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Abstract

Multilingual models are essential in natural language processing (NLP), the field of
enabling computational models to process and generate human language. These models
are crucial for expanding information access across linguistic boundaries, with machine
translation models being particularly central to this effort. However, with approximately
7,000 languages spoken worldwide, it is infeasible to acquire sufficient training data for
every language. This data scarcity challenge highlights the importance of cross-lingual
generalization, the ability to transfer knowledge learned from some languages to settings
with little or no training data. Such generalization depends on a model’s ability to learn
internal representations that are shared and consistent across languages.

While the classical form of cross-lingual generalization involves training a model
for a task in some languages and evaluating it on others, its application in machine
translation is more complex as the input and output languages are inherently different.
The directional nature of machine translation calls for compositional generalization, which
requires the model to combine knowledge from trained directions (e.g., English-to-German
and German-to-French) to directly perform translation for unseen directions (e.g., English-
to-French). Moreover, the pre-training fine-tuning paradigm introduces a crucial temporal
dimension to generalization. This perspective concerns how well a model’s pre-trained
capabilities are preserved after specializing on selected tasks or languages. This thesis
addresses these three aspects of generalization: classical, compositional, and temporal.

First, we investigate compositional generalization in translation models trained from
scratch. We demonstrate that a primary reason why multilingual translation models fail to
generalize compositionally is that their internal representations become highly entangled
with information specific to the input language. We identify that this entanglement is
reinforced by the residual connections within the model’s architecture. By proposing a
method that relaxes this structural constraint, we achieve substantial improvements on
unseen translation directions.

We then extend the investigation to the temporal dimension of generalization by incor-
porating pre-trained models. We observe that despite large-scale multilingual pre-training,
a model’s internal representations often remain highly specific to the input language.
Moreover, when these models are specialized for particular translation directions, they are
prone to catastrophic forgetting, which substantially degrades their existing capabilities.
To counteract this, our work evaluates several established mitigation strategies from the
literature and introduces a novel approach. Our proposed method produces a more
interpretable view of the model’s internal representations, although this benefit comes
with a trade-off in translation quality.
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Our investigation then extends to large language models (LLMs), which operate as
general-purpose instruction-following systems. For these models, which typically use a
decoder-only architecture, we first identify the middle layers as the most effective positions
for intervention. Building on this finding, we propose a modular and computationally
efficient post-hoc method to enhance language invariance in the model’s representations.
This approach leads to substantial improvements in both classical cross-lingual transfer
scenarios and the compositional generalization cases examined earlier.

Lastly, we revisit classical cross-lingual transfer with a novel application for attribute-
controlled machine translation. This method trains a classifier to distinguish text attributes
in languages with available labeled data and then transfers this capability to guide trans-
lations for other languages lacking such resources. The approach operates on the model’s
internal activations rather than weights, making it suitable for scenarios where model
weights must remain fully frozen. When compared to an oracle setup that updates the
model weights, our activation-based method demonstrates stronger robustness against
domain shifts.

Each of the contributions above is situated within a model modification scope that
aligns with evolving practices in the field, ranging from training models from scratch
to performing post-hoc interventions on large pre-trained models. This thesis advances
the development of multilingual NLP models that not only achieve strong performance
under trained conditions but also acquire more generalizable and adaptable underlying

representations.
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Zusammenfassung

Die Verarbeitung natiirlicher Sprache (Natural Language Processing, NLP) befasst sich
mit der Entwicklung von Methoden, die Computermodellen die Verarbeitung und Gener-
ierung menschlicher Sprache ermoglichen. Mehrsprachige Modelle, insbesondere solche
fiir die maschinelle Ubersetzung, spielen eine besondere Rolle, da sie den Informationszu-
gang iiber sprachliche Grenzen hinweg erweitern. Bei weltweit etwa 7.000 gesprochenen
Sprachen ist es jedoch nicht realisierbar, fiir jede Sprache ausreichende Trainingsdaten zu
beschaffen. Diese Herausforderung der Datenknappheit betont die Relevanz der kreuzlin-
gualen Generalisierung, der Fahigkeit, in einigen Sprachen erlerntes Wissen auf Kontexte
mit wenigen oder keinen Trainingsdaten zu iibertragen. Eine solche Generalisierung
hédngt von der Fahigkeit eines Modells ab, interne Reprasentationen zu lernen, die iiber
Sprachen hinweg geteilt und konsistent sind.

Wihrend die klassische Form der kreuzlingualen Generalisierung darin besteht, ein
Modell fiir eine Aufgabe in einigen Sprachen zu trainieren und es auf anderen zu
evaluieren, ist ihre Anwendung in der maschinellen Ubersetzung komplexer, da die
Eingabe- und Ausgabesprachen inhdrent verschieden sind. Der gerichtete Charakter der
maschinellen Ubersetzung erfordert eine kompositionelle Generalisierung, welche vom
Modell verlangt, Wissen aus trainierten Richtungen (z. B. Englisch-nach-Deutsch und
Deutsch-nach-Franzésisch) zu kombinieren, um direkt Ubersetzungen fiir ungesehene
Richtungen (z. B. Englisch-nach-Franzosisch) durchzufiihren. Dartiber hinaus fiihrt das
Paradigma des Pre-Trainings und Fine-Tunings eine entscheidende temporale Dimension
der Generalisierung ein. Diese Perspektive befasst sich damit, wie gut die vortrainierten
Fahigkeiten eines Modells nach der Spezialisierung auf ausgewéhlte Aufgaben oder
Sprachen erhalten bleiben. Diese Arbeit behandelt drei Aspekte der Generalisierung: den
klassischen, den kompositionellen und den temporalen.

Zunichst untersuchen wir die kompositionelle Generalisierung in Ubersetzungsmod-
ellen, die von Grund auf trainiert wurden. Wir zeigen, dass ein Hauptgrund, warum
mehrsprachige Ubersetzungsmodelle nicht kompositionell generalisieren, darin liegt,
dass ihre internen Repréasentationen stark mit Informationen verflochten sind, die spezi-
fisch fiir die Eingabesprache sind. Wir identifizieren, dass diese Verflechtung durch die
Residualverbindungen (residual connections) innerhalb der Modellarchitektur verstarkt
wird. Indem wir eine Methode vorschlagen, die diese strukturelle Einschrankung lockert,
erzielen wir erhebliche Verbesserungen bei ungesehenen Ubersetzungsrichtungen.

Anschliefflend erweitern wir die Untersuchung auf die temporale Dimension der
Generalisierung, indem wir vortrainierte Modelle einbeziehen. Wir beobachten, dass
die internen Reprasentationen eines Modells trotz umfangreichen mehrsprachigen Pre-
Trainings oft hochspezifisch fiir die Eingabesprache bleiben. Wenn diese Modelle dartiber
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hinaus auf bestimmte Ubersetzungsrichtungen spezialisiert werden, sind sie anfillig fiir
katastrophales Vergessen, was ihre bestehenden Fiahigkeiten erheblich beeintrachtigt. Um
dem entgegenzuwirken, evaluiert unsere Arbeit mehrere etablierte Mitigationsstrategien
aus der Literatur und stellt einen neuartigen Ansatz vor. Unsere vorgeschlagene Meth-
ode erzeugt eine interpretierbarere Ansicht der internen Repréasentationen des Modells,
obwohl dieser Vorteil mit einem Kompromiss bei der Ubersetzungsqualitit einhergeht.

Unsere Untersuchung erstreckt sich dann auf grofle Sprachmodelle (Large Language
Models, LLMs), die als universelle, anweisungsfolgende Systeme fungieren. Fiir diese
Modelle, die typischerweise eine reine Decoder-Architektur verwenden, identifizieren wir
zundchst die mittleren Schichten als die effektivsten Positionen fiir Interventionen. Auf-
bauend auf dieser Erkenntnis schlagen wir eine modulare und recheneffiziente Post-hoc-
Methode vor, um die Sprachinvarianz in den Représentationen des Modells zu verbessern.
Dieser Ansatz fiihrt zu erheblichen Verbesserungen sowohl in klassischen Szenarien des
kreuzlingualen Transfers als auch in den zuvor untersuchten Féllen der kompositionellen
Generalisierung.

Zuletzt greifen wir den klassischen kreuzlingualen Transfer mit einer neuartigen An-
wendung fiir die attributgesteuerte maschinelle Ubersetzung erneut auf. Diese Methode
trainiert einen Klassifikator, um Textattribute in Sprachen mit verfiigbaren annotierten
Daten zu unterscheiden, und tibertragt diese Fahigkeit dann, um Ubersetzungen fur
andere Sprachen zu steuern, denen solche Ressourcen fehlen. Der Ansatz operiert auf den
internen Aktivierungen des Modells anstatt auf den Gewichten, was ihn fiir Szenarien
geeignet macht, in denen die Modellgewichte vollstandig unverdandert bleiben miissen.
Im Vergleich zu einem Orakel-Setup, das die Modellgewichte aktualisiert, zeigt unsere ak-
tivierungsbasierte Methode eine stiarkere Robustheit gegeniiber Doménenverschiebungen
(domain shifts).

Jeder der oben genannten Beitrdge ist in einem Rahmen von Modellmodifikationen
angesiedelt, der mit den sich entwickelenden Praktiken des Fachgebiets tibereinstimmt
und vom Training von Modellen von Grund auf bis hin zur Durchfithrung von Post-hoc-
Interventionen bei grofien vortrainierten Modellen reicht. Diese Arbeit treibt die Entwick-
lung mehrsprachiger NLP-Modelle voran, die nicht nur unter trainierten Bedingungen
eine hohe Leistung erzielen, sondern auch generalisierbarere und anpassungsfahigere
zugrundeliegende Reprasentationen erwerben.
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Chapter 1

Introduction

The story of the Tower of Babel describes humanity once sharing a single language before
divine powers separated languages and scattered people. Despite its mythical nature, this
story captures an insight about human languages. That is, underneath obvious differences
such as vocabulary and grammar, there lies a shared conceptual foundation. The core
meanings people intend to convey often remain consistent across languages, even when
the ways of expressing them vary dramatically.

This observation has implications for computational models that process and generate
human language. After training on many languages, these models may be able to transfer
capabilities learned from one language to another. This phenomenon suggests generaliza-
tion beyond language-specific patterns towards a common space where similar concepts
from different languages are aligned.

However, to what extent does such a shared representation emerge automatically from
exposure to multiple languages, and what techniques can better bridge the gap between
languages and create more generalizable models? This thesis investigates these questions.

1.1 Motivation

The effectiveness of deep neural networks has been widely demonstrated in natural lan-
guage processing (NLP) (Sutskever et al., 2014; Vaswani et al., 2017; Devlin et al., 2019)
and other fields (Krizhevsky et al., 2012; Hinton et al., 2012). The success of these compu-
tational models is largely due to their ability to learn meaningful features that abstract
away from raw data (Torralba et al., 2024). These abstract features, or representations
(Bengio et al., 2013a), correspond to the activations in the intermediate layers of a neural
network (Raghu et al., 2017; Vaswani et al., 2017; Kornblith et al., 2019). By leveraging such
representations, models can apply what they have learned to unseen situations beyond
their training examples (Zhang et al., 2017a). This process, however, relies heavily on
sufficient training data (Kaplan et al., 2020).

The vast majority of training data in NLP is concentrated in a small number of lan-
guages with abundant linguistic resources, such as English and Chinese (Wenzek et al.,
2020; Joshi et al., 2020; Schwenk et al., 2021a), representing a tiny fraction of the world’s
over 7,000 languages (Ethnologue, 2025). For example, as of September 2025, data from
Common Crawl (2025), a large-scale open web archive widely used to train many models
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(Brown et al., 2020; NLLB Team, 2024; Al @ Meta et al., 2024), shows that more than 80%
of its content belongs to the top 10 languages. For languages lacking training data, models
must instead apply knowledge gained from other languages, operating in zero-shot condi-
tions without having seen corresponding training data (Goodfellow et al., 2016; Johnson
et al., 2017). The ability to generalize in this way, referred to as cross-lingual generalization
(Ruder et al., 2019b), is therefore essential for extending the advances of NLP beyond the
limited set of high-resource languages.

Generalization research in NLP has largely focused on domain shifts and robustness
challenges, such as style variations (Oraby et al., 2018), topic drifts (Lazaridou et al., 2021),
and the temporal evolution of language (Rosin and Radinsky, 2022; Su et al., 2022). In
contrast, cross-lingual generalization has received less attention. The survey by Hupkes
et al. (2023) finds that studies on cross-lingual generalization account for only 9% of the
reviewed literature, while those on domain shifts and robustness constitute 34% and 21%
respectively.

While cross-lingual aspects have been comparatively less explored within the NLP
generalization literature, the concept itself is well grounded in theoretical foundations.
Early works on word embeddings have demonstrated that words can be represented
as vectors in a way that preserves geometric relationships across different languages
(Mikolov et al., 2013; Lample et al., 2018), implying the presence of a shared semantic
space. Such a shared space is a manifestation of a model’s cross-lingual generalization,
which provides the basis for achieving cross-lingual transfer on specific downstream tasks.

The classical form of cross-lingual transfer involves training a model on a task in
one or more languages and evaluating its performance on the same task in a language
unseen during training (Pires et al., 2019; Wu and Dredze, 2019; Xu et al., 2020; Bigoulaeva
et al., 2021) without involving different input and output languages. For example, a
sentiment classifier trained only on English text may be tested on its ability to classify
sentiment in German. For classification tasks, this process is relatively straightforward,
since the possible output labels, e.g., “positive”, “negative”, are inherently independent of
specific languages. In contrast, transfer is fundamentally more complex for generation
or sequence-to-sequence tasks (Vu et al., 2022b; Li and Murray, 2023), where the model’s
output must be a valid sequence in a designated language. This complexity arises because
the model must be able to handle not only the semantics of the input but also the specific
syntax and vocabulary of the output language.

Beyond the aforementioned classical form of cross-lingual transfer, the rise of large
multilingual models that can process multiple languages within a single model (Johnson
etal., 2017; Ha et al., 2017; Conneau et al., 2020) has expanded the notion of cross-lingual
generalization. The highly multi-task nature of these models motivates an extension to
compositional and temporal dimensions of generalization, as elaborated on next.

Compositional generalization describes the ability to perform new combinations of its
learned concepts or capabilities (Schmidhuber, 1990). For instance, if someone knows
what “hedgehog” and “riding a tricycle” are separately, by compositional generalization,
they can understand “hedgehog riding a tricycle” without ever having encountered that
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exact phrase before. This concept is also relevant in machine translation, where the basic
task unit is a language pair instead of a single language. In this context, a model trained on
translations from language A to B and from B to C exhibits compositional generalization
if it can directly translate from A to C without intermediate steps. Demonstrating this
capability indicates that the model has learned generalizable representations, rather than
simply memorizing the translation pairs seen during training.

Moreover, the rise of large foundation models introduces a temporal dimension to gen-
eralization. These models typically first undergo a pre-training phase on vast multilingual
data (Conneau et al., 2020; Xue et al., 2021; AI @ Meta et al., 2024). Afterwards, they
may be continuously trained or fine-tuned on a subset of languages or tasks to improve
performance (Zhu et al., 2023a; Gow-Smith and Sanchez Villegas, 2023; Gu et al., 2023)
or add new capabilities (Wei et al., 2022a; Ouyang et al., 2022). This sequential process
creates the risk of catastrophic forgetting (McCloskey and Cohen, 1989), where previously
acquired capabilities are drastically degraded. Therefore, a central challenge is to ensure
that representations remain generalizable over time, allowing models to expand their
knowledge without overwriting existing capabilities.

In this context, machine translation provides an ideal testbed for studying these
challenges for several reasons. First, translation inherently requires mapping between
languages, making cross-lingual relationships explicit in the task definition. The models
must learn to align semantic and syntactic structures across languages, creating strong
pressure to develop representations that are agnostic of specific languages (Pires et al.,
2019; Conneau et al., 2020). Second, the vast diversity of the world’s languages creates
a natural environment for testing zero-shot generalization on unseen language pairs
(Aharoni et al., 2019; Zhang et al., 2020a). Moreover, the widespread applications of
machine translation (Och, 2005; Bentivogli et al., 2016; Barrault et al., 2019; NLLB Team,
2024) provide opportunities to transform research findings into practical impact.

1.2 Thesis Scope and Research Questions

This thesis investigates methods to develop multilingual representations that enhance
cross-lingual transfer for sequence-to-sequence tasks, with a primary focus on machine
translation. It addresses three facets of generalization:

1. Classical cross-lingual generalization, where a model is evaluated on its ability to
perform tasks in languages unseen during task-specific training;

2. Compositional generalization, which assesses the ability to combine learned linguistic

components in novel ways;

3. Temporal stability, which refers to the model’s ability to retain previously learned
knowledge and mitigate catastrophic forgetting.

The overarching goal is to develop NLP models that not only perform well on trained

tasks but also learn adaptable and generalizable underlying representations.
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In this context, this thesis is guided by the following research questions:

Research Question 1: To what extent are representations in multilingual
models language-invariant, and what factors contribute to their language-

specific properties?

Research Question 2: How do current multilingual models perform in scenar-
ios requiring classical cross-lingual, compositional, and temporal generaliza-
tion, and how does the performance relate to the language-specific properties
in Research Question 1?

Research Question 3: For practical scenarios with different constraints on the
scope of model modification, what training procedures can encourage or lever-
age language-invariant representations for generalization across languages?

1.3 Contributions

This thesis makes the following methodological and empirical contributions to the field of

natural language processing;:

1.3.1 Methodological Contributions

1.

We identify components in standard Transformer models that contribute to language-
specific patterns and propose an alternative architecture that encourages language
invariance while maintaining model expressiveness. (Chapter 3)

We develop a soft discretization framework that addresses the expressiveness-invariance
trade-off without modifying pre-trained model architectures. The approach maintains
expressiveness by allowing access to both continuous and discrete representations
through a soft discretization mechanism. (Chapter 4)

We propose a middle-layer alignment approach to improve cross-lingual transfer
for decoder-only language models, addressing the challenge of identifying optimal
alignment positions in these models. The approach is modular and can be integrated
with task-specific modules in a post-hoc manner. (Chapter 5)

We propose an inference-time approach for attribute-controlled translation, which
enables cross-lingual transfer of attribute control capabilities with higher robustness to
domain shifts and language variety than standard fine-tuning approaches. (Chapter 7)

1.3.2 Empirical Contributions

1.

We demonstrate that standard Transformer models fail to produce language-invariant
representations despite multilingual training data, and that input word order hinders
the creation of language-invariant representations. (Chapter 3)

We investigate how the selection of multilingual data affects the fine-tuning of pre-
trained translation models, showing that using a linguistically similar bridge language,
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Modification Scope Generalization Facet
Chapter A\ hitecture Weight Classical Compositional  Temporal

Update Update Cross-Lingual p p

3 v/ v v

4 X v v v

5 X v v v

6 X v v v

7 X X v v

TABLE 1.1: Overview of core contribution chapters organized by modification scope
(whether architecture or weights are changed) and by the facet of generalization they address,
with checkmarks indicating the relevant dimensions for each chapter.

rather than English, is more resistant to catastrophic forgetting and leads to more
aligned internal model representations. (Chapter 4)

3. We identify that the middle layer of decoder-only large language models has the highest
degree of cross-lingual alignment compared to shallower or deeper layers. (Chapter 5)

4. We demonstrate that a multilingual model’s resistance to catastrophic forgetting of
pre-trained languages depends on the relative scale of the pre-trained model and
fine-tuning dataset. (Chapter 6)

5. We present a comprehensive comparison of cross-lingual alignment methods, including
similarity-only, adversarial, and contrastive losses, finding that they achieve compa-
rable effectiveness in mitigating catastrophic forgetting despite different mechanisms.
(Chapter 6)

6. We show that across different transfer scenarios, machine translation models generalize
less effectively to unseen target languages than to unseen source languages. (Chapter 6,
Chapter 7)

1.4 Thesis Outline

The remainder of this thesis is organized as follows. After a review of relevant background
in Chapter 2, the core contributions are presented in five chapters. Table 1.1 provides a
summary that organizes these chapters along two key dimensions. The first, “modification
scope”, specifies the constraints under which each approach operates: whether it modifies
a pre-defined model architecture or updates its weights. The second dimension “general-
ization facet” connects each chapter to one of the facets of generalization introduced in
§1.1.

Chapter 3 addresses the most flexible setting, where both the model architecture and its
weights can be freely updated. In this context, we investigate compositional generalization,
focusing on how a model can learn to combine trained translation directions to perform

zero-shot translation.
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Chapter 4 transitions to a more constrained scenario using pre-trained translation-
specific models with fixed architectures. The investigation extends to the temporal dimen-
sion, evaluating the model’s ability to retain knowledge of previously learned translation
pairs after being fine-tuned on a selected set, thereby measuring its resistance to catas-
trophic forgetting.

Chapter 5 broadens the scope to large general-purpose language models that follow
instructions. In addition to the previously studied generalization scenarios, we also
examine classical cross-lingual generalization in non-translation tasks where the input
and output languages are the same, including slot filling and structured text generation.

Chapter 6 presents a targeted analysis to reconcile inconsistent observations of catas-
trophic forgetting from the previous two chapters. It systematically investigates the
conditions, such as model scale and fine-tuning data size, that determine when and why
performance degradation occurs.

Chapter 7 studies the most constrained setting, where both the model’s architecture
and its weights are frozen. This chapter focuses on transferring attribute control (e.g.,
formality level) across languages at inference time, a task analogous to classical cross-
lingual transfer. It also addresses the temporal dimension by examining whether the
learned control mechanism is robust against domain shifts encountered during application.

Chapter 8 concludes this thesis by presenting answers to the research questions and

discussing the limitations and future work.



Chapter 2

Background

This chapter lays out the technical background for the work presented in this thesis.
It begins by introducing the sequence-to-sequence framework (§2.1), the foundational
architecture for tasks with variable-length outputs. The discussion then proceeds to the
pre-training and fine-tuning paradigm (§2.2), which has become the de facto approach for
high-performance models and a central workflow in this thesis. Afterwards, the chapter
narrows its focus to multilingual models (§2.3), examining their advantages, challenges,
and common approaches. This section is partly based on Liu and Niehues (2024b). The
chapter concludes by defining the specific tasks investigated in this thesis (§2.4) and
detailing the evaluation metrics for assessing model performance (§2.5).

2.1 Sequence-to-Sequence Models

Sequence-to-sequence learning is central to natural language processing (NLP), provid-
ing a common framework for a wide range of conditional text generation tasks such as
machine translation, text summarization, as well as instruction following. As an applica-
tion of the conditional language modeling task, sequence-to-sequence models learn the
probability of generating an output sequence Y = (y1, ..., yr), given an input sequence
X = (x1,...,xN).

T

P(Y|X) =[] Pluily<s, X), 1)
t=1

where each term P(y;|y<;, X) is the probability of generating y; at timestep ¢ based on
the input sequence X and all previous outputs y; = (y1,...,%t—1)-
This formulation differs from an unconditional language model, which models the

probability of a sequence without conditioning on input X:

T

P(Y) = [[Pwly<r). 2.2)
t=1

In practice, the formulations in Equations 2.2 and 2.1 are often employed sequen-
tially. Unconditional language modeling first establishes the fundamental knowledge
of languages by learning from diverse text, while conditional modeling specializes this
knowledge for specific tasks. This two-stage approach is further discussed in §2.2.
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2.1.1 Architecture Overview

In most NLP applications, both the input sequence X and the output sequence Y are text.
The initial step is to convert raw text into a sequence of discrete units referred to as tokens.
These tokens can correspond to words, characters, or more often subword units (Sennrich
et al., 2016b; Kudo and Richardson, 2018), as they offer a middle ground in granularity.

As modern NLP models are predominantly neural networks operating in continuous
spaces, the discrete tokens must be mapped to numerical representations. This is realized
by an embedding layer, which converts each token into a high-dimensional vector. This
process transforms the input sequence of discrete tokens X = (x1,...,zy), into a sequence
of vectors (ey,...,ey), where e; € R? and d is the embedding dimensionality. The
embedding layer is often jointly optimized with the remaining model parameters by the
process described later in §2.1.2.

The sequence of input embeddings (e, ..., ex) is processed by a neural model to
produce a sequence of contextualized vector representations (h(lm), NN hgt?)), also referred

to as hidden states. The currently dominant architecture for this purpose is the Trans-
former (Vaswani et al., 2017), which is explained further in §2.1.3. These contextualized
representations serve as the input for the subsequent decoding phase, where the final
output is generated.

To generate the output sequence, the model must project its internal vector representa-
tions back into the discrete token space. This process involves a linear projection from the
final hidden state followed by a normalization step to produce a valid probability distri-
bution over all possible tokens. Formally, at each generation step ¢, the model produces a
final hidden state h{"t € Rndden, This vector is projected to a logit vector:

Zy = W(out) hgout) ) (2.3)

where z; € RIVI with |V| being the cardinality of the set of possible tokens V" and contains
unnormalized scores for each possible token, and Wy, € RIVI*dhiaden g the linear projec-
tion. To convert z; into a valid probability distribution, the softmax function is applied.
For the i-th token candidate wj, its probability at time step ¢ is:

exp(2,i)

P(wi‘y<t7X) = SOftmaX(zt)i = —
S exp(z)

(2.4)

where z; ; is the logit value for this token and exp(-) is the exponential function. From this

distribution, the next token can be selected to form the output sequence.

2.1.2 Optimization

The model’s parameters, or weights, as denoted with 6, are learned from a dataset of
input-output pairs D = {(X*, Y?)}. Training the model is an optimization problem, where
the objective is to find the parameters that maximize the conditional probability of the
target sequences given their source sequences over the whole dataset. This is equivalent
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to minimizing the negative log likelihood, which is formulated as the cross-entropy loss.
Given a training sample (X, Y'), the loss is the sum of the negative log probabilities of each
ground-truth token in the target sequence:

Yl

L(0) = - Zlog P(yt|y<t, X;0). (2.5)
=1

In practice, this optimization is performed on batches of training samples using stochastic
gradient descent with an optimizer like Adam (Kingma and Ba, 2015). The gradients of
the loss with respect to ¢ are computed via backpropagation (Rumelhart et al., 1986).

2.1.3 Transformer

The Transformer architecture (Vaswani et al., 2017) has become the de facto approach
for sequence modeling. A standard Transformer layer has two main sub-layers: a multi-
head self-attention network and a position-wise feed-forward network. Each sub-layer is
wrapped in residual connections (He et al., 2016) and combined with layer normalization
(Ba et al., 2016). Residual connections create a shortcut connection by adding the sub-
layer’s input to its output, allowing the original representation to be passed through
the layer unmodified. This recurring pattern creates a residual stream, which enables a
more direct information and gradient flow and is essential for mitigating the vanishing
gradient problem (Hochreiter, 1998) when training models with a large number of layers.
Moreover, since both the self-attention and the position-wise feed-forward networks are
permutation-invariant, the original Transformer addressed this by adding fixed sinusoidal
positional encodings to the input embeddings, thereby injecting information about each
token’s absolute position.

The original Transformer architecture has been refined with several improvements
that are now standard in modern large language models. Relative position encodings
(Shaw et al., 2018; Dai et al., 2019), especially the Rotary Positional Encodings (Su et al.,
2024), are widely used to address the poor length extrapolation of the original absolute
positional encodings. Performance is further enhanced by replacing the feed-forward
network’s Rectified Linear Unit (ReLU) (Fukushima, 1975) activation with Gated Linear
Unit variants like SwiGLU (Shazeer, 2020). Moreover, the standard layer normalization
(Ba et al., 2016) is often substituted with Root Mean Square Layer Normalization (Zhang
and Sennrich, 2019) for computational efficiency.

2.1.4 Architecture Variants

The original Transformer (Vaswani et al., 2017) was introduced with an encoder-decoder
architecture, where the encoder creates a contextual representation of the input sequence,
which is then consumed by the decoder to autoregressively generate the output. However,
as the Transformer’s core components are modular, they are also applicable for encoder-

only and decoder-only architectures.



Chapter 2. Background

Encoder-only models, where BERT (Bidirectional Encoder Representations from Trans-
formers) (Devlin et al., 2019) is a representative, consist of a stack of Transformer encoder
layers. They process the entire input sequence with bidirectional context, meaning the
representation for each token is informed by all other tokens in the sequence. This makes
them suitable for creating contextual representations of the inputs for classification and
tagging tasks which assign labels to each token (Devlin et al., 2019; Sun et al., 2019), as well
as for creating sentence representations for retrieval tasks (Feng et al., 2022). However,
they are limited to tasks with fixed output lengths and are less suitable for text generation.

