses  predominantly
on distilling decoder
behavior, with minimal

transfer of encoder-level
representations

Discussion in Sec-
tion 5.2.2; Quantitative
results in Table 5.6 show-
ing underperformance of
S-ADD; Summarized in
Section 5.4

To design and assess
an encoder-alignment
strategy  to  enhance
knowledge transfer be-
tween teacher and student

models for improved
multi-domain generaliza-
tion in NMT

Introduced a cosine-based
encoder alignment loss
between mean-pooled fi-
nal encoder outputs of
teacher and student mod-
els; integrated the align-
ment mechanism into the
distillation pipeline for
improved encoder repre-
sentation learning

Methodology described in
Chapter 3; Visual repre-
sentation in Figure 3.2;
Implementation details in
Algorithm 1

To assess the effective-
ness of the proposed
encoder-aligned dis-
tillation approach in
both  in-domain and
out-of-domain  scenar-
ios, demonstrating its
applicability in real-
world low-resource and
compute-constrained
environments

Trained distilled T5-small
models (3 encoder and de-
coder layers) using 50K
parallel sentence pairs on
a single-GPU setup; eval-
uated performance across
multiple in-domain and
out-of-domain test sets
(using Flores for general-
ization), and conducted a
separate evaluation on the
English—Sinhala language
pair to assess robustness
in a bonafide low-resource
setting

Results across multi-
domain and  general-
ization  scenarios  in
Tables 5.6 and 5.7;

Low-resource validation
on English-Sinhala in
Table 5.9; Experimental
setup documented in
Chapter 4

TABLE 5.10: Alignment between research objectives, methodological approaches,
and corresponding deliverables.
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CHAPTER 6
CONCLUSION

In this thesis, we addressed the challenge of building scalable and efficient multi-
domain NMT systems for low-resource languages under compute-constrained settings.
We began by identifying a key limitation of conventional sequence-level Knowledge
Distillation (KD): while effective at transferring decoder knowledge, it fails to ade-
quately distill encoder representations, leading to limited domain generalization.

To overcome this, we proposed an encoder-aligned distillation framework that ex-
plicitly aligns the final-layer encoder representations of teacher and student models
using a cosine embedding loss. Our method was iteratively developed, starting with
a contrastive alignment strategy using multiple domain-specific teachers, which was
later abandoned due to its added complexity and inefficiency. We instead adopted a
streamlined approach using a single multi-domain teacher model, improving both per-
formance and training efficiency.

Comprehensive experiments on German—English translation under simulated low-
resource conditions demonstrated that our method consistently outperforms standard
KD and baseline models across in-domain, out-of-domain, and domain adaptation
tasks. Further evaluation on the English—Sinhala language pair, a bona fide low-
resource language, confirmed that the proposed method remains effective in truly
low-resource settings. We also observed that the optimal encoder alignment weight
is dataset-dependent, reinforcing the importance of context-sensitive tuning in low-
resource scenarios.

Overall, our findings underscore the significance of encoder-level knowledge trans-
fer in KD and establish encoder-aligned distillation as a robust and scalable solution
for multi-domain NMT in low-resource environments.

Limitations

Despite the promising results demonstrated by our encoder-aligned distillation frame-
work, there are a few important limitations to acknowledge. First, due to computa-
tional constraints, our experiments were conducted using TS5-small models. While our
method outperformed baseline approaches in this setting, its effectiveness on larger
encoder-decoder architectures remains unverified. Further investigation is required to
assess whether the proposed alignment strategy scales favorably with model size.

Second, the scope of this work is limited to encoder-decoder architectures. Many
state-of-the-art large language models adopt decoder-only designs, for which our method
has not been evaluated. As such, its applicability beyond the encoder-decoder paradigm
remains an open question.
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Future Work

Building on the current findings, future work could focus on extending the proposed
method to larger pretrained architectures, evaluating whether encoder alignment con-
tinues to provide benefits at scale. Additionally, exploring adaptation strategies suit-
able for decoder-only models may help generalize encoder-aware distillation to a broader
range of architectures.
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