Decoder-only models, such as those from the GPT (Generative Pre-trained Transformer)
series (Radford and Narasimhan, 2018; Radford et al., 2019; Ouyang et al., 2022), consist of
a stack of autoregressive layers without a dedicated encoder. For conditional generation,
the input sequence is provided as a prefix, and the model’s task is to generate a coherent
continuation. This process is conceptually analogous to conditional generation in encoder-
decoder models, but the implementation differs. The decoder conditions on the prefix
using its own self-attention mechanism, while an encoder-decoder model uses a dedicated

cross-attention mechanism to integrate context from the encoder.

2.2 Pre-Training and Fine-Tuning

Currently, the dominant paradigm in NLP is pre-training and fine-tuning, where the
models first learn general knowledge from vast amounts of data and then specialize in
specific tasks or behaviors.

During the pre-training phase, models are trained on extensive, often unlabeled data
(Peters et al., 2018; Devlin et al., 2019; Radford et al., 2019). The training task depends
on the model’s architecture. Models with decoders are typically trained for next-token
prediction as described in Equation 2.2, where the model learns to predict the next token
in a sequence given the previous context. Encoder-only models are commonly trained
on an in-filling task, which predicts randomly masked tokens within a sequence based
on both their left and right contexts (Devlin et al., 2019). The concept of a large language
model (LLM) is defined by this massive pre-training data, as well as the size of the models
in terms of parameter count. It was found that certain capabilities only emerge once a
model surpasses a particular size threshold (Brown et al., 2020). These “emergent abilities”
(Wei et al., 2022b) allow large models to perform new tasks based on a few examples
provided in the input without parameter update.

Following pre-training, a fine-tuning stage is necessary to adapt the general-purpose
model for specific applications or to instill desired behaviors. This process continues the
training on a smaller and often labeled dataset relevant to the task of interest. The type of
fine-tuning depends on the base model and the use case. For models pre-trained on a broad
range of tasks within a certain use case, such as massively multilingual translation models
M2M-100 (Fan et al., 2021) and NLLB-200 (NLLB Team, 2024), additional fine-tuning is
often performed to focus on specific domains (Zhu et al., 2023a; Wassie et al., 2024) or
language pairs (Liu and Niehues, 2022; Gow-Smith and Sanchez Villegas, 2023; Gu et al.,
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2023). For generic pre-trained models, fine-tuning aligns the model with human intent,
turning it from a simple text completion tool into a useful assistant. Approaches include
supervised fine-tuning on instruction-response pairs (Wei et al., 2022a) and preference
optimization with reinforcement learning (Ouyang et al., 2022; Rafailov et al., 2023).

2.3 Multilingual Models

Training a single model on data from multiple languages or language pairs (e.g., English-to-
German and English-to-French translation) is an instance of multi-task learning (Caruana,
1997), where each language or language pair is a distinct but related task. The model
learns a single set of parameters ¢ that is optimized to perform well across all of these
tasks concurrently.

To realize the multi-task objective, the training datasets from different languages are
aggregated. With a language-specific dataset for language L; denoted as Dy, the complete
training corpus Dy, consists of their union:

N
Dy = | D, (2.6)

i=1
where N is the number of languages or language pairs. Although the composition of
this aggregated dataset, particularly the relative proportions of language-specific data,
can be controlled by specific sampling strategies (Arivazhagan et al., 2019b; Conneau and
Lample, 2019), the fundamental principle of learning from the combined data remains
unchanged. The model’s shared parameters are then optimized on this aggregated dataset

using the process detailed in §2.1.2.

2.3.1 Advantages and Challenges

Multilingual models offer several advantages, particularly in the context of data scarcity.
By training jointly on high-resource and low-resource languages, these models may
facilitate transfer learning (Pan and Yang, 2010; Ruder et al., 2019a), where patterns
learned from data-rich languages can improve performance on others. Meanwhile, the
substantially larger and more diverse training data stabilizes the optimization process,
which is often difficult under low-data conditions. The practical result of these combined
benefits is evident in tasks like machine translation, where systems trained on multiple
source languages for a single target language have been shown to consistently outperform
their bilingual counterparts (Aharoni et al., 2019; Arivazhagan et al., 2019b; Fan et al., 2021;
Chiang et al., 2022; Meng and Monz, 2024).

From a modeling perspective, an essential property of multilingual models is their
capability of zero-shot transfer, enabling them to generalize to tasks for which they have
not received explicit training. For instance, a model trained on German-to-English and
English-to-French translation may acquire the ability to translate from German to French

11
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without direct training on that specific pair. This phenomenon suggests the development
of abstract cross-lingual representations rather than language-specific mappings.

From an operational perspective, unified multilingual models are highly parameter-
efficient. Deploying and maintaining a single consolidated model for multiple languages is
considerably more cost-effective in terms of computational infrastructure than managing
many individual specialized models.

Despite these benefits, the multi-task nature of multilingual models introduces chal-
lenges. A primary issue is inter-language interference, where languages compete for
the model’s finite capacity, especially in dense architectures (Aharoni et al., 2019). This
competition can lead to performance degradation, often affecting low-resource languages
that are overshadowed by the data volume of high-resource languages in the training data
(Bapna and Firat, 2019).

2.3.2 Language Specialization Approaches

The challenge of inter-language interference and capacity bottleneck has motivated ap-
proaches that incorporate language-specific components. While early work relied on
hand-crafted sharing strategies, such as using language-specific decoders (Dong et al.,
2015), attention heads (Zhu et al., 2020b), or normalization layers (Zhang et al., 2020a),
more recent research has focused on methods that learn to balance shared and specialized
capacity. These approaches can be broadly categorized by how they modify a dense
model’s architecture, by adding new parameters or by specializing existing parameters.

Parameter Addition Methods

Mixture-of-Experts (MoE) networks (Eigen et al., 2014; Shazeer et al., 2017; Lepikhin
et al., 2021) address the capacity bottleneck by incorporating multiple “expert” sub-
networks and a gating mechanism that selectively activates them for a given input. This
architecture not only increases total model capacity but also provides a natural framework
for balancing task-specific and task-agnostic computations. For multilingual applications,
a common MoE configuration reserves some experts that are shared across all languages
while dedicating others to specific languages. The gating mechanism learns the optimal
combination of shared and language-specific experts for each input. This approach has
seen various successful applications, including multilingual speech recognition (Gaur
et al., 2021; Kwon and Chung, 2023; Hu et al., 2023; Wang et al., 2023a) and machine
translation (Zhang et al., 2021; NLLB Team, 2024; Pires et al., 2023).

Like MoEs, adapters (Rebuffi et al., 2017; Houlsby et al., 2019; Bapna and Firat, 2019)
are another form of conditionally activated network. They can be conceptualized as a
restricted case of MoE with a crucial difference: the routing is fixed and determined a
priori, not learned dynamically. Instead of a soft gating mechanism, adapters employ a
hard-gating scheme where specific modules are assigned to predefined tasks. A variety
of allocation schemes have been explored, such as assigning adapters to language pairs
(Bapna and Firat, 2019), individual languages (Philip et al., 2020), or language families
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(Chronopoulou et al., 2023b). Efforts have also been made to improve their parameter
efficiency through techniques like hyper-adapters (Baziotis et al., 2022). In multilingual
speech-to-text translation, for instance, language-specific adapters have improved upon
monolithic models and achieved results comparable to full fine-tuning with far fewer
parameters (Le et al., 2021).

Parameter Specialization Methods

In contrast to MoEs and adapters that add specialized components, pruning achieves
specialization through a subtractive process. Based on a trained dense model, pruning
identifies and removes unnecessary weights to create sparse, specialized sub-networks
for each language or task. This approach creates a partially shared network where the
distribution of language-specific and shared capacity is learned through weight removal.
This method has demonstrated effectiveness in various multilingual tasks (Lu et al., 2022;
Yang et al., 2023; Lin et al., 2021; Koishekenov et al., 2023; He et al., 2023).

An alternative line of work uses matrix factorization to disentangle language-specific
and shared knowledge within the existing parameter space. Instead of adding new
modules, this approach decomposes a model’s weight matrices into low-rank factors,
where some factors are shared across all languages and others are specialized. This creates
a learned allocation of capacity without increasing the parameter count. This technique
has been applied in multilingual speech recognition (Pham et al., 2021b) and translation
(Xu et al., 2023). Compared to MoEs and adapters, a key advantage of factorization is its
parameter efficiency, which becomes particularly relevant as the number of supported
languages grows (Pham et al., 2021b; Xu et al., 2023).

2.3.3 Language Alignment Approaches

While the language specialization approaches discussed in §2.3.2 mitigate interference in
supervised settings, a different set of techniques are required for applications that rely
on strong cross-lingual generalization, the model’s ability to perform tasks involving
languages for which it has not received direct training. In these scenarios, the focus shifts
from creating specialized parameters for each language to forming a unified representa-
tional space. The primary goal becomes learning aligned representations, where inputs
with equivalent meaning from different languages are mapped to nearby points within
the model’s internal representational space. The work in this thesis continues and expands
this line of research.

While pre-trained multilingual models naturally develop some degree of unified
multilingual representations (Pires et al., 2019; Conneau et al., 2020; Muller et al., 2021), the
representation spaces of different languages, although overlapping, are not fully aligned
by standard multilingual training alone (Libovicky et al., 2020; Liu et al., 2021b; Gong
et al., 2021). Explicitly strengthening the relationships between semantically equivalent
content has shown benefits in various applications, including cross-lingual retrieval (Yu

et al., 2018), mining for parallel sentences from monolingual sources (Schwenk et al.,
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2021a; Duquenne et al., 2023a,b; Okabe et al., 2025), zero-shot classification (Hu et al.,
2021; Gritta and Iacobacci, 2021) and translation (Arivazhagan et al., 2019a; Pham et al.,
2019; Duquenne et al., 2022). Despite different approaches, these works share a common
objective of aligning representations of semantically equivalent content across languages

while preserving overall expressiveness.

2.4 Tasks

While this thesis primarily focuses on machine translation tasks (§2.4.1), our evaluations
also extend to tasks traditionally framed as sequence tagging, such as slot filling (§2.4.2).
The instruction-following capabilities of large language models make it possible to address
these distinct tasks within the same next-token generation framework.

2.4.1 Machine Translation

Machine Translation (MT) is a canonical application of the sequence-to-sequence frame-
work described in §2.1. In this task, the input sequence X represents a sentence in a source
language, and the model’s objective is to generate the corresponding output sequence Y,
which is the translated sentence in a target language. The translation process typically
operates on a sentence-by-sentence basis. To learn this mapping, sequence-to-sequence
models are trained on parallel data, which consists of sentence pairs where each source
sentence is matched with its translation. This parallel data provides the supervision signal
for the model to learn the conditional probability distribution P(Y|X).

When a single model is trained to translate into multiple target languages, it requires an
explicit signal to determine which target language to generate for a given source sentence,
as the conditional probability P(Y|X) is otherwise ambiguous. Traditionally, this was
realized by prepending a special token corresponding to the target language, either to
the source sequence X (Johnson et al., 2017) or the target sequence Y (Ha et al., 2017).
When prepended to X, the encoding of the entire input is informed by the desired output
language. On the other hand, using it as the first token of Y guides the autoregressive
generation process from its first step. More advanced approaches incorporate embedding
vectors specific to the target language at each position of the output sequence (Ha et al.,
2017), providing a durable signal throughout generation.

More recently, with the rise of instruction-following models, the target language
identity is often incorporated in natural language instructions or prompts that precede
the source sentences. Specifically, the input X is broken down into two components: an
instruction, such as “translate this from English to German”, and the source sentence itself.
This reframes multilingual translation as a general instruction-following task, unifying it
with other conditional text generation problems handled by large language models.
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2.4.2 Slot Filling

Slot filling is a core NLP task that aims to extract specific pieces of information from text
and assign them to predefined semantic categories, or “slots”. For instance, given the
sentence “Book a flight to Berlin for tomorrow”, the objective is to extract “Berlin” as the
value for the “destination” slot and “tomorrow” as the value for the “date” slot. This
task has traditionally been framed as a sequence tagging problem. In this formulation,
the model assigns a label to each token in an input sequence X = (x1,...,zy) to identify
text spans that correspond to slot values. Tokens that do not belong to any slot are
typically assigned a null or “outside” label. This approach constrains the output space,
distinguishing it from more open-ended generation tasks such as machine translation, as
discussed in §2.4.1.

With the rise of large language models, many sequence tagging tasks have been
reformulated as generation problems. In this formulation, rather than assigning a label
to every token, the model generates a string that describes the filled slots and their
corresponding values. For the previous example sentence, the model may produce a
structured text such as “[destination]: Berlin; [date]: tomorrow”. In this output, only the
words corresponding to slot values are present, while other words are omitted because
they do not fill any slot. This generated string is then post-processed and parsed to
reconstruct a slot-value dictionary.

This generation approach has high requirements on the model’s ability to adhere to
a strict output format. Any deviation from the predefined template, such as a missing
separator or a slightly altered label name, can cause failures in parsing and thereby
extracting the structured information. The challenge of maintaining format consistency is
exacerbated when the number of potential labels is large, as this increases the variability
of possible outputs and the possibility of producing ill-formed structures.

2.5 Evaluation

Evaluation metrics are crucial for assessing model quality. While human evaluation is the
most direct way to measure how helpful models are to users, it faces significant challenges
in cost and scalability. Conducting human evaluations requires substantial resources,
including recruiting qualified evaluators, establishing clear rating criteria, and allocating
time for annotation, all of which quickly become prohibitive as model development
accelerates.

These limitations necessitate automatic evaluation metrics. These metrics operate by
comparing model outputs against reference outputs on curated test sets. The difficulty of
automatic evaluation varies with the nature of the task, particularly with the degree of
acceptable variation in the expected output. This section describes the standard metrics
for structured tasks with deterministic solutions, as well as for machine translation.
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2.5.1 Classification Task Evaluation

Some NLP tasks have a single correct output for each input, for instance text classification,
part-of-speech tagging, and slot filling. In these cases, the ground truth for any given input
is unambiguous, making the evaluation process relatively straightforward. A system’s
output can be directly compared against the annotated ground-truth reference. In this
context, pure accuracy is not suitable when dealing with imbalanced datasets, where the
score could be misleading when some classes significantly outnumber others. Instead,
performance is commonly measured by metrics based on the number of true positives
(TP), false positives (FP), and false negatives (FN).
Precision measures the fraction of predicted positive instances that are correct.

TP

ision = ———— 27

Precision TP + P (2.7)

Recall measures the fraction of actual positive instances that the model correctly
identifies. P

Recall = ———— 2.8

T TP N 28

The F; score is the harmonic mean of precision and recall and is particularly useful
when there is an uneven class distribution.

Precision - Recall
=92. 29
=2 Precision + Recall (2.9)

For multiclass classification problems, these metrics are calculated on a per-class basis

and then aggregated.

2.5.2 Machine Translation Evaluation

In contrast to tasks with a single correct output, many NLP applications such as machine
translation and summarization are open-ended, meaning multiple viable outputs can exist
for a single input. This property makes evaluation more complex, as a generated output
may differ lexically from reference texts while still being semantically correct. This section
reviews two types of automatic evaluation metrics, with a focus on their application to
machine translation.

Match-Based Metric: BLEU

BLEU (Papineni et al., 2002), standing for BiLingual Evaluation Understudy, is a long-
standing automatic metric for MT evaluation. Given a candidate translation, BLEU
measures the overlap of its n-grams (sequences of n adjacent tokens) with one or more
reference translations. The score is formally defined as a brevity-penalized geometric
mean of n-gram precisions:

N
BLEU = BP - exp <Z Wp, logpn) ) (2.10)

n=1
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where BP is the brevity penalty that penalizes translations shorter than the references,
Pn is the n-gram precision itself, and w,, are the weights for each n-gram precision. In
the standard configuration by Papineni et al. (2002), N is set to 4 and wy, is set uniformly
to 1/N. BLEU scores range from 0 to 1 but are conventionally multiplied by 100 for
readability. This thesis follows this convention.

Despite its wide adoption, BLEU has well-documented limitations. First, it is highly
sensitive to the chosen text tokenization method, which leads to poor comparability across
studies. This issue is particularly relevant for languages that do not use whitespace to
delimit words, such as Chinese or Japanese, as they require external tokenizers that may
introduce further inconsistencies. Moreover, BLEU's reliance on exact substring matching
makes it ill-suited for morphologically rich languages (where words extensively change
form to represent grammatical features), as it penalizes valid grammatical variations of
words as complete mismatches.

To address these shortcomings, the sacreBLEU (Post, 2018) toolkit was introduced
to standardize the evaluation pipeline and ensure comparable scores. To better account
for morphological diversity, more fine-grained metrics such as chrF (character n-gram
F-score) (Popovi¢, 2015) and subword-level BLEU (Goyal et al., 2022) have emerged as
alternatives.

Neural Metric: COMET

Neural evaluation metrics address many of the limitations of match-based approaches.
These metrics score translations by their semantic similarity to references rather than
lexical overlap. COMET (Rei et al., 2020, 2022), standing for Crosslingual Optimized
Metric for Evaluation of Translation, is a representative approach. This metric has been
widely adopted after demonstrating much stronger correlation with human judgment
compared to BLEU (Freitag et al., 2022).

The COMET architecture is built on a pre-trained multilingual encoder such as XLM-
RoBERTa (Conneau et al., 2020), which is a modular component that can be replaced
with other models. This encoder generates contextualized embeddings for the source
text, the candidate translation, and the reference translation. The embeddings are then
passed to a feed-forward regression network. This model is trained to predict quality
scores assigned by human annotators, which are typically normalized using a z-score
transformation to account for inter-annotator variance. Similar to BLEU, the COMET
scores are conventionally scaled by 100 for readability.

By using contextual embeddings, COMET can handle semantically equivalent expres-
sions that would otherwise be penalized under match-based evaluation. However, it also
has limitations, including insensitivity to incorrect output languages (Zouhar et al., 2024a)
and biases toward certain text styles (Zouhar et al., 2024b).
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Metrics in this Thesis

Given these complementary strengths and weaknesses, current best practices recommend
reporting both in multilingual evaluation (Zouhar et al., 2024a). Therefore, we use BLEU
as a transparent surface-level measure and COMET to capture deeper semantic correspon-
dence. For BLEU, we use the sacreBLEU toolkit (Post, 2018) to ensure reproducibility and
report the specific evaluation signatures. For COMET, we use the standard model variant
named Unbabel/wmt22-comet—-da, which was the default at the time of writing. An
exception is Chapter 3, where only BLEU scores are reported, as the experiments were
conducted before the publication of COMET (Rei et al., 2020).

Interpreting Scores

A critical caveat for automatic metrics, whether string-match-based or neural, is the
difficulty of interpreting their scores in terms of absolute quality (Kocmi et al., 2024b).
Match-based scores like BLEU are highly dependent on the linguistic properties of the
target language and the difficulty of the test set. For instance, a BLEU score of 30 might
indicate high quality for a morphologically rich language but only mediocre quality for
English. For COMET scores, there is also not a direct interpretation in terms of absolute
quality. Receiving a COMET score of 80 does not mean that a translation is 80% correct.
The primary use of this metric lies in ranking the relative performance of different systems.
While recent work has developed more interpretable metrics that provide fine-grained
error analyses (Fernandes et al., 2023; Guerreiro et al., 2024), fully interpretable evaluation

remains an active research area beyond the scope of this dissertation.

18



Chapter 3

Zero-Shot Translation without Pre-Training

As motivated in the introduction (§1.1), an essential generalization ability we study
is combining knowledge from trained tasks to tackle unseen ones, i.e., compositional
generalization. Multilingual machine translation provides an ideal testbed for evaluating
this ability. Having learned to translate language pairs A—B and B—C, a model that
generalizes effectively should be able to directly perform A—C translation. This ability to
translate between language pairs without explicit training on parallel data is known as
zero-shot translation.

Despite its conceptual appeal, zero-shot translation remains challenging in practice. In
this chapter, we first investigate why current multilingual models struggle with this task
by analyzing their internal representations. Our analysis reveals that these representations
retain substantial language-specific information, which hinders generalization across
language pairs. Building on this insight, we propose a technique that improves zero-shot
translation by reducing language-specific information. Lastly, we demonstrate that our
approach provides synergistic gains when combined with existing methods.

Of all chapters in this thesis, this one assumes the highest architectural flexibility, as
the models are unconstrained by pre-trained components. This chapter is partly based on
Liu et al. (2021Db).

3.1 Introduction

Multilingual neural machine translation (MNMT) systems integrate multiple translation
directions within a single model (Dong et al., 2015; Firat et al., 2016; Ha et al., 2016; Johnson
et al., 2017), offering advantages including simplified deployment and potential for cross-
lingual knowledge transfer. One particularly valuable form of this transfer is to combine
learned translation directions to handle new translation pairs without parallel training
data.

Since their inception, MNMT models have demonstrated the ability to directly translate
between language pairs unseen in their training data, i.e., zero-shot translation (Johnson
etal., 2017; Ha et al., 2017). However, initial studies were limited in language coverage,
typically involving a small number of languages and focusing on closely related language
pairs. This falls short when considering the approximately 7,000 languages in the world.

In real-world scenarios, most languages have available English translations, suggesting
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that an ideal system would train on English translations and enable direct translation
between the non-English languages. This offers a significant advantage in data efficiency,
as training on a linear number of language pairs could potentially serve a quadratic
number of language pairs.

An alternative for addressing zero-shot conditions is to pivot through an intermediate
language, typically English. In pivot-based translation, text is first translated from the source
language into the pivot language, then from the pivot language into the target language.
Despite its simplicity, pivoting introduces both theoretical and practical limitations. First,
this approach suffers from an inherent information loss by conversion to intermediate
languages, as certain concepts or linguistic structures may lack direct equivalents in the
pivot language. For example, the German word “gemiitlich” describes a warm, cozy
atmosphere with a sense of belonging, a concept that requires lengthy explanation in
English but translates directly to the Dutch equivalent “gezellig”. Additionally, pivoting
doubles inference latency, increasing computation overhead and serving costs.

Despite the theoretical and practical appeal, zero-shot translation has consistently
underperformed compared to pivot-based methods. Prior works (Arivazhagan et al.,
2019a; Zhang et al., 2020a; Rios et al., 2020) suggest that standard systems tend to generate
poor outputs, often in an incorrect target language. A central issue causing incorrect
target language generation is that models capture spurious correlations between source-
target language pairs with supervised training data (Gu et al., 2019), thereby limiting
generalization to new source-target language combinations.

We argue that language-invariant representations are a prerequisite for zero-shot
translation, and that their absence hinders zero-shot performance. Ideally, language-
invariant representations would function as a universal intermediate format that captures
semantic content while abstracting away source language characteristics. This would
enable the decoder to apply its learned target language generation capabilities regardless of
the source language input. Specifically, during training, the model learns to encode inputs
in forms that facilitate translation for supervised directions. If encoded representations
are not language-invariant, decoders must handle inputs distributed differently from
training data when prompted for zero-shot translation to different target languages, which
naturally degrades performance.

This invariance mirrors other concepts in computer science, including intermediate
representations in compilers and interfaces in software engineering, as both serve as ab-
straction layers that decouple input specifics from output generation. In compiler design,
intermediate representations allow the same backend to generate code for different tar-
get architectures regardless of the source language. In software engineering, interfaces
allow different implementations to work together without explicitly pairing each possible
combination. Crucially, these approaches eliminate the need to create a quadratic number
of direct mappings between input and output types, reducing the quadratic number of
pairwise connections to linear.
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3.1.1 Task Definition

In this chapter, we study the following task:

Given a model trained on N — 1 languages and their English translations, how
to improve direct translation for the remaining N(N —1) — 2(N — 1) zero-shot
S— —

all language pairs  trained pairs
directions?

This task is fundamentally a challenge of compositional generalization. To translate
between a pair of non-English languages, the model cannot rely on existing training
examples. Instead, it must learn to compose two skills acquired from training, translating
from the source language into English and then into the target language. Achieving direct
translation instead of relying on two-step pivot translation has advantages in reducing
inference latency and the risk of error propagation.

3.1.2 Contributions

In this chapter, we show that typical Transformer encoders (Vaswani et al., 2017) produce
outputs with strong positional correspondence to input tokens, which hinders the creation
of language-invariant representations. For example, in the English sentence in Figure 3.1,
encoder outputs h; 2 3 correspond to “a”, “big”, “cat” respectively. While this property
is essential for tasks such as sequence tagging, it becomes harmful in tasks requiring
language-invariant representations. Even assuming perfect lexical mapping of input
embeddings (e.g., “cat” and “gato” sharing identical embedding vectors), the resulting
encoder outputs remain language-specific due to word order differences across languages.

We therefore propose relaxing this structural constraint and offer the model flexibility in

word reordering within the encoder.

Specifically, we make the following contributions:

* We show that the positional correspondence to input tokens hinders zero-shot transla-
tion. We achieve considerable gains on zero-shot translation quality by only removing
residual connections once in a middle encoder layer.

¢ Based on detailed analyses of model intermediate representations, we show that our ap-
proach creates more language-invariant representations both on the token and sequence
level.

* Our proposed model allows easy integration of new languages, which enables zero-shot
translation between the new language and all other languages previously trained on.

¢ We show that our architectural modification is complementary to previous methods
that explicitly align representations. When combined with these methods, our approach
leads to further improvements.
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‘ encoder | ‘ encoder |

a big cat un gato grande

FIGURE 3.1: An example of language-specific encoder outputs as a result of the strong
positional correspondence to input tokens (even assuming the word embeddings are cross-
lingually mapped).

3.2 Related Work

While early multilingual translation systems exhibited some zero-shot translation capa-
bilities (Johnson et al., 2017; Ha et al., 2017), the performance fell far behind pivot-based
methods, even under favorable testing conditions with limited language diversity. Sub-
sequent research has explored several directions for improving zero-shot translation

performance, which we organize into the following subsections.

3.2.1 Alignment Losses

Fully parameter-shared models have gained popularity, with massively multilingual
systems showing encouraging results (Aharoni et al., 2019; Zhang et al., 2020a; Fan et al.,
2021). Besides advantages such as compactness and ease of deployment, the tightly
coupled model components also raise new questions. One key question is how to form
language-agnostic representations at a suitable abstraction level. In this context, one
approach introduces auxiliary training objectives to align the representations of different
languages (Arivazhagan et al., 2019a; Al-Shedivat and Parikh, 2019; Pham et al., 2019),
with semantically similar contents having higher similarity. In this work, we take a
different perspective. Instead of introducing additional objectives, we relax some of the
pre-defined structural constraints to facilitate language-invariant representations. We
also demonstrate that our approach is complementary to alignment losses proposed in

previous works.

3.2.2 Language Token Strategies

Controlling output languages is a fundamental challenge in multilingual translation. This
is typically addressed by trainable special placeholders, known as language tokens, which
signal the relevant language identities to the model (Ha et al., 2016; Johnson et al., 2017).
This mechanism is based on identical principles to subsequently developed prompt tuning
techniques (Lester et al., 2021). In zero-shot translation, as incorrect output language
generation has been identified as a major limitation, prior works have proposed methods
to improve target language control through additional embeddings along decoding steps
(Ha et al., 2017) and reinforcement of target language identity in early layers (Qu et al.,
2024). Zero-shot performance is highly sensitive to language token strategies (Wu et al.,
2021; ElNokrashy et al., 2022). In this chapter, we adopt the target language embeddings
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approach (Ha et al., 2017; Pham et al., 2019), which has demonstrated strong zero-shot

performance.

3.2.3 Language-Specific Parameter Allocation

While our work focuses on fully parameter-shared models, language-specific parameter
allocation is an orthogonal direction that exchanges model compactness for architectural
modularity and reduced parameter interference. In zero-shot translation, one line of work
focuses on controlling or learning the level of parameter sharing between languages. One
approach employs language-specific encoders and decoders for individual languages
while maintaining shared intermediate layers (Lu et al., 2018; Vazquez et al., 2019; Es-
colano et al., 2020; Purason and Téattar, 2022). Another approach dynamically generates
parameters for language-specific components (Platanios et al., 2018; Baziotis et al., 2022).

3.24 Monolingual Pre-Training, Data Augmentation and Mining

Besides modeling efforts, zero-shot translation can be enhanced through data-centric
approaches that mitigate the scarcity of direct parallel data. Monolingual pre-training
strengthens the decoder’s generation capabilities for languages in zero-shot pairs by
leveraging large monolingual corpora (Gu et al., 2019; Ji et al., 2020). Synthetic data
generated by back-translation (Gu et al., 2019; Lakew et al., 2019b; Zhang et al., 2020a)
or pivot-based translation (Currey and Heafield, 2019) effectively converts the zero-shot
problem into a supervised one by creating pseudo-parallel corpora. A similar approach
is to mine parallel data for non-English languages from existing training data (Freitag
and Firat, 2020) or monolingual resources (Schwenk, 2018; Hangya and Fraser, 2019)
to enrich the existing English-centric data. While acknowledging the effectiveness of
these data-centric approaches, our work is deliberately scoped to models without them,
thereby creating a controlled setting to evaluate generalization capabilities under stricter,

English-centric data conditions.

3.3 Disentangling Positional Information

Zero-shot inference relies on a model’s generalizability to conditions unseen in training.
As motivated earlier, in the context of zero-shot translation, the input should ideally be
encoded into a language-invariant representation, based on which the decoder can trans-
late into any target language required, similar to the notion of an interlingua. However,
the ideal of “any input language, same representation” cannot be easily fulfilled with a
standard encoder, as we have shown in the motivating example in Figure 3.1.

Our work identifies a key contributor to this issue: the strong positional correspon-
dence between the encoder’s input tokens and its output hidden states. Formally, for
a sequence of input token embeddings (eq,...,e,), the corresponding encoder output
(hy, ..., h,) retains a structure where the i-th hidden state h; primarily contains informa-

tion about e;. While this property is essential for tasks such as contextual embedding and
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In a middle encoder layer:

FF | FF FF

Cow by | o
)

FIGURE 3.2: [Illustrations of our proposed modifications to an original encoder layer:

dropping residual connections once (§3.3.2); making attention query based on position

encoding (§3.3.3). Before each self-attention (SA) and feed forward (FF) layer we apply layer
normalization, which is not visualized here for brevity.

sequence tagging, it is less suitable for language-invariant representations. As sentences
with identical meaning in different languages often have different lengths and word
orders, this positional dependency ensures they are encoded into structurally dissimilar
hidden state sequences.

We hypothesize that this positional correspondence is enforced by two architecture
features: residual connections and the alignment patterns in encoder self-attention. By
modifying these two components accordingly, we aim to alleviate the positional corre-
spondence. Specifically, we propose setting a specialized encoder layer free from these
positional constraints, allowing it to reorder information rather than strictly following the
input token order.

Prior work suggests that the choice of positional encoding affects how the Transformer
model preserves word order information, where absolute positional encodings, as used in
the original Transformer (Vaswani et al., 2017), strengthen this information (Ahmad et al.,
2019). In contrast, we show that this issue is not caused exclusively by absolute positional

encodings, as the same problem also impacts learned positional embeddings (§3.7.2).

3.3.1 Initial Analysis: Probing Language Invariance

To quantify the degree to which positional information is preserved in the encoder outputs,
we conduct a probing analysis, a common technique for inspecting model internal repre-
sentations (Adi et al., 2017; Libovicky et al., 2020). After training a baseline multilingual
Transformer (details in §3.4.2), we attach an auxiliary classifier to its encoder outputs.
The classifier’s objective is to predict the original input token identities! or their absolute
position identities? from the corresponding encoder outputs. As shown in Table 3.1, the
classifier can recover token identities from the baseline model’s encoder output with near-
perfect accuracy. This result demonstrates a strong, nearly one-to-one mapping between

Yin {1,...,|V|} where |V| is the number of possible tokens
%in {1, ..., max_pos} where max_pos is the maximum number of tokens accepted by the model
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input tokens and output hidden states, verifying our hypothesis on the strong positional
correspondence.

Dataset Token ID Position ID

IWSLT 99.9 93.3
Europarl 99.5 85.1
PMIndia 99.6 90.1

TABLE 3.1: Classification accuracy (%) when recovering input positional information (token
and position identities) from encoder outputs. High accuracy indicates strong positional
correspondence to input tokens.

3.3.2 Removing Middle-Layer Residual Connections

In the original Transformer architecture from Vaswani et al. (2017), residual connections
(He et al., 2016) are applied in every layer, for both the multi-head attention and the
feed-forward layer. By adding each layer’s inputs to its outputs, the residual connections
facilitate gradient flow to bottom layers of the network. However, since the residual
connections are present throughout all layers, they strictly impose a one-to-one alignment
between the inputs and outputs. For the encoder, this causes the outputs to be positionally
corresponding to the input tokens.

We propose to relax this condition, such that the encoder outputs become less position-
and hence language-specific. Meanwhile, to minimize the impact on the model architecture
and ensure gradient flow, we limit this change to only one encoder layer, and only its
multi-head attention layer. Figure 3.2(b) gives a visualization of this change in comparison

to the original encoder in Figure 3.2(a).

3.3.3 Position-Based Self-Attention Query

Besides the residual connections, another potential reason for the positional correspon-
dence is the encoder self-attention alignment. Via the self-attention transform, each
position is a weighted sum from all input positions. While the weights theoretically can
distribute over all input positions, they are often concentrated locally, particularly with
output position ¢ focusing on input position i. Previous works on various sequence tasks
(Yang et al., 2020; Zhang et al., 2020b) have shown heavy weights on the diagonal of the
encoder self-attention matrices.

In this light, the motivation of our method starts with the formation of the self-attention
weight matrix: score(Q, K) = QK”, where Q and K are the query and key matrices. This
N x N matrix encapsulates dot product at each position against all IV positions. Since
the dot product is used as a similarity measure, we hypothesize that when Q and K are
similar, the matrix will have heavy weights on the diagonal, thereby causing the positional
correspondence. Indeed, Q and K are likely similar since they are projections from the
same input. We therefore propose to reduce this similarity by replacing the projection base

of the self-attention query by a set of sinusoidal positional encodings. Moreover, to avoid
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potential interaction with positional information retained in K, we use a wave length for
this set of sinusoidal encodings that is different from what is added onto encoder input
embeddings. Figure 3.2(c) contrasts our position-based attention query with the original
model in Figure 3.2(a), where the key, query, and value are all projected from the input to

the self-attention layer.

3.4 Experimental Setup

Our experiments cover high- and low-resource languages and different data conditions.
We choose an English-centered setup, mirroring real-world data availability of English
translations. We train on X <+ en parallel data, and test the zero-shot translation between
all non-English languages. This scenario is particularly difficult for zero-shot translation,
as half of the target-side training data is in English.

3.4.1 Datasets

Our datasets originate from three sources: IWSLT 2017 (Cettolo et al., 2017), Europarl v7
(Koehn, 2005), and PMIndia (Haddow and Kirefu, 2020). The IWSLT and Europarl data
are taken from the MMCR4NLP corpus (Dabre and Kurohashi, 2017). An overview of the
datasets is in Table 3.2.

To investigate the role of training data diversity, we construct two conditions for
Europarl, where one is fully multiway aligned, and the other has no multiway alignment
at all. Both are subsets of the full dataset with 1M parallel sentences per direction. In
the main experiments, we report results on Europarl disjoint and multiway. For later
experiments (§3.8.3), we also include Europarl full. Moreover, we study the challenging
case of PMIndia with very limited training data, distinct writing systems, and a large
number of agglutinative languages that are particularly difficult to translate into. Table 3.3

outlines the languages in our experiments.

Dataset Language Coverage (X <> en) # zero-shot directions # sent. per direction
IWSLT {it, nl, ro} 6 145K
PMlIndia {bn, gu, hi, ml, mr, kn, or, te, pa} 72 26-53K
Europarl:

- disjoint 119K

- multiway {da, de, es, fi, fr, it, nl, pt} 56 119K

- full M

TABLE 3.2: Overview of the datasets.

3.4.2 Training and Evaluation
Training Details for Baselines

By default we use Transformer (Vaswani et al., 2017) with 5 encoder and decoder layers.

For the Europarl datasets, we enlarge the model to 8 encoder and decoder layers to

26



3.4. Experimental Setup

Code Name Family Script
it Italian Romance
nl Dutch Germanic
ro Romanian Romance
da Danish Germanic
de German Germanic Latin
es Spanish Romance
fi Finnish Uralic
fr French Romance
pt Portugese Romance
bn Bengali Indo-Aryan Bengali
gu Gujarati Indo-Aryan Gujarati
hi Hindi Indo-Aryan Devanagari
kn Kannada Dravidian Kannada
ml Malayalam Dravidian Malayalam
mr Marathi Indo-Aryan Devanagari
or Odia Indo-Aryan Odia
pa Punjabi Indo-Aryan Gurmukhi
te Telugu Dravidian Telugu

TABLE 3.3: Overview of the languages in our experiments.

account for the larger amount of training data. To control the output language, we use a
target-language-specific begin-token as well as language embeddings concatenated with
decoder word embeddings®, following Pham et al. (2019). No source language token is
used, following the motivation of creating language-invariant encoder representation.
Moreover, we include variational dropout (Gal and Ghahramani, 2016) as a comparison
since it was used in a previous work on zero-shot translation (Pham et al., 2019) instead
of the standard element-wise dropout. With variational dropout, all timesteps in a layer
output share the same mask. This differs from the standard dropout, where each element
in each timestep is dropped according to the same dropout rate. We hypothesize that this
technique helps reduce the positional correspondence with input tokens by preventing
the model from relying on specific word orders. Additional training details are available
in Appendix A.2.

Training Details for Proposed Models

As motivated in §3.3, we modify a middle encoder layer, specifically, the third of five
layers and the fifth of eight layers in our respective models. To analyze the effects of
our interventions, we establish two experimental conditions, which we refer to by the
labels “Residual” and “Query” in our results. The “Residual” condition denotes the
removal of the residual connection, while the “Query” condition involves replacing the
standard self-attention query with a position-based query. This query’s projection basis is

a positional encoding with a wave length of 100.

*The concatenation of language embedding and decoder word embedding is then projected down to the
embedding dimension to form the input embedding to the decoder.
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Dataset Supervised Directions Zero-Shot Directions
atase

Baseline Residual +Query Baseline Residual +Query Pivot
(1) IWSLT 2017 29.8 294 29.4 10.8 17.7 (+6.9) 178 19.1
(2) Europarl multiway  34.2 33.9 33.1 11.3  26.1(+14.8) 251 259
(3) Europarl disjoint 35.6 35.4 34.9 82 26.7(+185) 258 27.1
(4) PMIndia 30.4 29.9 29.2 0.8 23 (+1.5) 1.1 221

TABLE 3.4: BLEU scores on supervised and zero-shot directions. On IWSLT and Europarl

(rows (1 — 3)), removing residual connections once substantially improves zero-shot transla-

tion while retaining performance on supervised directions. On PMIndia from row (4), our

approach can be improved further by additional regularization (Table 3.6). Detailed scores
per language pair are in Appendix A 4.

Evaluation

For IWSLT, we use the official tst2017 set. For PMIndia, as the corpus does not come with
dev and test sets, we partition the dataset ourselves by creating a multiway subset of all
languages, resulting in 1,695 sentences in the dev and test set each. For Europarl, we use
the test sets from the MMCR4NLP corpus (Dabre and Kurohashi, 2017).

3.5 Results

3.5.1 Effect of Positional Disentanglement

Our approach substantially improves zero-shot translation quality, as summarized in
Table 3.4. The first observation is that modification in residual connections is essential
for zero-shot performance*. We gain 6.9 and up to 18.5 BLEU points over the baseline on
IWSLT and Europarl (rows (1) to (3)) respectively. When inspecting the model outputs,
we see that the baseline often generates off-target translation in English, in line with
observations from prior works (Arivazhagan et al., 2019a; Zhang et al., 2020a). Our
proposed models are not only consistent in generating the required target languages in
zero-shot conditions, but also show competitive performance to pivoting via English. The
effects are particularly prominent between related languages. As shown in Table 3.5, on
Europarl, zero-shot outperforms the pivoting when translating between languages from
the same families.

In the highly challenging case of the PMIndia dataset (row (4)), while removing the
residual connection does improve the zero-shot performance, the score of 2.3 indicates
that the outputs are still far from being useful. Manual inspection confirms that generated
translations are mostly English instead of the desired output language. Nonetheless, we
are able to remedy this by further regularization in §3.5.2.

Contrary to the large gains by removing residual connections, the attention query
modification is not effective when combined with residual removal. This suggests that the

primary source of position-specific representation is the residual connections.

*We also experimented with: 1) removing the residual in more layers, but observed large negative impact
on convergence; 2) replacing the residual connections by meanpooled sentence embeddings, but the gains on
zero-shot directions were less than removing the residual connections.

28



3.5. Results

Dataset Family Baseline Pivot Residual

Germanic 6.9 259 26.2(+0.3)
Romance 10.2 32.8 33.1(+0.3)

Germanic 11.8 248 255 (40.7)
Romance 13.5 31.0 32.3(+1.3)

Europarl multiway

Europarl disjoint

TABLE 3.5: Zero-shot BLEU scores between languages of the same families on Europarl
multiway and disjoint (rows (2) and (3) from Table 3.4). Our approach outperforms pivoting
via English.

Moreover, by contrasting rows (2) and (3) of Table 3.4, we show the effect of training
data diversity. In practice, the parallel data from different language pairs are often to
some degree multiway. Multiway data could provide an implicit bridging that facilitates
zero-shot translation. With disjoint data, gains can come from training with a larger
variety of sentences. Given these two opposing hypotheses, our results suggest that the
diverse training data is more important for both supervised and zero-shot performance.
With disjoint data, we first observe improved supervised translation performance by
around 1.5 points for all three model configurations (Baseline, Residual, Residual+Query).
Meanwhile, the zero-shot score also increases from 26.1 to 26.7 points with our model
(Residual). The baseline, on the contrary, loses from 11.3 to 8.2 points. This suggests that
our model can better utilize the diverse training data than the baseline under zero-shot

conditions.

3.5.2 Effect of Additional Regularization

In §3.4.2, we hypothesized that variational dropout helps reduce position-specific represen-
tation. Table 3.6 shows the outcome of replacing the standard dropout by this technique.
First, variational dropout also improves zero-shot performance over the baseline, yet not
as strongly as residual removal. On IWSLT and Europarl, there is no additive gain by
combining both techniques. On PMIndia, however, combining our model and variational
dropout is essential for achieving reasonable zero-shot performance, as shown by the
increase from 2.3 to 14.3 points. Why is the picture different on PMIndia? We identify
two potential reasons: 1) the low lexical overlap® among the languages (8 different scripts
in the 9 Indian languages); 2) the extreme low-resource condition (30K sentences per
translation direction on average).

To understand this phenomenon, we create an artificial setup based on IWSLT with
1) no lexical overlap by appending a language tag before each token; 2) extremely low
resource by taking a subset of 30K sentences per translation direction. The scores in
Table 3.7 show the increasing benefit of variational dropout given very low amount of
training data and shared lexicon. We interpret this through the lens of generalizable
representations: With low data amount or lexical overlap, the model tends to represent its
input in a highly language-specific way, hence hurting zero-shot performance.

We also tried mapping the 9 Indian languages into the Devanagari script, but got worse zero-shot
performance compared to the current setup.
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Zero-Shot Directions

Dataset

Baseline +vardrop | Residual +vardrop
IWSLT 10.8 14.9 17.7 17.7
Europarl 8.2 251 26.7 26.4
PMIndia 0.8 2.4 2.3 14.3

TABLE 3.6: Zero-shot BLEU scores by variational dropout (“+4-vardrop”) on IWSLT, Europarl

disjoint, and PMIndia. On the first two datasets, combining residual removal and variational

dropout has no synergy. On PMIndia with little data and low lexical overlap, the combination
of the two is essential.

Condition Residual + vardrop
(1) Normal 17.7 17.7 (+0.0)
) (1)+little data 119 129 (+1.0)
(3)  (2)4no lexical overlap 9.7 12.2 (+2.5)

TABLE 3.7: Zero-shot BLEU scores on a subset of IWSLT artificially constructed with little
training data and no shared lexicon. The benefit of regularizing by variational dropout
becomes prominent as the amount of training data and shared lexicon decreases.

3.5.3 Adaptation to Unseen Language

So far our model has shown promising zero-shot performance. Here we extend the chal-
lenge of zero-shot translation by integrating a new language. Specifically, we fine-tune
a trained English-centered many-to-many system with a new language using a small
amount of Xpew <> English parallel data. At test time, we perform zero-shot translation be-
tween Xpew and all non-English languages previously involved in training. This practically
simulates the scenario of later acquiring parallel data between a low-resource language
and the central bridging language in an existing system. After fine-tuning with the new
data, we can potentially increase translation coverage by 2N directions, with IV being
the number of languages originally in training. We fine-tune a trained system on IWSLT
(Row 1 in Table 3.4) using a minimal amount of de <+ en data with 14K sentences. When
fine-tuning we include the original X4 <+ en training data, as a form of rehearsal (Robins,
1995) to avoid losing performance on previously learned directions. This procedure is
lightweight, since the model has already converged on the original training data.

In Table 3.8, our model outperforms the baseline on zero-shot translation, especially
when translating from the new language (Xnew —). When inspecting the outputs, we
see the baseline almost always translates into the wrong language (English), causing the
low score of 1.8 BLEU. We hypothesize that the baseline overfits more on the supervised
direction (Xpew — en), where it achieves the higher score of 18.5 BLEU. In contrast, our

model is less susceptible to this issue and consistently stronger under zero-shot conditions.

3.6 Analyses

To see beyond BLEU scores, we first analyze how much position- and language-specific

information is retained in the encoder hidden representations before and after applying our
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Supervised Zero-Shot
Baseline Residual Baseline Residual
Xnew — 18.5 17.3 1.8 6.7
— Xnew 13.6 13.4 8.3 10.7

TABLE 3.8: Effects of adaptation to new language (de <> en on IWSLT). Zero-shot translation
directions are de < {it, nl, ro}. Our model has significantly stronger zero-shot performance.

approaches. We then study circumstances where zero-shot translation tends to outperform
its pivoting-based counterpart. Lastly, we discuss the robustness of our approach to the

impact of different implementation choices.

3.6.1 Impact on Positional Correspondence

We first revisit the probing experiments in §3.3.1, and investigate the impact of our
proposed approach. Table 3.9 compares the classification accuracy of the baseline and
our model. First, the baseline encoder output has an exact one-to-one correspondence to
the input tokens, as evidenced by the nearly perfect accuracy when recovering token IDs.
This task becomes much more difficult under our model. We see a similar picture when

recovering the position IDs.

Dataset Model TokenID Position ID
Baseline 99.9 93.3
TWSLT Residual 48.5 51.4
Furonarl disioint Baseline 99.5 85.1
P ) Residual 71.6 225
PMlIndia Baseline 99.6 90.1
Residual 63.3 26.9

TABLE 3.9: Accuracy (%) of classifiers trained to recover input positional information (token
ID or position ID) based on encoder outputs. Lower values indicate higher difficulty of
recovering the information, and therefore less positional correspondence to the input tokens.

I Baseline ' Residual

& 100
g 75
5K 50
8= 2
< 0

layer1 layer2 layer3 layer4 layer5

FIGURE 3.3: Accuracy of recovering position IDs after each encoder layer on IWSLT. When
we remove the residual connection in the 3™ encoder layer, classification is much more
difficult.

We also try to recover the position IDs based on the outputs from each layer. As
demonstrated in Figure 3.3, the accuracy drops sharply at the third layer, where the
residual connection is removed. This indicates that the devised transition point at a

middle encoder layer is effective.
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Chapter 3. Zero-Shot Translation without Pre-Training

3.6.2 Impact on Language Invariance

To validate whether our approach indeed leads to more language-invariant representations
as hypothesized, we assess the similarity of encoder outputs on the sentence and token

level using the two following methods:

SVCCA Score

The singular vector canonical correlation analysis (SVCCA) (Raghu et al., 2017) measures
similarity of neural network outputs, and has been used to assess representational similar-
ity in multilingual translation (Kudugunta et al., 2019). SVCCA scores range from 0 to 1.
As SVCCA operates on fixed-size inputs, we meanpool the encoder outputs and measure

similarity on a sentence level.

Language Recovery Accuracy

Since more similar representations are more difficult to distinguish, poor performance of a
language classifier indicates high similarity. Based on a trained model, we train a token-
level linear projection from the encoder outputs to the number of classes (languages).

Findings

As shown in Table 3.10, our model consistently achieves higher SVCCA scores and lower
classification accuracy than the baseline, indicating more language-invariant representa-
tions. When zooming into the difficulty of classifying the languages, we further notice
much higher confusion (therefore similarity) between related languages. For instance,
Figure 3.4 shows the confusion matrix when classifying the 8 non-English languages in
Europarl. After residual removal, the similarity is much higher within the Germanic and
Romance family. This also corresponds to cases where our model outperforms pivoting
(Table 3.5).

SVCCA Score Language Recovery
Dataset Model  (higher: more similar) Accuracy (%)

Range: [0, 1] (lower: more similar)
IWSLT Baseline 0.682 95.9
(4 languages)  Residual 0.703 87.6
Europarl disjoint  Baseline 0.652 87.0
(9 languages) Residual 0.680 69.9
PMIndia Baseline 0.621 74.1
(10 languages)  Residual 0.650 62.0

TABLE 3.10: Average pairwise similarity of encoder outputs between all languages in each
dataset. Higher SVCCA scores and lower classification accuracy indicate higher similarity.
We note that the SVCCA score between random vectors is around 0.57.

Moreover, we compare the SVCCA scores after each encoder layer, as shown in
Figure 3.5. Confirming our hypotheses, the model outputs are much more similar after the
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Baseline Residual

“m

0.8

III 0.6

-0.4

pt nl it fr fi es de da
pt nl it fr fi es de da

. -0.0

dadees fi fr it nl pt dadees fi fr it nl pt

FIGURE 3.4: Confusion matrices when classifying languages in Europarl disjoint (x: true, y:
predicted). Encoder outputs of related languages (Romance, Germanic families) are more
similar after residual removal.

transition layer, as shown by the sharp increase at layer 3. This contrasts with the baseline,
where similarity increases nearly linearly.

I Baseline = Residual
0.15

0.10 ﬁ
0.05 I I I I
0.00 I

layer1 layer2 layer3 layer4 layer5

scores

A SVCCA

FIGURE 3.5: Average SVCCA scores after each encoder layer between all language pairs
in IWSLT ({it, nl, ro, en}). Scores are reported additive to scores between random vectors.
Similarity significantly increases after the 3™ layer where we apply residual removal.

Given these findings and previous analyses in §3.6.1, we conclude that our devised
changes in a middle encoder layer allow higher cross-lingual generalizability in top layers
while retaining the language-specific bottom layers.

3.6.3 Qualitative Analysis

In §3.5 we have shown that between related languages zero-shot translation surpasses
pivoting performance. Here we manually inspect some pivoting translation outputs
(nl—+en—de) and compare them to zero-shot outputs (nl—de). In general, we observe
that the translations without pivoting are much more similar to the original sentences.
For instance in Table 3.11, when pivoting, the Dutch sentence “geven het voorbeeld (give
the example)” is first translated to “set the example”, then to “setzen das Beispiel (set the
example)” in German, which is incorrect as the verb “setzen (set)” cannot go together with
the noun “Beispiel (example)”. The zero-shot outputs, on the other hand, directly translate
“geven (give; Dutch)” to “geben (give; German)”, resulting in a more natural pairing with
“Beispiel (example)”. With this example, we intend to showcase the potential of bypassing
the pivoting step and better exploiting language similarity.
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Stage Text

Input (nl) ... geven in dit verband het verkeerde voorbeeld, maar anderen
helaas ook.

Pivot-in (nl—en) ... are setting the wrong example here, but others are unfortunately
also.

Pivot-out (en—de) ... setzen hier das falsche Beispiel ein, andere sind leider auch.

Zero-shot (nl—+de) ... geben in diesem Zusammenhang das falsche Beispiel, aber

leider auch andere.

TABLE 3.11: Comparison of pivoting (nl—en—de) versus zero-shot translation (nl—de).

Pivoting via English produces the incorrect verb-noun collocation setzen das Beispiel (literal:

“set the example”) in German, whereas zero-shot translation leverages cross-lingual similarity
to generate the correct idiomatic expression geben das Beispiel (“give the example”).

3.7 Ablations

3.7.1 Where to Remove Residual Connections

In our main experiments, all proposed modifications take place in a middle encoder layer.
To validate this choice, we conduct an ablation study on the IWSLT dataset, individually
removing the residual connection from each of the five encoder layers. As shown in
Table 3.12, removing the residual connection from the first encoder layer degraded zero-
shot performance by 2.6 BLEU, which suggests that the model requires strong positional
awareness in its lowest layers to process the input sequence effectively. In contrast,
applying the removal to the top layers (the fourth or fifth) slowed convergence and
resulted in a 0.4 BLEU loss on supervised translation tasks. We attribute this to impaired
gradient flow to the lower layers, which hinders learning. These two observations support
our strategy of modifying a middle encoder layer. The initial layers appear crucial for
encoding positional information, while the final layers are necessary for stable training. A
middle layer therefore serves as a transition point from position-aware to more abstract
representations. For deeper models with tens of encoder layers, the modifications should
instead focus on the lower-to-middle block of layers to ensure gradient flow.

. . Supervised Zero-Shot
Residual Removal Location

Baseline Residual Baseline Residual

Layer 3 of 5 (row (1) of Table 3.4) 294 17.7
Layer 1 of 5 29.1 15.1
Layer 2 of 5 29.8 29.1 10.8 17.7
Layer 4 of 5 29.0 17.6
Layer 5 of 5 29.0 174

TABLE 3.12: BLEU scores on the IWSLT dataset, comparing different residual removal
locations out of the 5 encoder layers. Bottom layer removal degrades performance, while
top layer removal leads to slower convergence.
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Supervised Zero-Shot
Approach
Baseline Residual Baseline Residual
(1) Absolute pos. encodings (row (1) of Table 3.4) 29.8 29.4 10.8 17.7 (+6.9)
(2) Learned pos. embeddings 29.6 29.1 48 17.1(+12.3)

TABLE 3.13: BLEU scores on the IWSLT dataset validating our approach with learned

positional embeddings, comparing with our modified model with a standard Transformer

baseline with 5 encoder and decoder layers each. Our approach remains effective with
learned positional embeddings.

3.7.2 Learned Positional Embeddings

To validate that our findings are independent of the specific positional encoding scheme,
we replicate our experiments on the IWSLT dataset using learned positional embeddings
instead of the fixed sinusoidal encodings from our main experiments. The results in
Table 3.13 are consistent with our previous observations. The baseline model using learned
embeddings still suffers from poor zero-shot translation performance, achieving 4.8 BLEU
on average. In contrast, our residual removal approach is still effective, substantially
improving the zero-shot score to 17.1 BLEU while maintaining a comparable supervised
score of 29.1 BLEU. These findings demonstrate that our approach is robust across different
forms of positional embeddings. We hypothesize that even if learned embeddings are
more language-agnostic, the residual connections throughout the full network still enforce
a strong positional correspondence to the input sequence. Since our approach is designed
to break this correspondence, its effectiveness should not depend on the specific type of
positional encoding.

3.8 Combination with Alignment Losses

Among the prior work on zero-shot translation (§3.2), a prominent direction is to actively
encourage similar representations for sentences with the same meaning. This contrasts
with our approach, which aims for a similar outcome implicitly via architectural modifi-
cation. In this section, we investigate whether these two strategies are complementary,
focusing on a similarity regularization (§3.8.1) and adversarial language classification
(83.8.2). We further describe our implementation improvements of the latter for stable

training.

3.8.1 Similarity Regularization

The principle behind this approach is that source and target sentences in a parallel corpus
are semantically equivalent, and therefore should be mapped to nearby points in the
model’s representation space. As demonstrated by prior works (Arivazhagan et al.,
2019a; Pham et al., 2019), introducing an auxiliary loss that promotes such similarity can
significantly improve zero-shot translation.
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Given a source sentence X and a target sentence Y from a parallel pair, we first
compute their sentence-level representations by applying a meanpooling operation over
the encoder’s output hidden states. This step produces fixed-size vectors, accommodating
sentences of different lengths. We then define the similarity loss using a chosen distance

metric dist(-) between these two sentence representations:
Lsim = dist(meanpool(ENCODER(X)), meanpool(ENCODER(Y'))). (3.1)

The full model is then trained to minimize a combined objective function that includes
both the standard machine translation loss and this new similarity term:

Lean = Lyt + A - Lsim, (3.2)

where Lyt is the standard cross-entropy loss, and A is a hyperparameter that scales the

contribution of the auxiliary loss.

3.8.2 Adversarial Language Classification

A drawback of the similarity regularizer is the need to manually select pooling methods
and distance metrics. A more data-driven method is to remove source language signals by
adversarial training (Ganin and Lempitsky, 2015). We extend the adversarial language
classification approach from Arivazhagan et al. (2019a) with two modifications. First, we
introduce a modified adversarial loss function that addresses gradient flow issues in the
original formulation. Second, we apply language classification at the token level rather
than the sentence level, eliminating the need to manually select a pooling method.

Standard Adversarial Loss

The adversarial approach trains a language classifier that attempts to predict the source
language from encoder representations, while simultaneously training the encoder to
produce representations that deceive this classifier. The language classifier minimizes the

standard cross-entropy loss:

L
‘Cclassiﬁer = - Z yclog(pc)a (33)

c=1

where L is the number of classes to predict, y. is a binary indicator whether the true
language label is ¢, and p, is the predicted probability for the instance belonging to
language c. The encoder is updated adversarially using a gradient reversal layer (Ganin
and Lempitsky, 2015), which reverses the gradients from the language classifier during
backpropagation. This encourages the encoder to learn representations that are invariant
to source language identity. We perform a binary classification to distinguish between
English and non-English. This approach follows Arivazhagan et al. (2019a) and is further
supported by our initial experiments showing that a binary setup outperforms multiclass

classification.
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Modified Adversarial Loss

An issue of the standard approach in Equation 3.3 is that when the language classifier
performs well (high accuracy), the loss landscape becomes relatively flat, resulting in
small gradients flowing back to the encoder. This is problematic because high classifier ac-
curacy indicates that the encoder representations contain strong language-specific signals,
precisely when we need large gradients to drive the encoder toward language-invariant
representations. To address this issue, we propose a modified adversarial loss function:

L
Ladv_dlassifier = Z yclog<1 — Pe).- (3.4)
c=1

This formulation effectively mirrors the standard loss in Equation 3.3 across both the
horizontal axis and the vertical line defined by = = 0.5. Crucially, this modification
preserves the optimization direction while amplifying gradient magnitudes when the
classifier performs well, ensuring stronger adversarial updates when they are most needed.

Training Procedure

The full training objective combines the original translation loss with our modified adver-
sarial loss (Equation 3.4). For training stability, we alternate optimization steps between
the two losses. Optimizing both jointly would lead to co-adaptation of the parameters of
the translation and classification modules and empirically led to training instability.

Further implementation and training details of both the similarity regularization and
adversarial approaches are provided in Appendix A.5.

3.8.3 Combining Residual Removal and Alignment Losses

Table 3.14 shows the results of combining our residual removal approach with previously
proposed alignment losses. The results indicate that these strategies are complementary
for improving zero-shot translation. Across all configurations, models that incorporate
our method (rows (2), (4), (6), (8)) consistently outperform their counterparts without it
(rows (1), (3), (5), (7)). The most significant gains are observed on PMIndia, which is the
most challenging dataset due to its small data size and low lexical overlap.

For supervised translation directions, applying our residual removal method results in
a slight degradation of up to 0.7 BLEU, again most notably on PMIndia. This suggests a
potential trade-off between learning the language-invariant representations beneficial for
zero-shot tasks and retaining the language-specific features that aid supervised translation.

It is worth noting that on the two Europarl datasets, our best-performing model
performs on par with the strong pivot-based methods. However, on the more challenging
IWSLT and PMIndia datasets, a considerable gap remains compared to pivoting (1.1 and
5.0 BLEU respectively).

In addition, the combination of residual removal and adversarial losses has been
shown effective in cross-lingual summarization (Solovyev et al., 2024), a task that combines
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Dataset Supervised Directions Zero-Shot Directions
Baseline Similarity Adversarial Baseline Similarity Adversarial Pivot
(1) IWSLT 2017 30.0 29.5 29.5 10.9 16.7 16.8 191
(2) + Residual 29.6 29.1 29.1 17.9 17.1 18.0 '
(3) Europarl disjoint  34.5 34.4 34.4 6.9 25.1 25.2 5.7
(4) + Residual 34.1 34.1 34.1 23.2 25.4 25.5 '
(5) Europarl full 34.7 35.3 34.5 13.4 24.5 25.3 26.0
(6) + Residual 34.5 35.0 34.7 25.2 26.5 26.1 '
(7) PMIndia 30.5 30.0 30.4 2.4 8.9 7.3 1
(8) + Residual 29.8 29.5 29.6 14.3 15.7 17.1 '

TABLE 3.14: BLEU scores before and after combining residual removal with the baseline,
similarity regularization, adversarial classification. Residual removal consistently improves
zero-shot performance with minimal impact on supervised performance.

machine translation and text summarization. The language identity probing experiments
in that work have shown that combining the adversarial language classifier with residual

removal increases language invariance.

3.9 Summary

This chapter investigates an essential generalization ability of neural machine translation
models, namely their ability to combine knowledge from trained languages to perform
zero-shot translation. As our initial endeavor into representations that generalize across
languages, this chapter focuses on models trained from random initialization, as it pro-
vides the maximum degree of architectural freedom. Unlike using pre-trained models
where the architecture is predefined, training from scratch allows analyzing the impact of
architectural design choices on generalization.

We reveal that the strong positional correspondence to input tokens in standard models
hinders zero-shot translation by enforcing the creation of language-specific representa-
tions. Specifically, we demonstrate that: 1) the encoder outputs retain word orders of
source languages; 2) this positional information reduces cross-lingual generalizability
and therefore zero-shot translation quality; 3) these issues can be simply yet effectively
alleviated by removing the residual connection in a single middle encoder layer. With
this simple modification, we achieve substantial improvements on zero-shot translation.
On related languages, our proposed model is able to surpass pivot-based translation, a
long-standing performance ceiling for zero-shot translation performance.

With extensive analyses of model internal representations, we confirm that the encoder
outputs with our proposed approach are more language-invariant. Furthermore, we
demonstrate a clear synergy between our architectural modification and prior methods
with explicit alignment objectives. When combined, our residual removal method and
an explicit similarity loss consistently outperform each approach applied individually.
These alignment objectives will be further investigated in the next chapter on adapting
pre-trained models.
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Chapter 4

Transfer with Translation-Specific Pre-Trained
Models

Multilingual machine translation research has been transformed by large-scale data col-
lection and pre-training efforts, resulting in abundant openly available training data
(Schwenk et al., 2021a,b) and pre-trained models (Fan et al., 2021; NLLB Team, 2024).
This development alters two assumptions that guided our previous investigation of cross-
lingual transfer. First, the classical notion of “zero-shot” translation, where a model has
zero exposure to a language pair, has become increasingly rare. Second, the fixed archi-
tectures of the pre-trained models preclude modifications during subsequent adaptation
stages.

While the context has changed, the core challenge of learning generalizable representa-
tions persists in a new form. Pre-trained models typically require additional specialized
training to achieve optimal performance on specific tasks, which introduces tensions
between adapting a model to a subset of languages and preserving its performance on all
others. This challenge is compounded by the inability to alter the model’s architecture,
which calls for solutions that operate within these constraints.

The central question therefore becomes: how can we adapt a pre-trained multilingual
translation model to a smaller set of languages while preserving, or ideally improving, per-
formance across all language pairs? This problem is analogous to the zero-shot translation
scenarios investigated in the previous chapter.

Inspired by the established success of pivot-based translation which relies on an
intermediate language to bridge pairs in zero-shot settings, we propose an approach that
simulates this mechanism by learning a pseudo-pivoting language. This intermediate
pseudo-language serves a dual purpose, as a mechanism to enhance transfer to unseen
language pairs and as an analytical probe into the model’s internal representations. This
chapter is partly based on Liu and Niehues (2022).

4.1 Introduction

Models pre-trained on large general-purpose datasets have become fundamental compo-
nents for improving performance on downstream tasks, including machine translation.
These pre-trained models are subsequently further trained, or fine-tuned, to optimize per-
formance on tasks of interest. Compared to random initialization, pre-training enhances
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source sentence | learning  a language
(English)| | Lol
discrete codes 3 609 57 1042

source sentence | belajar bahasa
(Indonesian) 3 + L
discrete codes 3 57 258

TABLE 4.1: We learn a sequence of discrete codes to represent source sentences, aiming to

improve inference-time robustness and interpretability in multilingual translation models.

The resulting codes do not necessarily maintain a one-to-one correspondence with input
words or tokens.

robustness against adversarial inputs (Hendrycks et al., 2019) and accelerates convergence
during fine-tuning (He et al., 2019).

Two categories of pre-trained models can be used for initialization for machine trans-
lation models. Task-agnostic pre-trained models, such as mBART (Liu et al., 2020) or
multilingual variants of large language models (Al @ Meta et al., 2024), encode general
linguistic knowledge but lack task-specific biases. In contrast, task-specific pre-trained mod-
els, such as M2M-100 (Fan et al., 2021) and NLLB-200 (NLLB Team, 2024), are explicitly
trained on tens of thousands of language pairs.

While powerful, even massive task-specific models require further fine-tuning to
achieve optimal performance on specific language pairs. This specialization, however,
introduces the risk of catastrophic forgetting (McCloskey and Cohen, 1989), a general
machine learning challenge not only present in NLP. When a model is fine-tuned on a
limited set of language pairs, it may lose its pre-trained abilities on languages that are
not present in the fine-tuning data. This issue is an extension of the zero-shot translation
problem explored in the previous chapter, and is the focus of this chapter. While the
previous chapter addressed language directions completely absent from training data, this
chapter investigates how pre-existing knowledge on language pairs unseen in fine-tuning
can be forgotten.

The use of models pre-trained on massive multilingual datasets presents a particular
challenge for mitigating catastrophic forgetting. Although established techniques such as
rehearsal (Robins, 1995) and Elastic Weight Consolidation (Kirkpatrick et al., 2017) can
alleviate this issue, they typically rely on access to at least a subset of the original training
data. However, given the scale and language coverage of the pre-training data, retaining
and reusing them is often infeasible.

Our proposed approach is motivated by a consistent finding in the literature: the supe-
rior performance of pivot-based translation over direct translation for unseen language
pairs (Al-Shedivat and Parikh, 2019; Arivazhagan et al., 2019a; Zhu et al., 2020a; Zhang
et al., 2020a; Yang et al., 2021). We hypothesize that the advantage of pivot-based systems
results from the nature of their intermediate representation. Direct translation models
map source text to a continuous vector space, which can be brittle and fail to generalize
to unseen data. In contrast, pivot-based systems force information through a discrete
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bottleneck, i.e., the token sequence in the pivot language. This discretization may act as a
regularizer, constraining the model to form more robust and generalizable representations,
thereby mitigating performance degradation on language pairs absent in fine-tuning.

Another motivation is from the long-standing concept of constructed languages, such
as Interlingua and Esperanto. These languages exemplify human-designed linguistic struc-
tures based upon commonalities across related languages. These languages demonstrate
the feasibility of a universal linguistic system designed to capture commonalities across
multiple languages, effectively serving as a human-engineered intermediate representa-
tion. While conceptually elegant, such languages are impractical for data-driven models
due to the severe scarcity of parallel data, which would require extensive expert curation.

Therefore, instead of relying on manually-created linguistic resources, we propose
to learn an artificial intermediate language in an unsupervised manner. This leads to
two primary objectives: The theoretical objective is to learn sequences of discrete tokens
capable of representing source sentences across diverse languages, which subsequently
serve as context for the machine translation decoder, as illustrated in Table 4.1. The
practical objective is to leverage this approach to enhance performance on language pairs
absent from the fine-tuning data of pre-trained translation models.

Both objectives align with our overarching goal of learning generalizable represen-
tations. By forcing information through a discrete bottleneck, we restrict the model’s
representational capacity, which encourages greater sharing of representations across dif-
ferent source languages. A model that fosters such generalization is inherently more robust
to the exclusion of language pairs during fine-tuning, making it suitable for combating
catastrophic forgetting.

41.1 Task Definition

In this chapter, we study the following task:

Given a pre-trained translation model supporting N (N — 1) translation directions
across NN languages, and parallel data on a subset of m languages each paired with a
common bridge language (therefore m + 1 languages in total), how to fine-tune the
pre-trained model on these 2m directions while retaining pre-trained knowledge on
the remaining directions, particularly on those m(m + 1) — 2m

all pairs for m + 1 languages  fine-tuned pairs
directions where both the source and target languages were part of the fine-tuning

data, but not directly paired for training?

This problem definition addresses both compositional and temporal generalization.
Compositional generalization is tested by evaluating the m(m + 1) — 2m directions, for
instance, translating directly from language A to B after being fine-tuned only on A-to-
bridge and bridge-to-B translation. Meanwhile, the temporal dimension is addressed
by assessing the model’s ability to retain its performance on pre-trained directions not
included in the fine-tuning data.
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FIGURE 4.1: Our method discretizes encoder outputs by a discrete codebook. Training
alternates between discretized and continuous context (probability p), while inference uses
the resulting clustered continuous representations.

4.1.2 Contributions

In this chapter, we address a manifestation of catastrophic forgetting, where standard

English-centric fine-tuning of pre-trained multilingual models degrades performance

on language pairs absent from the adaptation data. To mitigate this, we propose using

discrete intermediate representations as a regularizer to preserve pre-trained knowledge

while the model adapts. Our method maps each encoder hidden state to an entry in a

fixed-size codebook, which effectively clusters the continuous representations around

a finite number of centroids in the latent space. The goal is to strike a balance between

representational expressiveness and the regularizing effect of discretization, as illustrated

in Figure 4.1.

Specifically, we make the following contributions:

* We propose a framework to learn discrete tokens as intermediate representations of
Transformer-based models (§4.4). On large-scale multilingual translation experiments,
our approach surpasses direct fine-tuning in preventing catastrophic forgetting while
offering more interpretable intermediate representations (§4.6.2).

* We demonstrate that using linguistically similar bridge languages yields stronger per-
formance and improved data efficiency compared to English as a bridge language
(§4.6.1).

¢ We leverage the learned discrete codes to analyze the role of bridging languages through
two novel diagnostic tasks: discrete code overlap and discrete code translation. These
analyses reveal that linguistically similar bridge languages facilitate knowledge-sharing
across all languages covered by the model (§4.6.3).
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4.2 Related Work

Several lines of research are relevant to this chapter, including robustness to unseen
test conditions (§4.2.1), discrete representations (§4.2.2), and analyses of model internal
representations (§4.2.3).

4.2.1 Robustness in Unseen Test Conditions

Generalization to unseen conditions is a central challenge in machine learning (Socher
et al., 2013; Norouzi et al., 2014; Romera-Paredes and Torr, 2015; Xian et al., 2017). In
machine translation, this primarily manifests as the task of zero-shot translation. Early
multilingual models demonstrated a surprising capability to translate between language
pairs they were never explicitly trained on (Johnson et al., 2017). However, this zero-shot
performance has proven to be notoriously brittle and sensitive to a wide range of factors,
including the diversity of training data (Rios et al., 2020), language token strategies (Wu
etal., 2021; EINokrashy et al., 2022), and dropout configurations (Arivazhagan et al., 2019a;
Liu et al., 2021b).

A primary failure mode for these models is off-target translation (Zhang et al., 2020a),
where the model generates output in an entirely incorrect language. The unreliability of
zero-shot inference has led practitioners to favor more robust methods. In competitive
shared tasks (Anastasopoulos et al., 2021; Libovicky and Fraser, 2021a), for example, the
dominant strategy has been to eliminate zero-shot conditions by generating synthetic
parallel data through back-translation (Pham et al., 2021a; Zhang and Sennrich, 2021; Liu
and Niehues, 2021; Knowles and Larkin, 2021; Libovicky and Fraser, 2021b).

While converting the problem from a zero-shot to a semi-supervised setting is a prag-
matic solution, it re-frames the problem rather than addressing the model’s intrinsic
generalization capabilities. Fully realizing the promise of knowledge sharing in multilin-
gual systems depends on developing methods that can reliably generalize without relying
on such workarounds.

4.2.2 Discrete Representations

Quantization techniques are commonly applied to discretize continuous latent spaces
by constraining the number of representation options. Vector Quantized Variational
Autoencoder (VQ-VAE) (van den Oord et al., 2017) is a representative approach that
learns discrete tokens for continuous inputs such as images and audio, demonstrating
effectiveness in creating discrete representations for audio processing (Tjandra et al., 2020;
Baevski et al., 2020).

Kaiser et al. (2018) proposed an improvement to VQ-VAE, which decomposes quan-
tization input and output into several subspaces. Termed slicing, this technique splits
the feature dimension into multiple groups and creates a discrete code for each of the
groups. This technique is effective in safeguarding against representation collapse, where

most representations get mapped to single points. Kaiser et al. (2018) applied this slicing
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variant to auto-encoding for learning more compact sequence representations, enabling
accelerated output generation in auto-regressive decoders.

The most related work to our approach is that of Escolano et al. (2021), who applied
sliced VQ-VAE (Kaiser et al., 2018) on machine translation. Our work has several major
differences: 1) Our focus is on fully parameter-shared multilingual systems, while Escolano
et al. (2021) concentrated on auto-encoding and bilingual systems using language-specific
encoders and decoders. 2) In Escolano et al. (2021), translation of unseen language pairs
requires a subsequent training step with a dedicated encoder for the new language, while
our work supports this directly after one step of training. 3) We extend sliced VQ-VAE
(Kaiser et al., 2018) by soft codes that utilize both continuous and quantized encoder
hidden states.

4.2.3 Analyzing Hidden Representations for Machine Translation

A wide range of methods exist to analyze knowledge sharing in multilingual machine
translation (Aji et al., 2020; Mueller et al., 2020; Chiang et al., 2022). Most of these ap-
proaches either use translation performance as an indirect proxy or require complex post-
processing after training, such as computing correlation scores between model hidden
states (Kudugunta et al., 2019; Chiang et al., 2022), training classifiers to probe linguistic
features (Liu et al., 2021b), or pruning submodules of the model (Kim et al., 2021). In
contrast, models whose hidden states are directly associated with discrete tokens offer
greater interpretability. This property is particularly beneficial in unseen testing scenarios,
where pinpointing the causes of model behavior is crucial.

4.3 When does Pre-Training Help?

As this is the first chapter to incorporate pre-trained models, we start with an analysis of
the impact of initializing models with pre-trained weights, contrasting it with random
initialization. We first examine the conditions under which pre-training is beneficial,
evaluating its impacts on learning language-invariant representations (§4.3.2) and for
improving translation performance (§4.3.3). We then identify the issue of catastrophic

forgetting, where models lose pre-trained knowledge during fine-tuning (§4.3.4).

4.3.1 Setup

To evaluate the effect of pre-training, our experiments compare models initialized with
weights from M2M-124! (Goyal et al., 2022) to models with random initialization. The
M2M-124 model is an extension of M2M-100 (Fan et al., 2021), a many-to-many translation
model, and increases the number of languages supported for direct translation from 100
to 124. Our experiments are conducted in two configurations, each centered on a different
bridge language: English (en) or Indonesian (id). We focus on translation directions
between the bridge language and three other languages: Javanese (jv), Malay (ms), and

n this chapter, we use the 175M parameter variant; the larger variant is studied later in Chapter 6.
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Tagalog (tl). This setup results in training data for the pairs en<+jv, en<+ms, and en<>tl in
the first configuration, and id«jv, id<+ms, and id<+tl in the second. Further details on the

training data are presented in §4.5.1.

4.3.2 Pre-Training’s Impact on Language-Specific Signals

The previous chapter demonstrated that multilingual models retain strong language-
specific signals in their intermediate representations. We now investigate whether this
finding holds for models pre-trained on massively multilingual datasets. Specifically, we
replicate the language identity probing experiments from the previous chapter’s Table 3.10,
aiming to recover the source language from encoder representations. The results are
presented in Table 4.2. First, the off-the-shelf pre-trained model still allows for easy identi-
fication of the source language as shown in row (1). The classification accuracy is well
above the chance level of approximately 25%, indicating that significant language-specific
information persists despite pre-training on over 100 languages. Continual training on our
selected translation data does not consistently reduce this language specificity as shown
in row (2). However, there is a clear distinction when comparing to training from scratch.
The randomly initialized model develops far stronger language-specific signals, with
classification accuracies exceeding 90% as shown in row (3). This comparison suggests
that while large-scale pre-training does lead to more language-invariant representations

than training from scratch, it only does so to a limited degree.

ID Model English-Bridge Indonesian-Bridge
(1) Pre-trained M2M-124 81.4 67.6
(2) < Continue training on supervised data 77.1 85.5
(3) Train from scratch with the same data 92.0 96.7

TABLE 4.2: Input language recovery accuracy (%), evaluating how well source language

identity can be recovered from the encoder representations of (1) an off-the-shelf pre-trained

M2M-124 model; (2) the same model after continual training on selected translation pairs;

and (3) a randomly initialized model with the same architecture, trained from scratch on the
same data. Each setup has 4 possible classes.

4.3.3 Comparison to Random Initialization

After examining pre-training’s impact on model internal representations, we analyze its
impact on translation performance. We evaluate translation directions present in fine-
tuning (Table 4.3) separately from those present in pre-training but absent in fine-tuning
(Table 4.4).

In rows (1) and (4) of Table 4.3, we report results from directly running inference on
the pre-trained M2M-124 model. This represents an extreme scenario where pre-trained
models are available but no additional training on parallel data is possible. At the opposite
extreme, rows (3) and (6) show performance of training with random initialization, repre-
senting a setting where parallel data is available but no pre-trained resources exist. Rows
(2) and (5) demonstrate the conventional fine-tuning approach, where the pre-trained
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ID Model {jv, ms, tI} =X X— {jv, ms, 1}
BLEU COMET BLEU COMET

English-Bridge (X=en)

(1) Pre-trained M2M-124 19.6 66.9 14.0 64.9

(2) = Continue training on supervised data 27.8 78.4 27.1 727

(3) Train from scratch with the same data 26.9 78.2 28.0 72.2
Indonesian-Bridge (X=id)

(4)  Pre-trained M2M-124 20.0 72.5 14.7 71.5

(5) < Continue training on supervised data 27.7 84.5 243 80.2

(6) Train from scratch with the same data 27.6 83.9 244 79.4

TABLE 4.3: Average translation performance in BLEU(T) and COMET(1) on language
directions involved in fine-tuning. Fine-tuning consistently improves performance over out-
of-the-box baseline scores. Pre-training does not bring universal gains across all directions.

model is initialized and subsequently trained on the parallel data, thereby leveraging both
resources. These fine-tuned models substantially outperform out-of-the-box usage of the
pre-trained model (+9.6 BLEU on average), highlighting the importance of focusing on a
subset of languages of interest.

Moreover, pre-training does not bring universal gains across all directions. Under
the English-bridge condition, pre-training improves 0.9 BLEU over random initialization
(26.9 — 27.8 BLEU). However, COMET improvements are more modest, with only one
of three directions showing statistically significant improvements at o = 0.05. Out-of-
English directions show no improvement from pre-training. For the Indonesian-centric
configuration, despite minimal BLEU changes, pre-training significantly improves COMET
in 4 out of the 6 directions. The discrepancy between BLEU and COMET scores suggests
that these translations may deviate more from the references while preserving semantics.

4.3.4 Catastrophic Forgetting

To systematically investigate catastrophic forgetting after fine-tuning, as shown in Table 4.4,
we evaluate performance on three categories of language directions not involved in fine-
tuning:

1. Unseen pairs: Both source and target languages appear individually in fine-tuning data
but not in combination. This includes all translation directions between Javanese (jv),
Malay (ms), and Tagalog (), e.g., Javanese to Malay.

2. Unseen source: Only the source language is absent from fine-tuning data, while the
target language is present.

3. Unseen target: Only the target language is absent from fine-tuning data, while the
source language is present.

For the two bridge language configurations, the unseen language is Indonesian (id) in the

English-bridge setup and English in the Indonesian-bridge setup.
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ID Model Unseen Pair Unseen Source Unseen Target

BLEU COMET BLEU COMET BLEU COMET

ENGLISH-BRIDGE

(1) Pre-trained M2M-124 99 605 147 715 200 725

(2) — Continue training on supervised data 47 53.0 209 79.6 12 441

(3) Train from scratch with the same data 6.4 546 - - - -
INDONESIAN-BRIDGE

(4) Pre-trained M2M-124 99 605 140 649 19.6 669

(5) — Continue training on supervised data 179 746 131 63.1 49 579

(6) Train from scratch with the same data 16.0 73.0 - - — -

TABLE 4.4: Average translation performance in BLEU(T) and COMET(1) on language

directions not included in fine-tuning data. English-bridge fine-tuning degrades performance

on unseen pairs. In both data conditions, catastrophic forgetting occurs on unseen target

languages. Cells with “—" indicate non-applicable conditions, as models trained from scratch
do not support unseen source or target languages.

Unseen Language Pairs

Performance on unseen language pairs varies substantially between data configurations.
As shown in row (5) of Table 4.4, the Indonesian-bridge setup shows improvement from 9.9
to 17.9 BLEU after fine-tuning, while the English-bridge configuration exhibits degradation
from 9.9 to 4.7 BLEU. This divergence indicates that bridge language selection influences
the model’s ability to preserve translation capabilities for unseen language combinations.
In addition to results in the table, pivoting through the bridge language (source — bridge
— target) achieves 19.7 and 17.5 BLEU for Indonesian- and English-bridge configurations
respectively, outperforming direct translation. This difference further motivates methods
that preserve pivoting-like behavior in direct translation systems.

Unseen Source Languages

Both bridge configurations maintain performance on unseen source languages without
significant degradation. The English-bridge setup even improves on unseen source
languages relative to the baseline. This preservation of input processing capabilities
indicates that the model’s encoder representations remain sufficiently generalizable across
languages, even after specialized fine-tuning.

Unseen Target Languages

Fine-tuned models exhibit severe performance degradation for unseen target languages,
achieving BLEU scores of 1.2 and 4.9. This degradation occurs consistently across both
bridge configurations, indicating substantial loss of generation capabilities for languages
absent from fine-tuning data. The consistent difficulty in generating unseen target lan-
guages suggests that this is a fundamental limitation rather than a data-specific artifact.
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4.3.5 Main Findings in Initial Analysis

In this initial analysis, we demonstrate that the benefits of pre-trained initialization are
conditional, with primary improvements when translating into English. We also identify
catastrophic forgetting as a significant challenge after fine-tuning, where a promising
area of improvement is unseen language pairs where both source and target languages
occurred individually during training but not in combination. Chapter 6 is devoted to a
more comprehensive study of the different unseen conditions analyzed here.

4.4 Preserving Pre-Trained Knowledge by Discretization

As motivated in §4.1, our approach is to learn a discrete representation for source sentences.

We achieve this by augmenting the standard encoder-decoder architecture with a trainable

codebook containing k cluster centers, or “codes”. Alongside the primary translation

objective, the model is trained to map each continuous hidden state from the encoder to
its nearest code in this codebook. For this discretization to be meaningful, the process
must overcome two challenges:

1. Avoiding representational collapse: The model must utilize a diverse set of codes,
preventing the trivial solution where all encoder outputs are mapped to a single or very
few cluster centers.

2. Preserving sufficient information: The resulting sequence of discrete codes, which
forms an information bottleneck, must retain enough contextual information for the
decoder to reconstruct the meaning of the source sentence and perform high-quality

translation.

4.4.1 Discretizing Encoder Latent Space

Our model architecture extends the standard Transformer by incorporating a vector
quantization (VQ) module between the encoder and the decoder. This module, denoted
by the quantization operation ¢(-), transforms the continuous hidden states produced
by the encoder, enc(X) € RV*P where X = (z1,...,7y), into a sequence of discrete
representations before they are passed to the decoder.

The core of this process is a learnable codebook, E € REXD which contains K unique
embedding vectors, {e; }le Each vector e; has a dimensionality D that matches the
model’s hidden dimension. For each encoder hidden state corresponding to an input token,
enc(z;), the quantization step performs a nearest-neighbor search to find the codebook
vector that is closest in Euclidean distance. The index £ of this vector is found by:

k= argmin |enc(z;) — ejl|2. (4.1)
j6{17"'7K}

The original hidden state enc(z;) is then replaced by its corresponding quantized vector,
e;. Because this operation is applied to every token in the input sequence X, the final
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FIGURE 4.2: Illustration of the generation of the discrete codes based on a sliced codebook.

quantized representation, g(enc(X)), preserves the same shape RV*P as the original
encoder output.

This quantization step is susceptible to index collapse (Kaiser et al., 2018), where only
a few entries from the embedding table are actively used, thereby limiting the model’s
expressiveness. To mitigate this issue, we adopt the multi-slice quantization approach
of Kaiser et al. (2018). Specifically, for an input token x;, we first partition its corresponding
encoder hidden state, enc(z;) € RP, into S non-overlapping slices:

enc(z;) = [0V hP; w9, 4.2)

(s)

7

nation. A separate nearest-neighbor search is then performed for each slice against a

where each slice h;”’ has a dimensionality of D/S, and the notation [-; -] denotes concate-

corresponding codebook. The resulting quantized slices are subsequently concatenated to
form the final representation for the token:

glenc(z;)) = [g(h!");q(0);. .5 q(m!™)] 4.3)

This composite vector is then passed to the decoder as context. This multi-slice quantiza-
tion process is illustrated in Figure 4.2.

The slicing mechanism resembles multi-head attention (Vaswani et al., 2017) in that
both split the embedding dimension into subspaces for richer representation.
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4.4.2 Soft Discrete Codes
Training

The quantization module inherently functions as an information bottleneck, as it maps the
continuous space of encoder outputs to a finite set of discrete representations. While this
process is beneficial for learning structured and shared representations, it risks a loss of
fine-grained information that can degrade model performance. To balance this trade-off
between discretization and performance, we introduce a soft quantization scheme. In this
approach, we stochastically determine whether to pass the quantized or the original con-
tinuous representations to the decoder during training. Specifically, the decoder receives
the quantized context, ¢g(enc(X)), with a probability of p, and the original unquantized
context, enc(X), with a probability of 1 — p. This gating mechanism, as illustrated in
Figure 4.1 earlier, allows the model to leverage the rich information from the continuous
space while still being guided to learn a discrete representational layer.

In Equation 4.1, the lookup of index k is a non-differentiable operation, which blocks
the flow of gradients to the encoder during backpropagation. To allow end-to-end training
when the quantized context is selected, we employ the straight-through estimator (Ben-
gio et al., 2013b), which copies the gradients from the post-quantization representation,
q(enc(X;)), to the pre-quantization encoder output, enc(X;). The effectiveness of this
gradient approximation depends on the proximity between the encoder’s continuous
output and its corresponding discrete codebook vector. If enc(X;) and g(enc(X;)) are far
apart, the copied gradient may be a poor estimate. To ensure these representations remain
aligned, we incorporate two auxiliary loss terms from the VQ-VAE framework (van den
Oord et al., 2017), namely a codebook loss and a commitment loss as defined by:

Ecodebook = Hsg[enC(X)} - Q(enC(X)) H2 (44)

and
Lcommitment = [[enc(X) — sglg(enc(X))]||2, (4.5)

where sg|-] denotes the stop gradient operation. Intuitively, Equation 4.4 pushes the
codebook entries closer to the points assigned to them, while Equation 4.5 limits the
growth of the encoder hidden states by clipping them to the codebook entries. Each of
the terms has weights aodebook aNd commitment to control their importance relative to the
main translation objective.

Inference

The above training procedure is intended to ensure that the encoder’s continuous hidden
states become well-aligned with the discrete codebook entries, effectively organizing the
representation space into distinct clusters around the codebook vectors. During inference,
we exclusively use the continuous context, enc(X). This allows the model to benefit from
the more fine-grained information present in the continuous representations. We will
provide an empirical validation of this clustering property in §4.7.

50



4.5. Experimental Setup

jv ms tl id en
jv 340K 662K 644K  2,556K
ms 2M 1,174K  4,060K  12,023K
tl 3M  1eM 2,356K  12,348K

en 18M 230M 158M
id 5M 65M 30M

TABLE 4.5: Number of sentence pairs (above diagonal) and target tokens (below diagonal)
from bitext for each language pair after preprocessing. Data marked with light gray are
used in the main experiments.

4.5 Experimental Setup

To study model robustness in unseen conditions and the influence of language relatedness,
we select parallel data between the two high-resource languages: Indonesian (id) and
English (en) and three other languages in the Austronesian family: Javanese (jv), Malay
(ms), and Filipino/Tagalog (tl). This leads to two conditions:

¢ English-Bridge (EN-BRIDGE): parallel data for en < {jv, ms, tl}

¢ Indonesian-Bridge (ID-BRIDGE): parallel data for id < {jv, ms, tl}

4.5.1 Datasets

We conduct experiments using parallel data from the Large-Scale Multilingual Machine
Translation Shared Task (Wenzek et al., 2021) at the 2021 Conference on Machine Transla-
tion (WMT21) (Akhbardeh et al., 2021), specifically the track small-task-2. The training
parallel data are compiled from the OPUS platform (Tiedemann, 2012), where datasets
are detailed in Appendix B.1. We apply the preprocessing pipeline described by Fan et al.
(2021), which includes length filtering, bitext deduplication, and histogram filtering for
language identification. An overview of the preprocessed training data is presented in
Table 4.5. The validation data is the FLoRes-101 (Goyal et al., 2022) dev set. We include all
tested language pairs in the validation data for early stopping. All models are evaluated
on the FLoRes-101 devtest set.

4.5.2 Training and Evaluation

Pre-Trained Model We initialize all models with the pre-trained M2M-124 model pro-
vided in the WMT shared task (Wenzek et al., 2021). This model has a vocabulary size of
256K, 6 layers in both the encoder and decoder, 16 attention heads, embedding dimension
of 512 and inner dimension of 2048.

Training As the training data for different languages are very unbalanced, we use
temperature-based sampling (Arivazhagan et al., 2019b) with coefficient 5.0, which heav-
ily upsamples low-resource directions and is recommended for unbalanced data condi-
tions (Arivazhagan et al., 2019b; Tang et al., 2021). For our codebook approach, we use
10K codebook entries. Initial trials with a size of 1K degraded performance, while 40K
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heavily reduced training speed. We choose 16 slices® for the codebook, the same value

as the number of attention heads. We keep these two values identical as both slicing and

multi-head attention break the embedding dimension into multiple subspaces of lower

dimensionality. Additional training details are in Appendix B.2.

Comparisons Like in the previous chapter (§3.8), we compare to two alignment losses

that have demonstrated effectiveness in handling unseen language pairs.

¢ Similarity regularization (Arivazhagan et al., 2019a; Pham et al., 2019): enforces the
representations for the source and target sentences to be close.

¢ Adversarial language classification (Arivazhagan et al., 2019a): removes source lan-
guage signals from the encoder hidden states.

Evaluation We report BLEU (Papineni et al., 2002) and COMET (Rei et al., 2022) scores.

We use the language identifier from NLLB Team (2024) for measuring the porportion of

the output in the correct languages on a sentence basis.

ID Model {jv, ms, tI} =X X— {jv, ms, tl} Unseen Pair
BLEU COMET BLEU COMET BLEU COMET

ENGLISH-BRIDGE (X=en)

(1) Direct fine-tuning (row (2) of Table 4.3, 4.4) 278 727 271 784 47 53.0
(2) + Similarity regularization 280 731 274 785 17.0 709
(3) + Adversarial language classification 275 725 266 782 171 709
(4) + Codebook (ours) 268 719 262 778 155 66.8

INDONESIAN-BRIDGE (X=id)

(5) Direct fine-tuning (row (5) of Table 4.3, 4.4) 277 802 243 845 179 746
(6) + Similarity regularization 277 801 243 844 189 747
(7) + Adversarial language classification 269 793 234 841 183 736
(8) + Codebook (ours) 271 792 236 838 183 737

TABLE 4.6: Average translation performance in BLEU(T) and COMET(1) on language

directions involved (first two columns) and unseen (last column) in fine-tuning. Additional

regularization approaches are beneficial on the English-bridge setup, but has minimal impact
on the Indonesian-bridge setup.

4.6 Results

We first discuss the translation performance of our multilingual systems (§4.6.1, §4.6.2),
and then use the learned discrete codes to investigate cross-lingual knowledge-sharing of
the trained models (§4.6.3).

4.6.1 Impact of Bridge Languages

In Table 4.6, the most noteworthy difference is the impact of additional regularization
approaches on unseen language pair performance. For the English-bridge configuration,
all three approaches in rows (2) — (4) demonstrate substantial improvements on unseen

pairs relative to the baseline in row 1. In contrast, for the Indonesian-bridge configuration,

*Initial experiments on smaller datasets showed weaker translation performance with 2 and 4 slices.
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the additional approaches in rows (6) — (8) show minimal improvements compared to
standard fine-tuning in row (5).

These results indicate that incorporating a linguistically similar bridge language may
facilitate the reuse of pre-trained knowledge. Moreover, the English-bridge condition
utilizes approximately four times more parallel data than the Indonesian-bridge condition,
suggesting that employing a similar bridge language may offer greater data efficiency:.
This efficiency could result from reduced linguistic diversity across translation directions,
potentially simplifying the multilingual learning task.

A confounding factor in these findings is that the Indonesian fine-tuning data may
contain samples from the unseen language pairs due to difficulties in distinguishing
closely related languages. Such contamination would render the “unseen” pairs no longer
truly unseen, potentially inflating the scores. Admittedly, web-crawled data as used in
our experiments does carry inherent risks of incorrect language labeling (Kreutzer et al.,
2022). While our preprocessing pipeline incorporates language identification (§4.5.1),
mislabeled samples may remain in the dataset due to errors classifying linguistically
similar languages.

To mitigate these concerns, we conduct a controlled experiment using the Wikimedia
dataset derived from Wikipedia texts, where language identities are known. Results in
Table 4.7 provide additional evidence that employing a similar bridge language facilitates

translation performance on unseen language pairs.

ID  Training Pairs — Bridge Bridge — Unseen
Bridge BLEU COMET BLEU COMET BLEU COMET
{el, cales en 357 818 36.2 79.3 63 599
&Y es 275 849 279 855 190 810

en 32.7 78.0 34.0 81.3 9.1 60.2

oms e Gy 231 774 219 813 159 705

—~ |~

N
2)
3)
e

TABLE 4.7: Translation quality (BLEU(1), COMET(?)) on the Wikimedia dataset when

using similar versus dissimilar bridging languages. The minimal risk of incorrect language

data guarantees that unseen language pairs are excluded from the training data. Results

confirm that using similar bridging languages consistently leads to stronger performance on
language pairs not encountered during fine-tuning.

4.6.2 Impact of Using Codebooks

In Table 4.6, the proposed codebook approach improves performance on unseen pairs
relative to direct fine-tuning (4.7—15.5 BLEU, 53.0—66.8 COMET). However, this im-
provement comes at the expense of supervised directions and underperforms the two
continuous representation approaches by about 1.5 BLEU. The performance degradation
on supervised directions may result from the information bottleneck inherent in the dis-
cretization process. The underperformance relative to continuous approaches stems from
persistent off-target translation errors, where test sentences are translated into incorrect
target languages. While the codebook approach reduces off-target translations from 87.4%
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to 13.1% compared to the fine-tuning baseline in row (1), this remains substantially higher
than the 4.7% achieved by the alternative models in rows (2) and (3). Despite this limi-
tation, the codebook approach offers advantages for analyzing learned representations,
which we leverage to investigate the distinct behaviors observed between the two data
conditions when processing unseen language pairs.

4.6.3 Using Discrete Codes to Interpret Learned Representations

An advantage of our codebook approach is that it allows easier interpretation of the
model’s internal representations. We leverage this property to investigate the following
question: why is the ID-BRIDGE data condition more performant despite using less data?

Formalization

To address the question above, we analyze the discrete codes for semantically equivalent
sentences across multiple languages. We encode sentences from the test sets of all lan-
guages used in our main experiments, English (en), Indonesian (id), Javanese (jv), Malay
(ms), and Tagalog (tl), again using the FLoRes-101 devtest set.®> For an input sentence with
N tokens, we encode them with the trained model’s encoder and then extract a sequence
()

of discrete codes T} for each of the model’s S slices. Each Ti(s) represents a discrete

code from the codebook that corresponds to a token’s representation within slice s.

We then compare the codes of semantically equivalent sentences from two different
languages by evaluating two aspects: 1) the degree of overlap in the codes used, and 2) the
transformation required to map one sequence of codes to the other. These metrics provide
a quantitative measure of similarity between the code sets, which in turn serves as a proxy

for the alignment of the model’s internal representations across these languages.

Discrete Code Distribution

The first analysis is based on the frequency of individual discrete codes without consider-
ing their orders or co-occurrence statistics. For each language and each model slice, we
construct a probability distribution over the entire codebook vocabulary. This distribution
P is defined by the probability of observing each discrete code c;:

frequency(c;)
- frequency(c,)’

ple;) = > (4.6)

where ¢; is a discrete code from the codebook C.
To compare a pair of languages i and j, we compute the Kullback-Leibler (KL) diver-
gence between their respective code distributions, P; and P;:

3The FLoRes-101 sets are multiway, meaning the sentences across languages are direct translations of each
other.
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FIGURE 4.3: KL divergence(]) of code distribution for the ID-BRIDGE (left) and EN-BRIDGE
(right) setup. Lower scores indicate greater representational sharing. ID-BRIDGE results in
more sharing not only between itself and {ms, jv, tl} but also among {ms, jv, tl}.

where a lower value indicates that the two languages exhibit more similar patterns of code
usage, which in turn implies a higher degree of representational alignment within that
specific model slice.

Figure 4.3 depicts the KL divergence of code distribution averaged over all slices. A
comparison between the EN-BRIDGE and ID-BRIDGE setups reveals several differences
in how the model aligns language representations. First, the EN-BRIDGE model exhibits
a strong divergence between the representations for the bridge language (English) and
those for the other languages ({ms, jv, tl}). This indicates a large representational gap. In
the ID-BRIDGE counterpart, however, the distinction between the bridge language and the
other languages is far less. Second, and more importantly, the degree of representational
overlap among the non-bridge languages ({ms, jv, tl}) is substantially higher in the ID-
BRIDGE setup. This is crucial because the input tokens for these languages were identical
in both configurations. The difference in alignment can therefore be attributed directly
to the model’s learned representational strategy rather than to variations in the training
data. Overall, these results demonstrate that the choice of a bridge language not only
determines the representational relationship between the bridge language and the target
languages but also fundamentally influences the degree of alignment among the target
languages themselves.

Discrete Code Translation

The code distribution analysis above makes a simplified assumption by considering the
discrete codes as a bag of words. To assess the structural (dis)similarity between the code
representations for different languages, we consider the task of translating the discrete
codes of a language to another.

While a constructed language like Interlingua would create the same representations
for the source sentences with identical meanings, our discrete code representation is
not yet invariant to the source language. Nevertheless, we do expect them to be more
abstracted from the source sentences, making the translation task easier than directly
between the raw tokens. Here we train a translation model on the discrete codes and

use the test performance to quantify how similarly the source languages are represented.
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FIGURE 4.4: BLEU(?) scores of translating between discrete codes for the ID-BRIDGE (left)

and EN-BRIDGE (right) setup. Higher scores indicate greater representational sharing. The

superior performance in the ID-BRIDGE setup suggests its codes have achieved a more
unified structure across languages.

When the representations are more different from each other, i.e. language-specific, the
translation quality on the discrete codes is expected to be lower.

Specifically, we randomly sample 100K sentence pairs* for each translation direction
in the experiments of Table 4.6 extract their discrete codes assigned by the trained models
(rows (4) and (8) of Table 4.6), and train a new Transformer-base (Vaswani et al., 2017) to
translate between the extracted codes of different languages. We flatten the slices, therefore
making each source token represented by 16 discrete codes. After training for 200K steps,
we report BLEU scores on the test set, which is also converted to discrete codes. The
results are shown in Figure 4.4. First, the translation task is clearly easier on the discrete
codes derived from the ID-BRIDGE system. Second, the score differences are especially
prominent when translating out of Malay (ms) and Javanese (jv), which are more related
to Indonesian than Filipino/Tagalog (tl). Along with the results from the code overlap,
our results show that using a similar bridge language results in higher knowledge-sharing
not only syntactically but also structurally, especially between related languages.

4.7 Analyses on Learned Discrete Codes

We further investigate the discrete codes regarding their usefulness for the learned repre-
sentations (§4.7.1) as well as the translation task (§4.7.2).

4.7.1 How Well Clustered are the Hidden States?

As motivated in §4.4, although at inference time we use the continuous encoder hidden
states instead of the cluster centers, the soft discrete codes will still enforce encoder hidden
states into clusters, thereby resembling a discrete structure. To verify whether the encoder
latent space indeed becomes more discretized with our approach, we analyze the encoder
hidden states on the test set using Principal Component Analysis (PCA). If the data points
representing the encoder outputs are well-clustered, a larger percentage of their variance

should be explained by the learned principal components. As shown in Figure 4.5, our

The training data (Table 4.5) allow us to use 340K sentences. We sampled 100K for faster experiment
iteration.
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FIGURE 4.5: Our codebook approach creates better-clustered encoder hidden states, as
shown by a much higher percentage of variance explained by PCA compared to both the
baseline and a strong alternative approach, the adversarial language classifier.

approach consistently leads to higher proportion of explained variances compared to
the baseline M2M-124, as well as the strong alternative approach with the adversarial
language classifier. These results therefore confirm the effectiveness of our soft discrete

code approach in enforcing discrete structures in the encoder latent space.

4.7.2 Meaningfulness of Cluster Centers

Recall that at inference time our soft discrete code model uses the encoder hidden states
prior to discretization, although it does use both pre- and post-discretization encoder
context in training. The main reason behind this is that discretizing the encoder hidden
states to cluster centers creates an information bottleneck that limits model expressiveness.
Despite the expected performance degradation, we are nonetheless interested in quan-
tifying how much information is lost by using the cluster centers as context instead. In
other words, the question is how meaningful are the cluster centers for the translation task?
In Table 4.8, we report the results of using the cluster centers as context for the decoder
at inference time. Compared to using the encoder hidden states, we see a degradation
of 4.1 and 1.7 BLEU for ID-BRIDGE and EN-BRIDGE respectively. This indicates that the
cluster centers are still relevant for the translation task, although much less powerful than
the encoder hidden states prior to discretization. It also rules out the possibility of the
learned codes being trivial repetitions, which would otherwise have been detrimental to

the translation performance.

4.8 Upper Bounds by Additional Training Data

Our experiments so far use single-bridge languages and consider directions fully unseen
during fine-tuning. We now study the impact when either of the two conditions changes:
1) when parallel data is available for directions unseen in fine-tuning (§4.8.1) and 2) when
using multiple bridge languages (§4.8.2). In these experiments, scores for systems shown
in Table 4.6 show minor deviations from their previous values due to experiments run on
different hardware.
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Encoder States at Inference Avg. BLEU(?)
=X X= Y&Zo Avg.

EN-BRIDGE (X=en)
Encoder states (Table 4.6 row (4)) 26.8 263 152 209
Cluster centers 243 246 139 192

ID-BRIDGE (X=id)

Encoder states (Table 4.6 row (8)) 272 23.6 183 219
Cluster centers 228 200 143 178

TABLE 4.8: At inference time, using cluster centers instead of the clustered encoder states

degrades performance by 1.7 to 4.1 BLEU. Despite the degradation, the scores show that

translation from the cluster centers is still meaningful. This also rules out the possibility of
the learned codes collapsing to trivial repetitions.

4.8.1 Adding Parallel Data for Directions Unseen in Fine-Tuning

To determine how much parallel data is needed to surpass direct translation, we create an
oracle condition by supplementing the fine-tuning data with parallel data for language
pairs previously unseen during training (§4.5.1). As detailed in Table 4.5, the oracle
parallel data amounts to 2.2M sentences in total (340K for jv-ms, 662K for jv-tl, and 1.2M
sentences for ms-tl). We then sample 100%, 10%, and 1% of this oracle parallel data,
combining each subset with the original training data. For consistency, we use the same
multilingual system configuration as employed in rows (3) and (6) of Table 4.6. The results
are presented in Table 4.9.

Surprisingly, adding 1% oracle bitext (22K sentence pairs in total) for the previously
unseen directions already yields performance comparable to the best direct systems,
achieving 18.4 and 17.3 BLEU for ID-BRIDGE and EN-BRIDGE, respectively. However, this
improvement comes at the cost of a slight decrease in supervised direction performance,
with drops of 0.4 BLEU for ID-BRIDGE and 0.7 BLEU for EN-BRIDGE. This trade-off is likely
related to temperature-based sampling, which aggressively up-samples the extremely
low-resource directions and causes the model to de-prioritize higher-resource directions.

When the amount of oracle bitext is increased to 10% (220K sentence pairs), the system
surpasses direct performance on the unseen directions. Further increasing the amount
from 10% to the full oracle dataset leads to only marginal additional improvements. For ID-
BRIDGE, performance appears to saturate at 10%, with no further gain from the remaining
90% of data. In contrast, the EN-BRIDGE system continues to benefit, particularly on Y <+Z
directions, gaining an additional 0.5 BLEU.

Despite these improvements, EN-BRIDGE continues to lag behind ID-BRIDGE on these
directions by 0.8 BLEU (18.9 vs. 19.7 BLEU). This may be explained by the greater amount
of data required for effective training when the bridge language is distantly related to the
other languages, thereby increasing the overall translation challenge. This finding aligns
with the earlier observation that using a related bridge language eases the multilingual
translation task and enhances knowledge sharing (§4.6.1).
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Oracle Bitext Amount Avg. BLEU(T)
=X  X= Y&Z o Avg

EN-BRIDGE (X=en)
Best system without Y<+Z fine-tuning data 279 272 173 22.4

1% 27.0 268 17.1 22.0
10% 275 274 18.4 22.9
100% (2.2M bitext) 277 275 18.9 23.2

ID-BRIDGE (X=id)
Best system without Y<+Z fine-tuning data ~ 27.5 241 184 22.1

1% 269 239 18.4 21.9
10% 273 245 19.7 22.8
100% (2.2M bitext) 26.6 248 19.7 22.7

TABLE 4.9: Impact of adding oracle parallel data for the previously unseen directions for
training the baseline models. Adding 10% parallel data (roughly 220K sentence pairs in this
case) surpasses the best system trained without Y« Z fine-tuning data.

Data Condition Avg. BLEU(7)
=X X= Y&Z o Avg.
X=id 270 243 21.9
MULTI-BRIDGE  y _ on 278 277 18.3 23.0
Only ID-BRIDGE 271 242 177 21.7
Only EN-BRIDGE 281 276 5.1 16.5

TABLE 4.10: Results of using multiple bridges (combining ID-BRIDGE and EN-BRIDGE).
Despite substantial gains over EN-BRIDGE, the multi-bridge system only gives a mild
improvement in zero-shot performance (Y <+2) over the ID-BRIDGE system.

4.8.2 Multiple Bridge Languages

While our experiments so far have focused on single bridge languages, in practice multi-
bridge parallel data is often available. While multi-bridge setups have been shown to
outperform English-only bridging (Rios et al., 2020), what remains unclear, however,
is whether combining data from multiple single-bridge conditions leads to additional
synergy.

To investigate this, we train a multi-bridge system by combining data from the ID-
BRIDGE and EN-BRIDGE setups. As shown in Table 4.10, the multi-bridge system performs
on par with the best single-bridge models for supervised directions (—X and X —). For
unseen directions (Y ++»Z), while the multi-bridge setup yields substantial gains over
EN-BRIDGE (rising from 5.1 to 18.3 BLEU), it provides only a marginal improvement over
ID-BRIDGE. Considering that training the multi-bridge system more than doubles the cost
compared to ID-BRIDGE, these results suggest that choosing a bridge language closely
related to the remaining languages is a more data-efficient strategy for achieving strong

direct translation performance.
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4.9 Summary

This chapter investigates an important challenge in the adaptation of pre-trained multi-
lingual translation models, namely their susceptibility to catastrophic forgetting. When
pre-trained models are fine-tuned on a limited set of language pairs, they often develop
language-specific biases that degrade or eliminate their pre-trained capabilities on lan-
guages unseen in fine-tuning. To counteract this, we propose a method based on discrete
intermediate representations. The core hypothesis is that by forcing the model to channel
information through a discrete bottleneck, we can preserve pre-trained knowledge more
effectively while still allowing for specialization.

Our investigation leads to several key findings: 1) We first establish that standard fine-
tuning on a narrow, English-centric dataset leads to significant catastrophic forgetting of
language pairs that were present during pre-training. 2) Our proposed soft discretization
approach mitigates this forgetting, although it underperforms continuous regularization
approaches due to information loss from discretization. 3) Using a linguistically similar
bridge language during fine-tuning is a highly effective strategy. This approach not only
combats forgetting and improves data efficiency, but also facilitates the learning of more
generalizable representations.

For scenarios where computational resources are less constrained, we show that multi-
bridge systems can further enhance performance. We also conduct oracle experiments to
quantify the data requirements for recovering performance on forgotten language pairs,
finding that adding back as little as 10% of the original parallel data can surpass the
performance of strong direct translation baselines.

Finally, this chapter is situated within our broader exploration of generalizable repre-
sentations. We focus on task-specific pre-trained models here, deferring the analysis of
generic models to the next chapter. Unlike training from scratch, adapting pre-trained
models constrains us to their fixed architectures, rendering the structural modifications
from the previous chapter unsuitable. However, we confirm that the underlying principle
of regularization remains highly beneficial in this new context. These findings pave the
way for our subsequent investigation into whether similar principles apply to large-scale

generalist language models.
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Chapter 5

Transfer with Generalist Pre-Trained Models

The field of natural language processing has seen a paradigm shift since late 2022, moving
from task-specific models towards generalist models that handle diverse tasks through
instruction following. This shift is largely driven by scaling, where models with billions
of parameters, commonly referred to as large language models (LLMs), demonstrate
capabilities that were not explicitly covered in training. Building on the findings from
the previous chapter on task-specific models, a natural and crucial next direction is to
investigate whether similar cross-lingual transfer mechanisms apply to the new generation
of generalist models.

The investigation in this chapter differs from the previous one in two aspects. First,
we move from task-specific models to generalist ones, allowing our experiments to extend
beyond machine translation to a broader range of tasks. Second, the architecture changes
from encoder-decoder models, which offer a natural alignment target in the encoder, to
decoder-only LLMs. This shift brings a higher degree of freedom in selecting where to
enforce language invariance within the monolithic model.

Given the computational costs of training these large models, this chapter introduces a
parameter-efficient, modular approach to cross-lingual transfer. The alignhment modules
integrate with pre-existing task-specific components to enable an efficient and performant
cross-lingual transfer. This chapter is partly based on Liu and Niehues (2025b).

5.1 Introduction

While LLMs have demonstrated remarkable abilities to perform tasks based on instructions
alone or only a few examples (Wei et al., 2022a; Chowdhery et al., 2023), achieving state-
of-the-art performance often requires additional supervised fine-tuning on specific tasks
(Shen et al., 2024; Xu et al., 2024; Alves et al., 2024). However, the scarcity of task-specific
training data across languages and the inherent LLM performance gaps across languages
present critical challenges. This motivates our investigation of extending the benefits of
task-specific training beyond languages with supervised data.

As motivated in earlier chapters, although cross-lingual transfer is a well-established
field (Wang and Zheng, 2015; Ruder et al., 2019a; Artetxe and Schwenk, 2019b; Pfeiffer et al.,
2020), its application to generation tasks with variable-length outputs is considerably more
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difficult than classification tasks (Vu et al., 2022b; Li and Murray, 2023). This challenge is
especially relevant for LLMs, which formulate all tasks as next-token generation problems.

A primary strategy for enabling transfer is cross-lingual alignment, which includes
methods like the adversarial language classification and similarity regularization tech-
niques discussed in previous chapters. However, applying these methods to modern LLMs
is not straightforward due to architectural shifts. In previous architectures, the location for
applying alignment was more clearly defined. For encoder-only models, representations
were aligned using objectives like cross-lingual masked language modeling (Conneau and
Lample, 2019) or by minimizing the distance between parallel sentence representations
(Feng et al., 2022). These techniques also extended to encoder-decoder models, where align-
ment was typically enforced on the encoder’s outputs (Arivazhagan et al., 2019a; Pham
et al., 2019; Duquenne et al., 2023b). In contrast, the integrated architecture of decoder-only
models lacks such clear separation between input processing and output generation. This
ambiguity makes it difficult to determine where and how to apply alignment objectives,
as also highlighted in the survey by Hammerl et al. (2024).

Beyond the architectural challenge, making the alignment step modular and post-hoc
is another challenge that motivates our work. Given the resource-intensive nature of
fine-tuning LLMs, an ideal cross-lingual alignment method should be disentangled from
task-specific fine-tuning. This modularity would allow cross-lingual capabilities to be
instilled into an already fine-tuned model without repeating the original computationally
expensive training process.

The previous chapters explored two strategies, one driven by explicit similarity op-
timization and another based on an adversarial language classifier. Despite the demon-
strated performance gains, these methods are less suitable for the modular, post-hoc
properties required here. When decoupled from a primary task objective, these methods
are prone to representation collapse, a failure mode where the model learns a trivial solu-
tion by mapping all inputs to a single point. To counteract this, in this chapter, we adopt
a contrastive learning approach, an established technique for preventing representation
collapse. This method pulls similar representations together while pushing dissimilar
ones apart. By enforcing this relational structure on the representation space, the model
can learn meaningful alignments instead of collapsing into trivial solutions.

Besides the methodological shift to contrastive learning, this chapter also involves an
extended evaluation setup. As we move beyond translation tasks, a practical challenge
emerges regarding the alignment data. Non-translation tasks no longer provide the
parallel data required for cross-lingual alignment. Therefore, we must source parallel
data from external datasets, which may differ in domain and language coverage from the
fine-tuning data of the task at hand.

This experimental setup creates two dimensions of generalization. The first is task
generalization, which, consistent with the previous chapter, measures the model’s task
performance on conditions unseen during fine-tuning. The second is language generaliza-
tion, which assesses whether the learned alignment itself extends to languages that were

absent from the alignment training phase. We examine both dimensions in this chapter.
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5.1.1 Task Definition

In this chapter, we study the following task:

7

Given a large language model that supports IV languages and task-specific data on
k(k < N) languages, after task-specific fine-tuning on these £ languages, how to
improve task performance on remaining /N — k languages that are absent during

fine-tuning?

This problem formulation encompasses two challenges. The first is the classical form
of cross-lingual generalization, which aims to leverage task-specific fine-tuning on k
languages to improve performance on the remaining N — k languages. The second, similar
to the previous chapter, is the temporal challenge involving knowledge retention, as the
fine-tuning process must avoid catastrophic forgetting and preserve the model’s general-
purpose abilities from pre-training. For specific applications on machine translation, an
additional aspect of compositional generalization also emerges. To maintain the generality
of this chapter, this specific aspect is reserved for Chapter 6.

5.1.2 Contributions

In this chapter, we start by quantifying the degree of cross-lingual alignment present in

two prominent LLMs, Llama 3 (Al @ Meta et al., 2024) and Qwen 2.5 (Qwen Team et al.,

2025). The analyses suggest that the middle layer provides the strongest potential for

cross-lingual transfer. We then apply these insights to improve cross-lingual transfer in

task-specific fine-tuning. By alternately training on alignment and task-specific data, we
aim to improve the task performance on languages without fine-tuning data.
Specifically, we make the following contributions:

* Our analysis across a broad range of languages reveals that, in pre-trained decoder-only
large language models, the representations from the middle layers exhibit the highest
degree of cross-lingual alignment compared to other layers in the network (§5.3).

¢ We propose an alignment procedure focused on LLM middle layers during task-specific
fine-tuning. This approach improves cross-lingual transfer (§5.6.2) and enhances align-
ment across all network depths (§5.6.3) compared to other placement configurations.

* We show that the cross-lingual transfer improvements extend beyond the specific
languages involved in alignment (§5.6.2) to a wider range of languages supported by
the underlying LLMs.

¢ We show that task-specific and alignment modules trained separately can be combined
post-hoc to improve transfer performance (§5.7.4). This is particularly suitable to
practical scenarios with existing task-specific modules that are later instilled with
additional cross-lingual capabilities.
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5.2 Related Work

We first review related work on multilingual LLMs (8§5.2.1), alignment techniques that
encourage similar representations across languages (§5.2.2), and analyses of LLM repre-
sentations (§5.2.3).

5.2.1 Multilingual Capabilities of Large Language Models

The performance of LLMs often varies across languages, a disparity largely attributed to
imbalances in their pre-training data. However, even models trained predominantly on
English exhibit some degree of multilingual capability (Aycock and Bawden, 2024; Yuan
et al., 2024), potentially due to the unintentional ingestion of multilingual content during
pre-training (Briakou et al., 2023). Meanwhile, there are significant efforts to expand the
language coverage, either incorporating more languages during the initial pre-training
phase (Al @ Meta et al., 2024; Qwen Team et al., 2025), or adapting existing models post-
hoc by adding new languages through continued training or other extension methods
(Yong et al., 2023; Lai et al., 2024b; Mahdizadeh Sani et al., 2025). Despite these inherent or
intentionally added multilingual capabilities, effectively applying them to downstream
tasks in low-resource settings remains challenging (Adelani et al., 2024; Iyer et al., 2024).

5.2.2 Multilingual Representation Alignment

Enhancing meaningful cross-lingual relationships between model representations has
been a well-studied area. The goal is to create a language-agnostic representation space
that enables knowledge transfer across languages. This is particularly relevant when
bridging dissimilar languages, as successful alignment in these cases would demonstrate
that the model has learned abstract semantic concepts independent of linguistic surface
forms. This capability is essential for many tasks, including intermediate tasks such as
bilingual lexicon induction (Zhang et al., 2017b) and sentence embeddings (Feng et al.,
2022; Li et al., 2023b), as well as more direct applications like information retrieval (Izacard
et al., 2022) and translation (Pham et al., 2019).

Multilingual representation alignment can be achieved by various mechanisms, such
as similarity losses that push translations toward each other (Pham et al., 2019), con-
trastive losses (Hadsell et al., 2006) that additionally incorporate non-translation pairs,
and adversarial losses (Ganin and Lempitsky, 2015) that remove language-specific signals.
The cross-lingual transfer capabilities of these approaches are extensively documented
in the literature. In particular, contrastive learning methods have shown promising re-
sults (Pan et al., 2021; Chi et al., 2021; Qi et al., 2022). Our contribution is not applying
contrastive learning itself, but rather investigating how to effectively align multilingual
spaces specifically in decoder-only models.

In the context of LLMs, Wang et al. (2025) use linear projections learned offline to align
non-English representations with English ones during decoding. Our work differs in that

our alignment objective is parameterized by the same weights as task-specific fine-tuning,
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and is directly applicable to multilingual fine-tuning. Wu et al. (2024a) align LLM top-
layer representations specifically for the task of semantic textual similarity. Different from
this work, they do not consider cross-lingual transfer in downstream tasks or explore

intermediate LLM layers for alignment.

5.2.3 Representation Analysis in Large Language Models

Several recent works have analyzed LLM internal representations with geometric analysis
of representation spaces (Razzhigaev et al., 2024; Lee et al., 2025), probing classifiers
(Wang et al., 2024; Li et al., 2025a), or logit lens analysis (Wu et al., 2025). Multiple studies
(Wu et al., 2025; Mao and Yu, 2024; Zhong et al., 2024) reported higher representational
similarity in middle layers in various evaluation settings, complementing our findings.
Wau et al. (2025) identify “semantic hubs” in LLM middle layers that integrate information
from various data types, while we focus specifically on cross-lingual representations
rather than multi-modality. Mao and Yu (2024) show that SFT on machine translation
increases similarity between parallel sentences from the same MT corpus, while we show
that SFT on a non-translation task does not increase representation similarity, thereby
motivating explicit alignment during SFT. Zhong et al. (2024) measure pairwise similarity
to English representations (“latent language”) on high resource languages, while we focus
on pairwise similarity across a more diverse set of language pairs. Kargaran et al. (2025)
use similarity between parallel sentences to estimate cross-lingual transfer capabilities.
Our analysis in §5.3 shares the same motivation, and we additionally show that actively

enforcing alignment can improve transfer performance.

5.3 Analyzing Cross-Lingual Alignment in LLMs

To understand how well LLM representations capture semantic equivalence across lan-
guages, we use translation retrieval as a diagnostic task. We choose this retrieval task
over other metrics like cosine similarity or SVCCA score (Raghu et al., 2017) because it
better captures relative relationships: if a model’s representations enable us to identify a
sentence’s translation from a set of candidates, the exact numerical distance between the
query and the retrieved translation is less important than the ability to rank translations
as the most semantically similar.

Specifically, we first extract model activations at each network layer for all language
variants of the input text. To handle variable-length sequences, we create fixed-size sen-
tence embeddings by mean-pooling the activations over the sequence length dimension.
For translation retrieval, given a query sentence in one language, we compare its embed-
ding to the embeddings of candidate sentences in the target language using ratio-based
margin similarity (Artetxe and Schwenk, 2019a)!. For N languages, we evaluate retrieval
accuracy across all N(IN — 1) possible language pairs. We use the FLORES-200 dataset
(NLLB Team, 2024), which provides high-quality multiway parallel texts across diverse
languages (detailed setup in §5.5.2).

'shown to outperform cosine similarity for cross-lingual retrieval tasks (Artetxe and Schwenk, 2019a)
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FIGURE 5.1: Two observations (§5.3) motivating our approach of aligning multilingual
representations (§5.4).

Our investigation of Llama 3 and Qwen 2.5 models? reveals three key findings:
Overall weak semantic alignment, with peak in middle layers: As shown in Figure 5.1a,
the average translation retrieval accuracy across 1,190 language pairs remains below 50%,
with Llama 3 outperforming Qwen 2.5. Low-resource languages® show especially weak
alignment, achieving less than half of the overall average accuracy. In particular, the middle
layers of both models demonstrate the strongest retrieval performance. This suggests
stronger potential for cross-lingual transfer at these intermediate representations.

Strong correlation between base LLM semantic alignment and downstream task trans-
fer: To what extent can the semantic alignment present in the base LLM predict cross-
lingual transfer performance after supervised fine-tuning? Using multilingual slot filling
as a case study, we train models on 5 high-resource languages jointly and evaluate transfer
performance on 25 additional languages (detailed setup in §5.5.1). As shown in Figure 5.1b,
for both Llama 3 and Qwen 2.5, we observe statistically significant positive correlations
(p < 0.01) between middle-layer retrieval accuracy and downstream task performance.
This correlation suggests that increasing cross-lingual alignment in LLM intermediate

representations may improve cross-lingual transfer.
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FIGURE 5.2: Task-specific fine-tuning shows minimal impact on translation retrieval accu-
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5.4. Explicit Alignment in Fine-Tuning

Task-specific fine-tuning preserves but does not enhance semantic alignment: After
analyzing the base LLMs, we examine how supervised fine-tuning affects the models’
internal semantic alignment. Using the same multilingual slot filling task as before, we
study both English-only and multilingual fine-tuning. Despite multilingual fine-tuning
being an established method for improving cross-lingual transfer (Li and Murray, 2023;
Chirkova and Nikoulina, 2024), we observe that neither training configuration alters
the models’ cross-lingual semantic alignment (Figure 5.2). This preservation of baseline
alignment patterns, even under multilingual training, indicates that pure fine-tuning does
not sufficiently strengthen cross-lingual alignment. This further motivates us towards
explicit cross-lingual alignment during fine-tuning.

5.4 Explicit Alignment in Fine-Tuning

As illustrated in Figure 5.3, we propose alternately training with the original task ob-
jective and an alignment objective that explicitly encourages similar representations for
semantically related contents.

Contrastive
Loss

Cross-Entropy |
Loss

Task-Specific
Training

Training

FIGURE 5.3: Illustration of our approach which alternates training between task-specific and
alignment objectives. The alignment objective operates on middle-layer representations.

prefix Edl output

5.4.1 Task Objective

For task-specific training, we follow the standard conditional language modeling setup,

using a cross-entropy loss over the predicted text Y = (y,...,yr) conditioned on the
input prefix X = (z1,...,zn):
1 T
Cosk =~ 7 ; log P(ytly<t, X). (5.1)

The input prefix X combines the task instruction and input text, such as “Translate the
sentence from English to German: Hello world.”.

5.4.2 Alignment Objective

Representation alignment can be achieved by various methods, including similarity
regularizers and adversarial losses recurring in the previous chapters (§3.8, §4.5). We adopt
contrastive loss for modularized alignment training, where only the alignment objective
is active during some training steps. This precludes similarity-only approaches, which
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lack mechanisms to preserve dissimilarity and consequently suffer from representation
collapse, a phenomenon where all representations converge to identical points. Contrastive
loss mitigates this collapse by incorporating both positive and negative pairs, in this case
maximizing similarity between translation pairs and minimizing similarity between non-
translation pairs. Specifically, given a batch B of n pairs of parallel sentences, the alignment

loss for a sentence pair (s, ¢) is:

exp(sim(hg, hj))

> ves exp(sim(hi, hi)) (5.2)

['align = - 10g

where h! is the mean-pooled* hidden states at the i** LLM layer for input s and sim(-, -) is
a similarity function. Motivated by our finding that middle layers have the strongest cross-
lingual alignment potential, we select i as the middle layer and compare its performance
to other layer positions. We use cosine similarity following prior works (Gao et al., 2021;
Ye et al., 2022). The similarity score is optionally scaled by a temperature parameter
7, which controls the peakiness of the softmax distribution and in turn determines the
relative importance of non-translation pairs. This temperature parameter is tuned on the
development sets.

5.4.3 Alternate Training

As shown in Figure 5.3, we alternate between optimizing the task-specific objective and the
alignment objective across training steps. Compared to joint optimization that computes
a combined loss for both objectives and performs a single backward pass, this approach
does not involve manually balancing objective weights and mitigates potential gradient
conflicts between the two training objectives.

To illustrate these gradient conflicts, we sampled 1,280 training instances for each loss
function at training initialization and repeated this procedure 10 times. We computed
gradients for all trainable parameters and measured gradient alignment using cosine
similarity, where positive values indicate aligned gradients and negative values indicate
conflicts. Figure 5.4 shows the average cosine similarities between: (1) different batches
within the task objective, (2) different batches within the alignment objective, and (3)
batches across different objectives. The positive intra-objective similarities contrasted
with negative inter-objective similarities confirm the gradient conflicts between the two
training objectives.

Note that the task and alignment losses can be activated separately. Deactivating
the alignment loss degenerates to standard task-only training. Conversely, deactivating
the task loss trains the model only for alignment. The modularity allows combining
separately-trained task and alignment models.

*Initial experiments with attention pooling degraded performance. We also tried a stop-gradient operator
on English representations to align non-English representations towards English, but it did not give consistent
gains.
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FIGURE 5.4: Gradient similarity, measured as the cosine similarity between the gradients

of all trainable parameters (flattened into vectors), is generally positive within both task-

specific and alignment objectives. It becomes negative when comparing task objectives
against alignment objectives, indicating conflicts.

5.4.4 Data Requirement

Our approach requires minimal parallel data. Later experiments show that for lower-
resource languages, a few hundreds of sentences of parallel data is sufficient to improve
transfer. This data requirement is feasible to satisfy with existing multilingual datasets
such as Tatoeba (Tiedemann, 2020), which covers over 300 languages. Our approach
also offers a practical advantage over alternatives that require monolingual language
modeling training for each transfer target language (Ansell et al., 2022; Vu et al., 2022b;
Chronopoulou et al., 2024).

5.5 Experimental Setup

5.5.1 Datasets

In general, we fine-tune on several high-resource languages and then evaluate transfer
performance on additional languages. We do not focus on English-only fine-tuning,
since our initial experiments demonstrated that multilingual fine-tuning substantially
outperforms English-only fine-tuning (8§5.6.1), thus establishing it as a stronger baseline.
Table 5.1 presents a dataset overview. Descriptions of the language codes are available in
Appendix C.2.

Main Task Data

We evaluate our approach on slot filling and machine translation, both modeled as genera-
tion tasks with templates shown in Appendix C.3. For slot filling, we use the MASSIVE
dataset (FitzGerald et al., 2023). We train on 5 high-resource languages, and evaluate
transfer performance on 15 additional diverse languages, 5 of which have non-Latin writ-
ing systems. This task presents a challenge due to the 60 possible slots, requiring strictly
following the output format for correct parsing. For machine translation, we use ALMA
(Xu et al., 2024)’s training and test data, and additionally test on 6 zero-shot directions
from WMT 23 (Kocmi et al., 2023).
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Dataset Languages
Slot Filling
Task - train MASSIVE {ar, en, es, ru, zh}
Task - test MASSIVE supervised + {af, az, cy, de, el,

fr, hi, is, ja, jv, sw, th, tl, tr, ur}

low-resource: {cy, jv, jp, sw, tl}-en
Alignment Tatoeba mid-resource: {el, hi, th, tr}-en
high-resource: {ar, es, ru, zh}-en

Machine Translation

Task - train ALMA {cs, de, is, ru, zh}<«> en
Task - test WMT 23 supervised + {he, ja, uk} <> en
Alignment (same as “Task - train”)

JSON Generation (challenge task)
Task - train UNER {en, pt, zh}
Task - test UNER supervised + {da, hr, sk, sr, sv}
Alignment Tatoeba {da, sv}-en

Semantic Alignment Evaluation (diagnostic task)
Alignment FLoRes-200 N(N — 1) pairs for N languages

TABLE 5.1: Dataset statistics for three downstream tasks and one diagnostic task. “Train”
refers to languages involved in SFT, and “test” includes SFT languages and additional
transfer languages unseen during training. See Appendix C.1 for more details.

Challenge Task Data

To assess performance on long-sequence processing and structured text generation, we
include JSON generation as a challenge task. We use the UNER dataset (Mayhew et al.,
2024) from the Aya collection (Singh et al., 2024), which requires following example
instructions and extracting named entities into JSON format. A challenge not present in
the previous tasks is the longer inputs, with an average input length exceeding 150 tokens
in English. For this task, we train on 3 high-resource languages (en, pt, zh) and transfer to
the 5 remaining languages.

Alignment Data

For alignment, we mainly use parallel data to English from Tatoeba (Tiedemann, 2020),
except for machine translation, where the training sentences are inherently parallel. For
slot filling, our main experiments align the five languages with the weakest baseline®
transfer performance (cy, jv, jp, sw, tl) reported by the dataset creators (FitzGerald et al.,
2023). We choose them because their weak baseline performance suggests a lack of
effective transfer, providing a strong testbed for evaluating the potential benefits of our
alignment approach. For ablation, we alter the following factors of the alignment data:

* Resource level (low, medium, high-resource)

¢ Language coverage

* Domain (oracle data, different, very distant)

Stheir baseline is an XLM-R model trained on English
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For machine translation, given the inherent semantic equivalence of translation pairs, we
directly leverage the translation data for alignment. For JSON generation, we align the
two lowest-resourced in UNER (da and sv)° to English. The lowest-resource alignment
languages have a few hundred parallel sentences: Javanese (264), Swahili (371), Welsh
(823). Further details on the alignment data are in Appendix C.1.

5.5.2 Evaluation
Semantic Alignment Evaluation

As described in §5.3, we evaluate cross-lingual semantic alignment by retrieval accuracy.
Given N languages, we perform many-to-many retrieval and average the accuracy over
the N(N — 1) language pairs. For the initial analyses (§5.3), the 35 languages are listed
in Appendix C.2. We use the FLoRes-200 (NLLB Team, 2024) development set with 997
parallel sentences. While FLoRes partially overlaps with ALMA’s training data, it remains
the only reliable massively multilingual multiway corpus to the best of our knowledge.
Alternatives such as Tatoeba have been advised against due to data imbalance and noise
(Heffernan et al., 2022; Janeiro et al., 2025). We also demonstrate that this overlap does not
result in memorization effects (§5.7.3). When reporting an aggregated retrieval accuracy for
a model, we average over all language pairs at even-numbered layers’ retrieval accuracy,
excluding the input embedding layer.

Task Performance Evaluation

For slot filling, we report F; scores using the original evaluation script by FitzGerald et al.
(2023). For machine translation, we report BLEU (Papineni et al., 2002) and COMET-22
(Rei et al., 2022) scores. For JSON generation, we parse the generated outputs back to

named entity tuples and then evaluate F; scores.

5.5.3 Model, Training, and Inference

We build upon Llama (Al @ Meta et al., 2024) and Qwen (Qwen Team et al., 2025),
specifically Meta-Llama-3-8B-Instruct and Qwen?2.5-7B-Instruct. We use LoRA (Hu et al.,
2022) adapters with a rank of 8 for all attention components and linear projections. The
effective batch size is 128 for both objectives, with mini-batches of 32 examples considered
for the contrastive objective’. Alignment data from different languages are re-sampled to
an approximately uniform distribution. More details are in Appendix C.3.

*While Serbian (sr) is also low-resourced in UNER, we exclude it from alignment due to data quality.
Running language identification reveals that many sentences in the Serbian alignment data are not actually in
Serbian.

"While contrastive learning typically benefits from larger batch sizes (Chen et al., 2022), our initial experi-
ments with increased batch sizes did not give consistent improvements.
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5.6 Results

5.6.1 Necessity of Fine-Tuning and Multilingual Training Benefits

Before assessing our proposed approach, we establish supervised multilingual fine-tuning
as an appropriate, strong baseline. We support this in two steps: first, by demonstrating the
necessity of fine-tuning over zero-shot inference, and second, by showing the superiority
of multilingual training over an English-only setup for cross-lingual transfer.

Zero-Shot vs. Task-Specific Fine-Tuning We first confirm that supervised fine-tuning
(SFT) is critical, as zero-shot performance is inadequate. On slot filling, Llama 3 achieves
only 6.6% F; on English as it struggles to adhere to the required output format. Given
this poor performance, we omit zero-shot evaluation for other languages. For machine
translation, supervised FT provides substantial gains of 4-6 COMET points over the

zero-shot baseline, as shown in rows (2) and (5) vs. (1) and (4) in Table 5.4.

ar en es ru zh ¢y ja v osw tl

English-only 59.8 825 824 658 616 603 39.7 378 398 575
Multilingual 75,5 81.7 745 77.6 738 440 658 41.0 428 65.0

af az de el fr hi is th tr ur

English-only 603 39.6 711 648 682 621 392 753 529 499
Multilingual 66.0 49.0 750 694 719 700 450 799 604 57.1

TABLE 5.2: F; scores for slot filling comparing English-only vs. multilingual fine-tuning.
Gray background indicates languages used in supervised fine-tuning. On 14 of 15 languages
unseen in fine-tuning, multilingual fine-tuning achieves stronger performance.

English-Only vs. Multilingual Fine-Tuning We show that multilingual training pro-
vides a stronger baseline for cross-lingual transfer than English-only. As shown in Table 5.2,
for the MASSIVE dataset, the multilingual model substantially outperforms its English-
only counterpart on languages unseen in fine-tuning. This result justifies our use of

multilingual fine-tuning as the baseline in subsequent experiments.

5.6.2 Overall Performance Comparison

The main results are shown in Table 5.3 for slot filling and Table 5.4 for machine translation.
Gains in cross-lingual transfer with supervised performance preserved: Our approach
improves cross-lingual transfer across different tasks and models. For slot filling, we
observe gains in both supervised and transfer (F; +0.4 and +1.5 respectively) settings
on Llama fine-tuning, with similar improvements on Qwen (F; +0.7 supervised, +2.0
transfer). In machine translation with Llama in row (3), our approach brings substan-
tial gains when transferring to out-of-English translation directions (+1.5 BLEU, +1.1
COMET).? For into-English directions, there is a modest improvement in +0.5 BLEU and
+0.2 COMET. The larger gains on out-of-English directions suggest the approach is more

¥The observation of alignment not improving supervised directions is in line with findings of Pan et al.
(2021), where the purely contrastive learning setup also does not improve supervised scores over their baseline
(“m-Transformer”).
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ID Model Slot Filling (MASSIVE)

Supervised  Transfer  Transfer Retrieval
(51lang.) (15]lang.) (aligned) (all 20 lang.)

F1 F1 F1 Acc.
(1) LLAaMA 3 - - - 39.1
(2) +SFT 76.6 60.2 51.7 39.4
(3) + alignment 77.0 61.7 55.5 73.2
(4) QWEN2.5 - - - 214
(5) +SFT 76.3 53.3 41.6 20.9
(6) + alignment 77.0 55.3 46.5 20.5

TABLE 5.3: Slot Filling results on MASSIVE dataset. Retrieval accuracy is averaged over
all language pairs and layers. Bold: highest task scores which outperform the other setups.
Language-specific results are in Appendix C.4.

ID Model Machine Translation (WMT23)

Supervised Transfer Retrieval
(5 lang.<+En) (3 lang.—En) (En—3lang.) (all9lang.)

BLEU COMET BLEU COMET BLEU COMET Acc.

(1) LLAMA 3 25.8 75.5 27.8 75.8 14.8 71.3 51.5
(2) +SFT 30.0 81.5 31.8 82.8 155 79.6 (55.3)
(3) + alignment 29.9 81.5 32.3 83.0 17.0 80.7 (84.5)
(4) QWEN 2.5 23.0 74.5 28.5 81.3 12.6 71.2 36.5
(5) + SFT 27.4 78.4 29.7 82.7 14.6 76.9 (38.8)
(6) + alignment 27.2 77.6 30.8 82.7 14.7 76.9 (75.6)

TABLE 5.4: Machine Translation results on the WMT23 test set. Symbols <+ and — and «

indicate translation directions. Retrieval accuracy is averaged over all language pairs and

layers. Bold: highest task scores which outperform the other setups. (Results in brackets):

potentially inflated scores due to partial overlap between retrieval and translation data.
Language-specific results are in Appendix C.4.

beneficial for non-English generation in this case. For Qwen in row (6), our approach
shows minor gains in into-English translation (+1.1 BLEU but no change in COMET), and
does not influence out-of-English scores. It also leads to a degradation (—0.8 COMET) on
supervised directions. This is potentially due to Qwen’s non-English-centric pre-training
combined with our English-centric alignment data. With this exception, our approach
maintains or improves supervised performance while enhancing transfer.

Aligned languages improve the most, but gains extend to other languages: The diverse
language coverage in the slot filling dataset allows us to compare how the alignment objec-
tive benefits transfer to both aligned and non-aligned languages. While aligned languages
show the strongest improvements (F; 3.8 and +4.9 for Llama and Qwen respectively), the
benefits extend to other languages. Over the remaining 10 non-aligned languages, there is
an average F; improvement of 0.4 (per-language results in Appendix C.4). This suggest
that the alignment step enhances the model’s general cross-lingual transfer capabilities
rather than optimizing for specific language pairs.

Smaller gains on non-Latin script languages: Beyond overall performance improvements,
we observe smaller gains on languages with diverse writing systems. Specifically, for the
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Supervised+ Transferr Std dev gain over baseline

Slot filling (MASSIVE): F,

SFT baseline 76.6 60.2 —
Middle (layer 16) 77.0 61.7 2.6
Top (layer 32) 76.6 62.0 3.3
Bottom (layer 8) 76.8 58.0 3.0
Middle + Top 77.6 62.5 34
Machine translation (WMT23): COMET

SFT baseline 81.5 79.6 —
Middle (layer 16) 81.5 80.7 3.9
Top (layer 32) 82.0 80.2 42
Bottom (layer 8) 81.2 80.1 5.6
Middle + Top 81.5 80.6 6.1

TABLE 5.5: Impact of alignment loss placement on supervised and transfer performance on
Llama 3 for slot filling and machine translation.

non-Latin script transfer languages in the slot filling task (Greek, Hindi, Japanese, Thai,
Urdu), the average improvement is only 0.5 F; in contrast to the overall average gain of
1.5. This reduced gain is likely related to suboptimal tokenization for these languages in
multilingual models (Rust et al., 2021; Petrov et al., 2023; Hong et al., 2024). When tokens
poorly align with linguistic units, the mean-pooled sentence representations may poorly
capture semantics, thereby impacting our alignment objective.

No catastrophic forgetting observed: An interesting observation in Table 5.4 is the absence
of catastrophic forgetting. Fine-tuning on selected language pairs for translation enhances
performance on languages unseen during this fine-tuning stage. This finding stands in
contrast to observations in previous chapters, where standard fine-tuning often led to
performance degradation on previously learned languages. The underlying reasons for
this discrepancy will be investigated in detail in the next chapter.

5.6.3 Alignment Loss Placement

To validate our choice of middle-layer alignment motivated by the analysis in §5.3, we
compare performance when applying the alignment loss at different network depths:
bottom (8%), middle (16'"), and top (32"¢) layers of Llama. We also combine middle and
top alignment.

Middle layer placement achieves more balanced improvements in transfer languages:
As shown in Table 5.5, compared to the “middle” configuration, the “bottom” configura-
tion clearly leads to poor overall performance in both supervised and transfer settings,
with a particularly strong degradation on the slot filling task. While top-layer alignment
maintains overall strong performance, it shows more unbalanced gains across transfer
languages, as evidenced by the higher standard deviation of performance changes on
transfer languages.

Middle layer placement achieves better alignment across network depths: To better
understand the effects of different loss placements, we run the translation retrieval task
over model activations from different intermediate layers. As shown in Figure 5.5, When
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FIGURE 5.5: Retrieval accuracy over model depths when aligning different layers of Llama
3. Middle layer placement leads to overall better alignment.

the alignment loss is applied at the middle (16'") layer, semantic alignment is enhanced
not only at that layer but also in multiple preceding layers. In contrast, top-layer align-
ment primarily affects only the final layer, and bottom-layer alignment shows limited
improvement in alighment quality across all layers. This is likely because the lower layers
are occupied with processing more fundamental text features (Belinkov et al., 2017; Peters
et al., 2018) rather than abstract meanings.

Aligning several layers does not show consistent gains: Results in Table 5.5 suggest that
aligning at multiple layers may be complementary. However, adding alignment losses
at both middle and top layers brings further improvements on slot filling, but does not
on machine translation. This task-dependent behavior indicates that how to best align
multiple layers still requires further investigation.

5.6.4 Impact on Representation Retrieval

To assess the impact of the alignment loss on the learned model representations, we also
report the retrieval accuracy for all languages involved in each task (20 for slot filling
and 9 for machine translation) after fine-tuning (Table 5.3 and Table 5.4). For Llama on
the slot filling task, the alignment loss substantially improves retrieval accuracy from
39.4% to 73.2%. For Qwen, the alignment loss does not improve retrieval among the 20
slot filling languages, possibly due to the lower accuracy of the base model with many
low-resource languages with 0% accuracy, making improvement more challenging. For
machine translation, as noted earlier in §5.5.2, the retrieval test data overlaps with part
of the task training data, potentially inflating accuracy (marked in brackets in Table 5.4).
However, we verify that this overlap does not lead to perfect retrieval accuracy: Specifically,
at the 16" layer where the alignment loss is applied, English-source retrieval accuracies for
supervised languages show varying accuracy: cs (98.1%), de (96.5%), is (66.9%), ru (90.6%),
and zh (94.8%). This suggests that the overlap does not make the retrieval diagnostic task

trivial.

5.7 Analyses

5.7.1 Larger-Scale Alignment

While our main configuration for slot filling (Table 5.1) allows studying performance on

languages not involved in alignment, we also explore larger-scale alignment scenarios as
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Alignment Setup Avg supervised Avg transfer
F1+ (5lang.) F1+ (15 lang.)

5 lang <> en (row (3) of Table 5.3) 77.0 61.7

All <+ English (38 pairs) 77.5 63.6 (+1.9)

All + all (238 pairs) 77.7 63.6 (+1.9)

TABLE 5.6: Effects of larger-scale alignment configurations on slot filling. Aligning all
non-English languages to English (+1.9 F1) outperforms our base configuration, while fully
connecting all 20 languages offers no additional gain beyond English-only alignment.

Alignment Language Super.  Transfer Gain on Aligned
Resource Level (5lang.) (15lang.) (4/51lang.)
SFT (row (2) of Table 5.3) 76.6 60.2 -

Low (row (3) of Table 5.3) 77.0 61.7 +3.8
Medium 77.8 61.4 +1.1

High 77.6 60.4 +0.7

TABLE 5.7: Effect of alignment language resource levels on slot filling F,. In three groups

of alignment languages: low ({cy, jv, ja, sw, tl}), medium ({el, hi, th, tr}), and high-resource

({ar, es, ru, zh}), languages involved in alignment consistently show improvements, with the
strongest gains (+3.8 F1) in the low-resource group.

oracle setups where all languages have parallel data. We conduct additional experiments

on slot filling with two expanded configurations:

¢ All 19 non-English languages aligned to English (38 directional pairs)

¢ All 20 languages aligned to each other (238 pairs with alignment data from all 380
possible pairs).

The results in Table 5.6 show that expanding alignment to all languages further improves

transfer performance (F1 +1.9) in an oracle setup where every transfer language has

alignment data. However, multiway alignment data does not further improve transfer,

suggesting that aligning to English implicitly creates multiway alignment effects.

5.7.2 Resource Level of Alignment Languages

In our main experiments, we selected the 5 languages with the weakest performance
from the MASSIVE baseline (FitzGerald et al., 2023) for alignment. We now vary the
resource level of the alignment languages using a medium-resource group with {el, hi, th,
trj—en and a high-resource group with {ar, es, ru, zh}—en, which also have supervised
task training data. As shown in Table 5.7, all three configurations improve F; scores
for the languages involved in alignment. However, the low-resource group exhibits
the largest gains (4-3.8 F1), indicating that our approach is most beneficial to languages
with weaker initial performance. Moreover, overall transfer gains relative to the SFT
baseline diminish when using high-resource languages for alignment, likely because these
languages already have well-aligned representations and aligning them provides little
benefit to lower-resource languages in the transfer set. Overall, the results show that our
approach is robust to the choice of alignment languages, but selecting initially poorly
aligned languages could provide broader benefits across different languages.
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Alignment Data Overall (20 lang.)
Multilingual {ar,es,ru,zh,sw}-en 80.2
Only de-en 71.9
Only es-en 729
Only zh-en 72.7
de-en FLoRes (oracle) 77.7
Tatoeba (different) 719
IWSLT (very distant) 68.5

TABLE 5.8: Alignment generalization across languages and domains. Upper: Multilingual
training improves overall alignment. Lower: Impacts of alignment transfer reasonably across
domains, with performance drops when training data differs from test domain.

5.7.3 Generalization of Learned Alignment

Table 5.8 examines the language and domain generalization of our alignment component.
To isolate the effects of task-specific joint training, we train the models using only the align-
ment loss, following the same setup as our previous experiments but without optimizing
on task-specific data. We then evaluate retrieval accuracy as described in §5.5.2.

Language Generalization

To better understand the role of learning the alighment modules with multilingual data,
we now use single languages paired with English for alignment, unlike in our main
experiments that align multiple language pairs. As shown in Table 5.8 (upper portion),
single-language-to-English alignment training leads to diminished performance compared
to multilingual training. Interestingly, we see comparable accuracy drops regardless of
which individual language is used for alignment, suggesting that the gains of multilingual
alignment come from the diversity of the training data rather than characteristics of

individual languages.

Domain Generalization

To isolate the effects of multilinguality, we focus on alignment between a single language
pair (English-German). In Table 5.8 (lower portion), we first establish an oracle setup
using models trained on FLoRes data (Wikipedia domain, overlapping with retrieval
data). We then compare to two setups where the alignment data come from other domains:
Tatoeba (short sentences for language learning; different) and IWSLT 2017 (public speaking
transcriptions; very distant). While we observe a decrease in retrieval accuracy compared
to the oracle setup, the results suggest that, to enforce alignment into the model, it is not

strictly necessary to source alignment data from the same domain as the task-specific data.

5.7.4 Merging Alignment and Task Modules

Our previous experiments focused on models jointly trained on both task and alignment

objectives. However, in practice, it may be necessary to enhance existing task-specific
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Setup Supervised Transfer
Slot filling (MASSIVE): Fy+

SFT (row (2) of Table 5.3) 76.6 60.2

Joint (row (3) of Table 5.3) 77.0 (+0.4) 61.7 (+1.5)
Merge 76.9 (+0.3) 61.3 (+1.1)
Machine translation (WMT23): COMET+

SFT (row (2) of Table 5.4) 81.5 79.6

Joint (row (3) of Table 5.4) 81.5 (+0.0) 80.7 (+1.1)
Merge 82.0 (+0.5) 80.2 (+0.6)

TABLE 5.9: Performance comparison of merged alignment and task modules versus joint
training. Post-hoc merging of separately-trained LoRA adapters achieves comparable im-
provements to joint training.

Supervised  Transfer Transfer
(en, pt, zh) (da, sv) (5lang.)

Llama SFT 83.4 82.1 79.3
+ alignment 82.4 83.1 79.8

TABLE 5.10: Results on JSON generation evaluated with F;, showing modest gains for
aligned languages but decreased performance for supervised languages.

models with cross-lingual capabilities, where joint re-training is infeasible due to compu-
tational constraints or unavailability of the original task training data. Inspired by recent
advances in model merging (Matena and Raffel, 2022; Ilharco et al., 2023; Chronopoulou
etal., 2023a), we explore the feasibility of combining separately-trained task and alignment
modules. We merge two sets of trained LoRA adapters by averaging their weights’: the
alignment module trained in isolation (§5.7.3), and task-specific modules (rows (2) and (5)
in Table 5.3).

Table 5.9 shows that this post-hoc merging brings improvements comparable to joint
training. Moreover, the improvements are more evenly distributed across languages
compared to the larger gains observed on languages used directly in alignment. These
results demonstrate that our alignment approach is modular and can be combined with

existing task-specific models.

5.7.5 Long Sequence Processing

We investigate a more challenging task requiring longer input and output generation using
UNER (§5.5.1). As shown in Table 5.10, while aligned languages still show improvements,
the gains are more modest compared to previous experiments, with an F; increase of 1.0
on aligned languages and 0.5 across all transfer languages. Moreover, there is an average
degradation of 1.0 F; on supervised languages, mainly due to the decline in Chinese (—2.2
F1). We suspect that this is due to our sentence-level alignment objective operating on
fixed-length representations, which creates conflicts with processing longer sequences.
As Chinese is the only character-based language in the JSON generation dataset, which

"We use a weighted average tuned on the development set (details in Appendix C.3)
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has roughly twice the number of tokens compared to English of equivalent content, the
conflict could be more influential for Chinese.

5.8 Summary

This chapter investigates how to effectively integrate cross-lingual alignment into the
task-specific fine-tuning of decoder-only LLMs, with the goal of improving transfer to
languages unseen during fine-tuning. We propose a modular middle-layer alignment
objective that can either be trained jointly with the task objective or be integrated post-
hoc by merging separately trained alignment parameters. Building upon the generalist
nature of the underlying models, our evaluation extends beyond translation to a variety
of downstream tasks. The experiments demonstrate that our approach improves transfer
performance and enhances alignment across all network depths.

Our results also lead to several practical recommendations for improving transfer
performance after LLM task-specific fine-tuning: 1) Aligning a few weakly-performing
languages yields broad transfer benefits. A few hundreds of parallel sentences as align-
ment data are sufficient. 2) Alignment data can be sourced from different domains than
the task. 3) Existing task-specific models can be retrofitted with cross-lingual capabilities
via parameter merging, avoiding the cost of full retraining.

This chapter extends our investigation from translation-specific to generalist models.
While the results support the benefits of cross-lingual alignment, they also reveal a crucial
difference from our previous findings. That is, the catastrophic forgetting that occurred
during fine-tuning in the last chapter was not observed here. This discrepancy likely results
from different factors, including the underlying model architecture, the use of parameter-
efficient fine-tuning, and the amount of training data. A systematic investigation into the
influence of these factors will be the focus of the next chapter.
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Chapter 6

Conditions for Catastrophic Forgetting in

Multilingual Translation

The previous two chapters demonstrated the effectiveness of fine-tuning pre-trained mod-
els for specialized use cases. This specialization process introduces the risk of catastrophic
forgetting (McCloskey and Cohen, 1989), where a model’s capabilities significantly de-
grade on tasks or languages not present in its fine-tuning data. However, this risk did
not emerge uniformly in the two chapters. The fine-tuning process in Chapter 4 led to
substantial forgetting, while the same process in Chapter 5 did not, despite both following
state-of-the-art fine-tuning practices in their contexts.

This discrepancy suggests that the occurrence of catastrophic forgetting is contingent
on several variables, such as the underlying model architecture, the fine-tuning strategy,
and the scale of the training data. To isolate the influence of these variables, this chapter
presents a series of controlled experiments to disentangle their effects and identify the
conditions that lead to forgetting. We also examine how cross-lingual alignment tech-
niques investigated previously impact models that exhibit different degrees of forgetting,
connecting this analysis to the overarching goal of learning generalizable representations.
This chapter is partly based on Liu and Niehues (2025a).

6.1 Introduction

A common application for multilingual pre-trained models is to fine-tune them on specific
languages or language pairs (Liu and Niehues, 2022; Gow-Smith and Sanchez Villegas,
2023; Gu et al., 2023). Ideally, this specialization would not degrade, and could potentially
enhance, performance on unseen languages through positive transfer, as illustrated on
the left of Figure 6.1. However, empirical evidence frequently demonstrates the contrary.
Models often lose proficiency in languages excluded from the fine-tuning data (Vu et al.,
2022b; Sun et al., 2023; Winata et al., 2023), as shown on the right of Figure 6.1.

Machine translation (MT) serves as a compelling testbed for studying multilingual
catastrophic forgetting. First, a model supporting /N languages encompasses N (N — 1)
directed translation pairs, creating a large and structured space to analyze forgetting
patterns. Second, languages can be “unseen” in different roles. For example, a language
may be present only as a source language, only as a target language, or in specific source-
target pairs that were never explicitly trained. This enables fine-grained analysis of how

81



Chapter 6. Conditions for Catastrophic Forgetting in Multilingual Translation
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FIGURE 6.1: Selectively fine-tuning on some tasks or languages may lead to positive transfer
(left) or catastrophic forgetting (right).

different types of exposure during fine-tuning affect retention. Moreover, forgetting can
occur asymmetrically, where a model may retain the ability to translate from language A
to B while losing the reverse direction.

Besides our own results from the previous two chapters, the broader literature also
presents a fragmented and sometimes contradictory picture of when catastrophic for-
getting occurs in MT. On one hand, studies on traditional encoder-decoder MT models
trained from scratch (Berard, 2021) and some large pre-trained models (Vu et al., 2022a;
Liu and Niehues, 2022; Liu et al., 2023; Lai et al., 2023) report severe forgetting after
standard fine-tuning, where the ability to translate unseen directions is almost entirely
lost. These findings suggest that catastrophic forgetting is an inevitable consequence of
selective specialization. On the other hand, recent works on large language models (LLMs)
provided mixed evidence. Richburg and Carpuat (2024) demonstrated that fine-tuning
Llama 2 (Touvron et al., 2023) and Tower (Alves et al., 2024) models on specific language
pairs could improve performance on unseen pairs, indicating positive transfer. Conversely,
Zan et al. (2024) found that their fine-tuned Llama 2 models performed very poorly on
unseen directions, again indicating issues with forgetting.

These conflicting results raise fundamental questions about the factors leading to
catastrophic forgetting. To what extent do model architecture (encoder-decoder versus
decoder-only), scale, or fine-tuning methodology determine whether a model forgets or
generalizes? How do factors like the volume of fine-tuning data, the use of parameter-
efficient fine-tuning (PEFT), or instruction-following capabilities influence the retention
of multilingual abilities? To resolve these ambiguities, we conduct a systematic study
to identify the conditions that trigger catastrophic forgetting in multilingual MT. We
systematically control for key variables, including model architecture and size, fine-
tuning data composition and scale, full-parameter vs. parameter-efficient fine-tuning, and
instruction-following versus standard fine-tuning approaches.

Building on this analysis, we then evaluate how the cross-lingual alignment techniques
studied previously, namely adversarial, similarity-based, and contrastive methods, per-
form under these different forgetting conditions. Our goal is to determine whether these
techniques primarily reverse performance degradation caused by fine-tuning, or if they

can also facilitate positive transfer, leading to capabilities that surpass those of the original
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pre-trained model.

6.1.1 Task Definition

In this chapter, we study the following problem:

Given a pre-trained model (either translation-specific or general-purpose) with
initial capabilities to translate N (/N — 1) directions across N languages, and a fine-
tuning dataset on a subset of m languages, each paired with a common bridge
language, under what conditions does specialization on these 2m directions lead
to catastrophic forgetting on the remaining translation directions unseen during

fine-tuning?

Since an exhaustive evaluation of all N(N — 1) — 2m directions is infeasible, we focus
on a representative set of these unseen directions: those with an unseen source language,
an unseen target language, or translation directions where the source and target languages
appear independently in the training data but are never paired together. This investigation
tackles both the compositional and temporal aspects of generalization.

6.1.2 Contributions

This chapter provides a systematic investigation into the conditions that induce catas-

trophic forgetting in multilingual models. To quantify these effects, we introduce gain-

forgetting analyses that contextualize model performance before and after fine-tuning.

Through a series of controlled experiments, we make the following key contributions:

¢ The relative scale between pre-trained model parameters and fine-tuning data volume
is a critical factor in catastrophic forgetting, with smaller models fine-tuned on larger
datasets being most vulnerable (§6.4.1).

¢ A model’s instruction-following ability, rather than its underlying architecture (encoder-
decoder versus decoder-only), is a primary factor in resisting forgetting (§6.4.2).

¢ Contrary to common assumptions, parameter-efficient fine-tuning using LoRA (Hu
et al.,, 2022) provides no significant advantage over full fine-tuning in preventing
catastrophic forgetting under our experimental conditions (§6.4.4).

¢ Besides mitigating forgetting, cross-lingual alignment methods may facilitate positive
transfer, with improvements observed on translation directions with unseen target

languages (§6.5).

6.2 Related Work

6.2.1 Catastrophic Language Forgetting in Machine Translation

Catastrophic forgetting in machine translation has been extensively studied. Dakwale
and Monz (2017); Thompson et al. (2018, 2019) established that domain-specific fine-
tuning degrades performance on previously learned domains, where a domain refers
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Model Parameters Previous Usage Model Type
M2M-124-0.2B 175M Chapter 4 Translation-specifi
M2M-124-0.6B 615M - Slation-spectiic
Qwen2.5-0.5B-Instruct 494M -

Qwen2.5-7B-Instruct 7B Chapter 5 Generic instruction-following
Llama-3-8B-Instruct 8B Chapter 5

TABLE 6.1: Overview of base models used in this chapter, including their parameter counts,

previous usage in earlier chapters, and model type, where translation-specific models are

pre-trained on massively multilingual machine translation, and generic instruction-following
models are general-purpose language models that follow instructions.

to a subject area or text style with its specialized vocabulary and linguistic conventions.
Many subsequent works have investigated the underlying mechanisms and mitigation
strategies for domain forgetting in MT, e.g., Gu and Feng (2020); Saunders and DeNeefe
(2024); Eschbach-Dymanus et al. (2024); Wu et al. (2024b); Hu et al. (2024). Compared to
domain forgetting, the multilingual aspect of forgetting has received less attention. Our
findings in Chapter 4 are consistent with the literature highlighting this problem. Berard
(2021) demonstrated severe language forgetting in conventional encoder-decoder-based
MT models during standard fine-tuning on selected languages, while Vu et al. (2022a)
showed that domain-specific fine-tuning compounds forgetting across both domains
and languages. Liu et al. (2023) confirmed that standard fine-tuning consistently triggers
catastrophic forgetting of unseen language pairs, even in large pre-trained models. Besides
language and domain forgetting, models also lose in-context learning abilities after fine-
tuning (Alves et al., 2023).

6.2.2 Factors Influencing Catastrophic Forgetting

The scale of both the model and its pre-training data has been identified as a key factor
in mitigating catastrophic forgetting (Ramasesh et al., 2022). Our study extends this
analysis by examining the relative scale between the model and the fine-tuning data.
The choice of fine-tuning methodology, particularly parameter-efficient fine-tuning with
Low-Rank Adaptation (LoRA) (Hu et al., 2022) being a representative technique, is another
contested factor. Kalajdzievski (2024) suggests that LORA does not resolve catastrophic
forgetting, while Biderman et al. (2024) demonstrate that LORA “learns less and forgets
less”. The finding by Zhang et al. (2024) that the optimal fine-tuning method is highly
task-dependent warrants a specific investigation for the task of multilingual MT.

6.3 Controlled Setting to Study Catastrophic Forgetting

As introduced at the beginning of this chapter, the experimental setups in Chapter 4
and Chapter 5 differ in several ways, including model architecture (task-specific vs.
instruction-following), fine-tuning strategy (full vs. parameter-efficient with LoRA), and
data scale (large vs. small). While both configurations represent standard approaches in
their respective contexts, these different factors prevent a clear attribution of the observed
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differences in catastrophic forgetting to any single variable. To disentangle these effects,
this chapter introduces a controlled experimental setting. By systematically isolating
each factor, we conduct an analysis of its specific impact on model generalization and
knowledge retention. This investigation is structured along two dimensions, namely the
choice of base model and the characteristics of the training dataset.

6.3.1 Base Models

The selection of models is designed to facilitate direct comparisons across the dimensions
of model architecture, scale, and fine-tuning method. An overview of all base models and
their configurations is provided in Table 6.1.

Translation-Specific Models

Extending the setup from Chapter 4, we use the M2M-124 (Goyal et al., 2022) in two sizes.
In addition to the M2M-124-0.2B variant, we include the M2M-124-0.6B version to study
the impact of model scale and to provide a comparison point against instruction-following
models of a similar size.

Instruction-Following Models

Building on the approach from Chapter 5, we focus on models from the Qwen 2.5 (Qwen
Team et al., 2025) and Llama 3 (Al @ Meta et al., 2024) families, extending the analysis to
more scales and fine-tuning configurations. The Qwen2.5-0.5B-Instruct model, with a pa-
rameter count similar to M2M-124-0.6B, facilitates a direct comparison between translation-
specific and instruction-following architectures. The larger Qwen2.5-7B-Instruct serves
as a large-scale baseline, which we evaluate under both full fine-tuning and LoRA to
isolate the impact of the fine-tuning method. We further include the similarly-sized
Llama-3-8B-Instruct model, also fine-tuned using LoRA.

6.3.2 Data

Dataset Overview

To assess the effects of training data volume and composition, we replicate and expand
the setups from Chapter 4 and Chapter 5. A data overview is in Table 6.2.

The first configuration, denoted SMALL, builds upon the setup detailed in Chapter 5
by introducing additional evaluation scenarios. For training, we use data from the ALMA
collection (Xu et al., 2024), which consists of five languages paired with English: Czech
(cs), German (de), Icelandic (is), Russian (ru), and Chinese (zh). To evaluate generalization
to unseen languages, we employ the same WMT 2023 test set (Kocmi et al., 2023) from
the previous chapter, which covers Hebrew (he), Japanese (ja), and Ukrainian (uk). This
test set provides 3 unseen source-to-English and 3 English-to-unseen-target translation
directions. We further extend the evaluation to assess translation capabilities between the
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Dataset | Details

Training Data: ALMA (117K sentence pairs)

Training directions: {cs, de, is, ru, zh}<en

Testing directions:
- Unseen pair (20 directions): {cs, de, is, ru, zh}«{cs, de, is, ru, zh}
- Unseen source (3 directions): {he, ja, uk} — en
- Unseen target (3 directions): en — {he, ja, uk}

SMALL

Training Data: WMT21 large-scale multilingual track (54M sentence pairs)
Training directions: {jv, ms, tl}<>en
Unseen testing directions:

- Unseen pair (6 directions): {jv, ms, tl}«{jv, ms, tl}

- Unseen source (4 directions): id — {en, jv, ms, tl}

- Unseen target (4 directions): {en, jv, ms, tl} — id

LARGE

TABLE 6.2: Dataset overview for training and testing configurations for both small and
large-scale experiments.

5 non-English training languages, creating 20 language pairs using multiway test data
from WMT 2024 (Kocmi et al., 2024a).

The second configuration, denoted LARGE, adopts the setup from Chapter 4 and uses
data from the WMT 2021 Large-Scale Multilingual Shared Task (Wenzek et al., 2021).
The training data comprises three Austronesian languages paired with English: Javanese
(jv), Malay (ms), and Tagalog (tl). For evaluation, we introduce Indonesian (id) as an
unseen but related language, assessing translation to and from all 4 languages in training.
This results in 4 unseen source language and 4 unseen target language directions. No
additional languages are introduced to maintain consistency with the language coverage
in Chapter 4. All evaluation data are from the FLoRes-101 test set (Goyal et al., 2022).

Moreover, to isolate the effect of data quantity, we also create subsampled versions of
the LARGE dataset, each with 12K, 120K, and 1.2M sentences per language pair.

Unseen Conditions

We evaluate catastrophic forgetting on three types of unseen language pairs. Our analysis

focuses on pairs where at least one language was seen during fine-tuning, as pairs with two

unseen languages consistently showed severe performance degradation in preliminary

experiments. The three categories are:

* Unseen Pair: Both the source and target languages are present in the fine-tuning data,
but not in combination. This is the most challenging category as explained next.

¢ Unseen Source: The source language has not been seen during fine-tuning, but the
target language has.

* Unseen Target: The target language has not been seen during fine-tuning, but the
source language has.

Difficulty of the Three Unseen Conditions

Among the three evaluated categories, the “unseen pair” scenario presents a unique
challenge. Although it may seem counterintuitive, this case is often more difficult than
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scenarios involving languages completely unseen during fine-tuning. The primary reason
for this difficulty lies in the English-centric nature of the fine-tuning dataset. Because
all training examples are paired with English, the model learns an implicit association
that a specific source language uniquely predicts English as the target language, which
represents a spurious correlation (Gu et al., 2019). When presented with an unseen pair,
e.g., from German to Czech after fine-tuning on English-Czech and German-English
translation, the model has been implicitly trained to associate German inputs with English
outputs. Direct German-Czech translation requires the model to override this spurious
correlation.

In contrast, the other two conditions do not present this conflict to the same level. For
an unseen source language, the model has not formed any directional association during
fine-tuning. Therefore, there is no learned association that needs to be overridden. The
unseen target language scenario is also comparatively less difficult. Specifically, as long
as the source language has to translate into multiple different target languages during
training or has not been seen in training, the model does not learn a one-to-one mapping
to a single output. This condition applies to four of the seven unseen target language
scenarios (en —{he, ja, uk, id}), where the source language was part of a multi-target
translation setup. This configuration discourages over-specialization toward a single
output language, thereby reducing the overall difficulty of translating into a novel target
language for this category.

Language Control Mechanisms

We specify the target language according to the conventions of each base model. For
M2M-124, we employ its native token-based control, prepending the source and target
sentences with their respective language tokens. For instruction-following models, we use
the instruction: “Translate the given sentence from [source language] to [target language]”,
followed by the source sentence. In ablation studies, we also test the effect of providing
these instructions in the target language itself.!

Training, Inference, and Evaluation

We compare full fine-tuning, where all model parameters are updated, with parameter-
efficient fine-tuning using LoRA. The experimental setups follow Chapter 4 and Chapter 5.
We note a minor correction to the implementation in Chapter 5. The experiments there
contained an unintended behavior where the alternation between task and alignment
objectives occurs across gradient accumulation steps instead of minibatches, the correct
behavior. We have verified that this difference in implementation does not alter the
conclusions reported in Chapter 5. Following the configuration in Chapter 5, our LoRA
setup uses a rank of 8 and an « of 16, applying adapters to all self-attention components
(Query, Key, Value, Output, Gate) and linear projections. This LoRA configuration was
chosen after initial experiments applying LoRA to fewer components showed weaker

!Instructions were translated using DeepL. For languages not supported by DeepL, we used Google
Translate.
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FIGURE 6.2: Gain-forgetting plots on the SMALL dataset (117K sentence pairs). Catastrophic
forgetting is minimal, except unseen language pairs on Llama (addressed later in Table 6.4).
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FIGURE 6.3: Gain-forgetting plots on the LARGE dataset (54M sentence pairs). Catastrophic
forgetting is more severe, especially with translation-specific models where they show
performance collapse approaching 0 BLEU.

supervised performance. It also creates conditions more analogous to full fine-tuning
than selective adapter application, minimizing potential confounding factors related to
parameter coverage.

For evaluation, we report translation quality using both BLEU (Papineni et al., 2002)
and COMET (Rei et al., 2022) as in previous chapters. For more targeted assessment of
whether the model generates output in the correct language, we also measure language
identification accuracy using the tool by Lui and Baldwin (2011).

6.4 Gain-Forgetting Analyses

We investigate the trade-off between performance gains on fine-tuned language pairs and
potential catastrophic forgetting on those unseen during fine-tuning. To visualize this
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relationship, we create scatter plots (Figure 6.2 and Figure 6.3) where each point represents
a language pair’s performance before (z-axis) and after (y-axis) fine-tuning. The diagonal
line (y = z) is a reference boundary, where points below indicate catastrophic forgetting,
while those above indicate performance improvement.

6.4.1 Model Scale and Fine-Tuning Data Size

Impact of Model Size Larger model variants consistently exhibit greater resistance to
catastrophic forgetting. For M2M-124 models, the 0.6B parameter variant shows fewer
language pairs in the forgetting zone compared to its 0.2B counterpart. Similarly for
Qwen2.5, the 7B model demonstrates substantially less forgetting than the 0.5B model
across all language pairs. This confirms the finding from Ramasesh et al. (2022) that the
base model scale helps mitigate forgetting.

Impact of Fine-Tuning Data Volume We additionally observe that the amount of fine-
tuning data plays a crucial role in forgetting. By contrasting Figure 6.2 (~100K sentences FT
data) and Figure 6.3 (~ 54M sentences FT data), it becomes clear that higher-data-volume
fine-tuning leads to stronger forgetting across all model variants. This observation extends
the findings of Ramasesh et al. (2022), by demonstrating that catastrophic forgetting is
impacted not only by base model scale, but also by the intensity of task-specific training.
Controlled Analysis of Data Volume Effects To isolate the impact of data volume from
dataset-specific factors (e.g., the ALMA dataset has higher-quality data), we conduct con-
trolled experiments using subsampled portions of the WMT21 dataset. We systematically
vary the amount of fine-tuning data while maintaining a consistent data source. Starting
with 12K sentences per language pair (matching ALMA), we increase the volume by
an order of magnitude at each step: 12K — 120K — 1.2M sentences per language pair.
Figure 6.4 demonstrates the progressive increase in catastrophic forgetting as training
volume grows. At 12K sentences per language pair, the gain-forgetting pattern resembles
ALMA results, with most language pairs clustered near the diagonal line and minimal per-
formance changes. At 120K sentences, a shift toward forgetting emerges, particularly for
target languages unseen in fine-tuning. At 1.2M sentences, severe catastrophic forgetting
occurs, though not to the full extent observed in the complete dataset. The progressive
degradation suggests that the intensity of fine-tuning on specific language pairs impacts
the forgetting patterns.

6.4.2 Architecture and Language Control Mechanism

To isolate the impact of model architecture and pre-training objectives on catastrophic
forgetting, we compare two models of comparable scale but different designs: M2M-124-
0.6B, a translation-specific encoder-decoder model, and Qwen2.5-0.5B, a general-purpose
decoder-only model pre-trained for instruction following.

Forgetting Patterns Across Architectures In Figure 6.3 on the LARGE dataset, where
forgetting effects are strongest due to large-scale fine-tuning data, both models exhibit
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FIGURE 6.4: Controlled analysis of data volume effects by subsampled portions of the LARGE
dataset. Forgetting becomes severe as fine-tuning data amount increases.

Model Average en—id
COMET BLEU COMET BLEU
Qwen?2.5-0.5B-Instruct original 64.0 8.0 71.6 11.8
Instruction-based fine-tuning 65.3 6.8 80.9 19.2
Language-token-based fine-tuning 60.9 52 72.1 14.0

TABLE 6.3: Effectiveness of different language control mechanisms on unseen target lan-
guages compared to the base model without fine-tuning. Instruction-based language control
outperforms token-based control.

catastrophic forgetting with multiple language pairs falling below the diagonal. How-
ever, they differ in their forgetting patterns: M2M-124-0.6B exhibits severe performance
degradation on unseen target languages, while Qwen2.5-0.5B shows modest forgetting.
We hypothesize that this is due to the target language control mechanisms used by the
models. As discussed in §6.3.2, M2M-124 relies on language-specific tokens prepended
to both source and target sentences, with the target-side token determining the output
language. In contrast, with Qwen, we use natural language instructions to specify the
target language, leveraging its existing instruction-following capabilities. This instruction-
based mechanism may support more generalizable language control and help mitigate
catastrophic forgetting on unseen target languages. We examine this hypothesis next.

Isolating Language Control Mechanisms To test the previous hypothesis that natural
language instructions facilitate language control, we conduct a controlled experiment
by fine-tuning Qwen?2.5-0.5B using the same token-based language specification format
as M2M-124, as described in §6.3.2. This format eliminates natural language instruc-
tions entirely, allowing fair comparisons between models while holding the language
control method unchanged. The results support our hypothesis that instruction-following
paradigms provide superior language control. As shown in Table 6.3, when trained with
token-based language control, Qwen2.5’s performance on unseen target languages drops
substantially from 65.3 to 60.9 COMET averaged over 4 unseen target language pairs. To
account for low initial performance in some non-English language pairs, we specifically
examine the English-Indonesian pair, which has a stronger baseline. In this case, perfor-
mance still degrades substantially from 80.9 to 72.1 COMET and from 19.2 to 14.0 BLEU.
These results demonstrate that it is the instruction-following paradigm, rather than the
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decoder-only architecture itself, that provides stronger protection against the catastrophic
forgetting of target language.

Impact of In-Language Instructions Building on our previous findings regarding in-
struction following for language control, we investigate whether using instructions in
the target language (in-language instructions) can mitigate catastrophic forgetting on
unseen language pairs. While prior work on in-language instructions for multilingual
LLMs shows mixed results (Marchisio et al., 2024; Mondshine et al., 2025; Liu et al., 2025;
Enomoto et al., 2025), these studies primarily evaluate models out-of-the-box. In contrast,
we focus specifically on the training effects of in-language instructions.

We focus on the Llama3-8B trained on the SMALL dataset, which exhibits strong catas-
trophic forgetting (rightmost plots in Figure 6.2). As the results in Table 6.4 suggest,
for unseen language pairs affected by forgetting, in-language instructions substantially
outperform English instructions. Specifically, average language accuracy improves dra-
matically from 22.1% to 82.0%, with corresponding translation quality gains as measured
by COMET increasing from 57.2 to 70.9. Notably, this does not impact performance on
supervised language pairs, and slightly improves performance on unseen target languages
(COMET 79.6—80.3).

. . Unseen Unseen Unseen
Metric Supervised

Pair Source  Target

COMET 76.9 63.8 81.1 71.8

Original BLEU 26.0 10.9 29.5 14.8
LangID 97.9 85.1 97.9 93.5

Enalish COMET 81.4 57.2 82.8 79.6
insgtmcﬁon BLEU 30.0 4.4 31.8 155
LangID 96.7 2.1 98.4 94.1

Inlaneuage  COMET 81.7 70.9 82.9 80.3
instmfﬁof: BLEU 30.3 14.4 324 16.1
LangID 97.5 82.0 98.5 95.1

TABLE 6.4: In-language instructions recover catastrophic forgetting on unseen pairs, revers-
ing a 6.6 COMET loss (63.8—57.2) into a 7.1 COMET gain (63.8—70.9) with Llama under the
SMALL data configuration.

6.4.3 Analyses by Language Pair Types

The results in Figure 6.2 and Figure 6.3 also suggest that catastrophic forgetting patterns
are strongly dependent on the language pair type.

Token-Based Control and Target Language Forgetting For translation-specific models
(M2M-124 variants) which use specialized tokens for language control, performance
degradation is most acute for unseen target languages. This is expected, as if the language
token for a target language is never encountered during fine-tuning, the model’s ability to
interpret it and generate the correct language catastrophically degrades.

Unseen Pairs as Main Vulnerability for Instruction-Following Models In contrast to
translation-specific models, instruction-following models demonstrate greater resilience
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on unseen target languages, a capability we attribute to the generalizable nature of natural
language prompts (§6.4.2). However, these models are not immune to forgetting and are
most susceptible when handling unseen language pairs. This is particularly evident with
the Llama3-8B model. We hypothesize this vulnerability is compounded by the fact that
these unseen pairs are often non-English-centric. Base models typically possess weaker
zero-shot capabilities for such translation directions due to the prevalence of English
in their pre-training data. Fine-tuning on a different, often English-centric, set of pairs
appears to accelerate the forgetting of these already fragile, non-English-centric translation
abilities.

6.4.4 Comparing LoRA and Full Fine-Tuning

From the fourth and fifth columns of Figure 6.2 and Figure 6.3, we observe that LoRA
and full fine-tuning result in comparable levels of catastrophic forgetting. Note that we
applied LoRA adapters to all components of self-attention and linear projections, thereby
minimizing differences in parameter coverage as a confounding factor. Our finding differs
from that of Biderman et al. (2024), who observed that LoRA mitigates forgetting when
adapting models to dissimilar domains like code and math. We hypothesize that this
difference is because our fine-tuning task (translation) requires a smaller domain shift for
the base models, which already exhibit strong zero-shot translation capabilities, whereas

adapting to code or math requires a larger deviation.

6.5 Cross-Lingual Alignment for Forgetting Mitigation

After identifying architectural and training factors that influence catastrophic forgetting,
this section situates the analysis within the broader context of methods for creating
generalizable representations. To this end, we conduct a comprehensive comparison,
evaluating three previously introduced techniques: the similarity regularization and
adversarial language classification loss that appeared in both Chapter 3 and 4, and the
contrastive loss from Chapter 5. The performance of these methods is assessed across
translation-specific and instruction-following model architectures, thereby consolidating
the findings from the previous experiments. This evaluation also expands the scope of
experiments to a more comprehensive set of unseen conditions, namely unseen language

pairs, unseen source languages, and unseen target languages.

6.5.1 Evaluated Methods

We briefly re-introduce the three cross-lingual alignment methods evaluated in this anal-

ysis. Each technique aims to foster the creation of language-invariant representations

through different mechanisms.

¢ Adversarial language classification (§3.8.2, §4.5.2): includes an adversarial language
classifier that encourages language-agnostic representations by penalizing the model’s
ability to predict the source language from hidden states.
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FIGURE 6.5: Following the experimental setup from Chapter 4, we fine-tune translation-

specific pre-trained models on the LARGE dataset, comparing standard fine-tuning (plain FT)

against three cross-lingual alignment methods: adversarial, similarity-only, and contrastive.

The alignment methods bring consistent improvements for unseen language pairs, but
exhibit persistent forgetting in unseen target language scenarios.

¢ Similarity regularization (§3.8.1, §4.5.2): pulls together translation pairs without nega-
tive examples. While a naive implementation would lead to representation collapse,
joint training with the translation loss mitigates this by maintaining discriminative
power for the primary task.

¢ Contrastive loss (§5.4.2): uses a contrastive objective that pulls together representations
of translation pairs while pushing apart representations of non-translation pairs.

These losses are applied on the encoder for encoder-decoder models, and on the middle

layers of decoder-only model following the procedure in Chapter 5.

6.5.2 Translation-Specific Models

We first evaluate the three alignment methods on translation-specific models: the 0.2B
and 0.6B variants of M2M-124. The results are shown in Figure 6.5, displaying change in
translation quality for various language categories, comparing each alignment method
against the plain fine-tuning baseline.

Gains in Unseen Language Pairs Among the three unseen categories, alignment meth-
ods primarily improve performance on unseen language pairs. These improvements
are observed when plain fine-tuning causes forgetting (Figure 6.5a) and when it brings

improvements (Figure 6.5b). For the 0.2B model, these methods reverse a -7.5 COMET
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FIGURE 6.6: Following the experimental setup from Chapter 5, we fine-tune general-purpose

pre-trained models on the SMALL dataset with the middle-layer alignment approach from

Chapter 5. The alignment approach (aligned FT) reverses catastrophic forgetting compared
to standard fine-tuning (plain FT). The impact on other conditions is milder.

loss by plain fine-tuning (60.5—53.0) into a gain of over 10 COMET. On the larger 0.6B
model, the gains are more modest but consistent, ranging from +0.8 to +1.5 COMET over
the plain fine-tuning baseline. In contrast, pairs with unseen source languages show
minimal benefit from alignment methods, with performance remaining comparable to
plain fine-tuning.

Persistent Forgetting in Unseen Target Languages The last column of Figure 6.5 shows
that all three approaches still result in drastic, double-digit COMET degradation for
this category. This suggests an inherent weakness of the token-based language control
mechanism discussed in §6.4.3. Cross-lingual alignment, while beneficial for transfer,
struggles to overcome this fundamental limitation.

Similar Performance Patterns Across Alignment Methods The three evaluated align-
ment methods exhibit highly similar performance patterns. While the adversarial ap-
proach shows an advantage for unseen target languages (Figure 6.5), the improvement is
insufficient to overcome the severe forgetting in this category. We argue this difference is
of limited practical relevance, as the degradation results from an inherent limitation in
the token-based language control that none of the methods fully resolve. Moreover, the
instruction-based language control already demonstrates superior baseline performance in
this setting (§6.4.2). Therefore, given their comparable overall effectiveness, we select a sin-
gle representative alignment method for the subsequent analysis of instruction-following

models.

6.5.3 Instruction-Following Models

For instruction-following models, following the configuration in Chapter 5, we proceed
with the contrastive approach due to its generality, as the other two approaches (adver-
sarial language classification and similarity regularization) require joint training with
task-specific loss to avoid collapse. In Figure 6.6, results are shown for both Llama3-8B and
Qwen2.5-7B with LoRA fine-tuning on both the SMALL and LARGE data configurations.

Impact on Unseen Pairs The results suggest that the effects of cross-lingual alignment in

preventing forgetting are conditional on the fine-tuning intensity. When plain fine-tuning
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on Llama leads to a 6.6 COMET loss (63.8—57.2) on unseen pairs, cross-lingual alignment
converts forgetting into performance gain, reaching 69.1 COMET. This improvement is
consistent across 17 of 20 translation directions, with the remaining three showing only
minor degradation of 0.4 to 0.9 COMET. However, the gain is not as large as the 70.9
achieved by in-language instructions (Table 6.4). This suggests that when the practical
setup allows for incorporating in-language instructions, that strategy is a more effective
alternative to cross-lingual alignment.

Impact on Unseen Source and Target Languages On unseen source languages, cross-
lingual alignment generally leads to performance comparable to standard LoRA fine-
tuning, in line with previous observations on task-specific models (§6.5.2). On unseen tar-
get languages, cross-lingual alignment provides a modest gain of 0.7 COMET (79.6—80.3)
for Llama, whereas it offers no significant improvement for the Qwen model. These results
suggest that the primary advantage of cross-lingual alignment is its ability to reverse
forgetting on unseen language pairs. In conditions where standard fine-tuning already
yields improvements, the additional gains from alignment are much milder. This forget-
ting pattern here, especially in the unseen target category, differs from those observed on
translation-specific models in §6.5.2. The persistent strong forgetting observed previously
is substantially reduced, with alignment occasionally surpassing the performance of stan-
dard fine-tuning. This suggests that as models move forward in their instruction-following
capabilities, their potential for cross-lingual transfer is also enhanced.

6.5.4 Why Gains Concentrate on Unseen Pairs

The most significant performance improvements are observed on unseen pairs, where both
the source and target languages were included in the training data but never appeared
together. As discussed in §6.3.2, this evaluation scenario is particularly challenging
because fine-tuning can cause the model to overfit to spurious source-target associations,
leading the model to generate outputs in an incorrect target language.

We interpret these results as evidence that cross-lingual alignment methods directly
counteract this degradation. Encouraging more language-invariant representations leads
to disentangling semantic content from language-specific features. By breaking the spu-
rious associations learned during training, alignment mitigates the effects of forgetting
and restores the model’s ability to generate the correct target language. Consequently,
the performance gains are most substantial on these unseen pairs. Considering that the
number of translation directions in a multilingual system scales quadratically, and that
many languages may only have parallel data to English, breaking the spurious correlations
that affect unseen pairs is of high practical importance for scalable translation models.

In contrast, for translation directions involving entirely unseen languages, the central
challenge is a general lack of exposure rather than spurious correlations. Therefore, the
impact of this alignment mechanism is much milder in those scenarios.
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6.6 Summary

In this chapter, we aim to resolve conflicting observations, both in our previous results
from Chapter 4 and Chapter 5, as well as the broader literature, regarding the conditions
that cause catastrophic forgetting during multilingual fine-tuning for machine translation.
With a series of controlled experiments, we can now reconcile these findings.

Our analysis reveals that the primary determinants of catastrophic forgetting are the
base model’s scale and the volume of the fine-tuning data. Larger models consistently
demonstrated greater resilience to forgetting, while larger fine-tuning datasets tend to
wash away pre-trained knowledge. Furthermore, the instruction-following capability
of the base model is a critical factor. This ability appears to provide a mechanism that
helps the model generalize its translation skills to unseen language pairs. In contrast,
other factors often thought to be relevant play a less critical role. First, the choice between
full fine-tuning and parameter-efficient fine-tuning (LoRA) did not substantially alter
the degree of catastrophic forgetting. Moreover, the underlying model architecture, i.e.,
whether an encoder-decoder like M2M-124 or a decoder-only LLM, was not a primary
driver of forgetting.

Based on our findings, we provide the following practical recommendations: 1)
Consider the relative scale between model size and fine-tuning data. Larger datasets
may require larger base models to prevent forgetting. 2) Prioritize models with strong
instruction-following abilities over specific architectural choices. 3) Do not rely solely on
parameter-efficient fine-tuning methods as a forgetting mitigation strategy. 4) For models
exhibiting forgetting, cross-lingual alignment such as the middle-layer approach from
Chapter 5 is promising for unseen pairs where both source and target languages have
been separately seen in fine-tuning. For instruction-following models, we recommend
first training with in-language instructions before cross-lingual alignment approaches.
This initial data-oriented approach is preferable due to its simplicity and its potential to
achieve equivalent or superior performance.

This chapter and the two previous ones form a continuous line of investigation into
methods for fostering and preserving generalizable representations within multilingual
pre-trained models. This chapter concludes this inquiry with systematic analyses that
reconcile some seemingly inconsistent observations from the previous chapters. Build-
ing upon this foundation, the subsequent chapter transitions from the preservation of
multilingual knowledge to its application. It explores how the transferability of multilin-
gual representations can be leveraged to achieve fine-grained stylistic control over model

outputs at inference time.
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Chapter 7

Inference-Time Transfer

As pre-trained models become more advanced, they are also growing in size and becoming
less transparent. Many state-of-the-art models are deployed behind restricted interfaces
that render their parameters hidden and immutable. This creates a “grey box” scenario,
where we may observe internal activations but cannot access or update the model’s
weights due to restricted access or computation constraints. In these scenarios, adaptation
strategies that depend on further training model parameters are no longer feasible.

In contrast to the previous chapters’ focus on updating model parameters, this chapter
investigates techniques applied during the inference stage. This shift is accompanied by
a more fine-grained objective. Rather than evaluating general output quality, we aim to
control specific categorical attributes of the translation, such as formality. The primary
goal is to enable the cross-lingual transfer of this control capability at inference time,
without relying on model fine-tuning.

We use a classifier’s gradient to steer a pre-trained multilingual model that does not
natively support attribute-controlled translation. We then systematically compare this
inference-time approach to traditional training-based methods to identify the trade-offs.
Our findings indicate that while training-based methods are dominant in supervised
settings, the performance gap diminishes in zero-shot scenarios. The inference-time
method is particularly effective for new and linguistically distant target languages and
demonstrates greater robustness across different domains. This chapter is partly based on
Liu and Niehues (2024a).

7.1 Introduction

As machine translation quality improves, research interest is expanding from general
semantic accuracy to more fine-grained attributes of the output. This chapter moves be-
yond general quality to the contextual appropriateness of translations. While often subtle,
attributes like formality and grammatical gender significantly influence the perceived
quality of translations. For instance, an incorrect formality level can make an email seem
unprofessional, and errors in grammatical gender may appear confusing or even offensive.
This use case is particularly challenging when such attributes are not explicitly encoded in
the source text, for example, when translating from a language like English which lacks
grammatical gender and explicit formality levels.
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FIGURE 7.1: The number of translation directions with attribute-annotated data (right) is far
less than that of what massively pre-trained models serve (left). Vertical and horizontal axes
indicate source and target languages respectively.

The standard approach to instilling attribute control in generic translation models is to
train them on explicitly annotated data. However, acquiring this data is a substantial bot-
tleneck, as it requires language-specific knowledge and manual curation. This challenge
is magnified in the context of massively multilingual models, where the data acquisition
effort quickly becomes impractical. As the number of required language pairs grows
quadratically with the number of supported languages, data acquisition becomes a con-
straint that supervised methods struggle to overcome. For example, a model supporting
100 languages would theoretically need annotated data for 9,900 language pairs to control
a single attribute like formality across all of them, as illustrated in Figure 7.1.

While prior work (Michel and Neubig, 2018; Saunders et al., 2020; Nadejde et al.,
2022) demonstrated success by fine-tuning on limited annotated data, the cross-lingual
transferability of these attribute control mechanisms remains largely unexplored. To
extend fine-grained customization to languages that lack supervised data, a systematic
investigation into the transferability of attribute controllers is essential.

Fine-tuning on attribute-specific data is a straightforward method to achieve attribute
control, and studies have shown that even a few hundred attribute-specific sentences can
be sufficient for doing so (Rippeth et al., 2022; Wu et al., 2023). However, this approach
risks overfitting and catastrophic forgetting (Freitag and Al-Onaizan, 2016; Thompson
etal., 2019). As investigated in Chapter 6, this risk is particularly relevant in multilingual
contexts, where fine-tuning on a subset of languages can erase pre-trained knowledge
of others (Garcia et al., 2021; Cooper Stickland et al., 2021; Liu and Niehues, 2022). Even
when the model does not catastrophically forget certain languages, translation quality
may still degrade if a domain mismatch exists between the fine-tuning data and the test
domain. These challenges will be empirically validated in this chapter across various
zero-shot conditions, language pairs, and domains.

An alternative paradigm is inference-time customization, which keeps the pre-trained
model’s parameters fixed. Instead, the generation process is steered toward desired
attributes at inference, for example, by re-weighting the output vocabulary distribution
(Saboo and Baumann, 2019; Yang and Klein, 2021; Landsman et al., 2022) or editing model
activations (Dathathri et al., 2020). For cross-lingual transfer to be effective, the control
mechanism must operate on features that are shared across languages. This requirement
makes methods that rely on surface-level vocabulary unsuitable, as vocabularies are
language-specific. Therefore, this chapter focuses on activation-steering methods, which
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modify internal model representations that are more likely to be shared across languages.

Given these distinct paradigmes, it is essential to understand the trade-off between fine-
tuning and inference-time control methods. The main objective of this chapter, therefore,
is to systematically evaluate their strengths and weaknesses in cross-lingual transfer, and

to explore potential synergies.

7.1.1 Task Definition

In this chapter, we study the following task:

Given a pre-trained multilingual translation model supporting N (N — 1) translation
directions across N languages, and attribute-annotated data for k of the N (N — 1)
translation directions (where k << N(N —1)), how can we enable attribute-controlled

translation for language pairs beyond this small supervised set?

This problem definition addresses both classical cross-lingual and temporal general-
ization. The cross-lingual aspect concerns the ability to apply attribute control to language
pairs beyond the supervised set. The temporal dimension measures how well the model
preserves its original translation performance, thereby evaluating the extent of catastrophic

forgetting after the control mechanism is introduced.

7.1.2 Contributions

In this chapter, we investigate the cross-lingual transferability of attribute-control mech-

anisms for multilingual translation. We conduct a comprehensive analysis comparing

traditional fine-tuning with a training-free, inference-time control method based on activa-
tion steering, as shown in Figure 7.2. Our primary contributions are:

* We propose an inference-time technique that enables cross-lingual control over specific
translation attributes, such as formality and grammatical gender, within pre-trained
multilingual machine translation models.

* We demonstrate that inference-time control becomes increasingly competitive with fine-
tuning-based approaches when transferring to distant languages and out-of-domain
conditions. While fine-tuning dominates in supervised settings, classifier guidance
shows stronger domain robustness and closes the performance gap in challenging
zero-shot scenarios.

* We reveal a trade-off between control strength and overall translation quality. Our find-
ings show that while stronger guidance improves attribute accuracy, it can negatively

impact translation quality.

7.2 Related Work

This chapter is situated at the intersection of several broader research areas, namely
controllable generation (§7.2.1), domain adaptation (§7.2.2), and activation steering (§7.2.3).
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7.2.1 Controllable Generation

The task studied in this chapter, attribute-controlled translation, is a specific instance of
controllable text generation. While controllable generation is a well-established research
area with steady progress (Keskar et al., 2019; Krause et al., 2021; Yang and Klein, 2021;
Liu et al., 2021a), how well control mechanisms generalize across languages has been less
explored.

Conventional machine translation models have investigated control over a wide array
of attributes, including politeness (Sennrich et al., 2016a; Niu et al., 2018; Feely et al.,
2019), grammatical gender (Vanmassenhove et al., 2018; Saunders et al., 2020), length
(Takase and Okazaki, 2019; Lakew et al., 2019a; Marchisio et al., 2019; Niehues, 2020), and
general style (Michel and Neubig, 2018; Schioppa et al., 2021; Vincent et al., 2023; Wang
et al., 2023b). The predominant paradigm in these works is supervised, relying on the
availability of attribute-annotated data. This limits their applicability to new languages
where such labeled resources are scarce or non-existent. A common strategy to overcome
data scarcity is the use of synthetic data by pseudo-labeling (Rippeth et al., 2022; Lee et al.,
2023), using a classifier to filter for supervised data per attribute. Our work departs from
these assumptions. Building upon massively multilingual translation models, we do not
assume the scalability of creating synthetic data for all languages served by the backend
model. Furthermore, we do not assume a classifier that can a priori distinguish attribute
classes for zero-shot languages without attribute-annotated data.

The rise of LLMs has re-framed attribute-controlled translation as an instruction-
following task (Raunak et al., 2024), where the desired translation attribute is explicitly
specified in the prompt. This has led to remarkable results in zero- and few-shot control
(Sarti et al., 2023; Garcia et al., 2023). In cross-lingual scenarios, multilingual LLMs can
be prompted with examples from different languages (Sarti et al., 2023). Despite these
advances, specialized translation models remain crucial, especially for low-resource lan-
guages. At the time of writing, dedicated models often demonstrate stronger performance
in low-resource languages than general-purpose LLMs (Zhu et al., 2023b; Sarti et al., 2023;
Robinson et al., 2023), underscoring the continued importance of studying them.

7.2.2 Multilingual Domain Adaptation

Attribute-controlled translation can be viewed as a lightweight domain adaptation task.
Prior works on adapting pre-trained multilingual models have reported catastrophic
forgetting of languages not included during fine-tuning, resulting in loss of the ability
to generate these languages (Cooper Stickland et al., 2021; Vu et al., 2022a). However,
our experiments on fine-tuning for zero-shot attribute control (§7.6.1) present a different
picture, showing no observable forgetting of language generation abilities. We attribute
this difference to two potential factors. First, our fine-tuning datasets are relatively
small. This is consistent with our findings in Chapter 6 that limited training data does
not overwrite pre-trained knowledge. Second, attribute control is a subtler form of
adaptation compared to domain shifts with specialized vocabularies and writing styles
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(e.g., medical or legal domains). The lower fine-tuning intensity needed for attribute
control consequently reduces the risk of catastrophic forgetting.

7.2.3 Activation Steering

Activation steering methods guide model behavior by manipulating their internal activa-
tions during the generation process. A prominent approach is classifier-guided steering,
as proposed by Dathathri et al. (2020) with the Plug and Play Language Model (PPLM). In
this method, a classifier is trained to distinguish specific labels. During generation, the
model’s activations are iteratively updated to steer outputs toward the desired class. In
diffusion models, classifier guidance is used for controllable image synthesis (Dhariwal
and Nichol, 2021) and controlled text generation (Li et al., 2022).

Another category of activation steering is contrastive steering, which guides model
representations using contrastive pairs. These pairs typically contrast desired versus
undesired output properties (Lai et al., 2024a), such as factual versus hallucinatory (Li
et al., 2023a; Rimsky et al., 2024), biased versus non-biased (Li et al., 2025b), or English
versus non-English (Wang et al., 2025). By steering the model’s internal representations
to reduce the difference between the positive and negative pairs, contrastive steering
encourages the model to exhibit desired properties during generation.

In this chapter, we adopt a classifier-guided approach due to its intepretability (Laguna
et al., 2024). The attribute classifier provides explicit probability scores that support clearer
analysis of steering effectiveness compared to representation-based approaches.

7.3 Comparing Transferring Attribute Control Capabilities

This section discusses two techniques for the cross-lingual transfer of attribute control,
comparing an inference-time approach without updating model weights (§7.3.1) with a
conventional fine-tuning baseline (§7.3.2).

7.3.1 Inference-Time Control

We build on the established finding that the internal representations (activations) of
pre-trained multilingual models capture cross-lingual commonalities (Pires et al., 2019;
Liu et al., 2020). While previous chapters demonstrated that these representations are
not fully language-agnostic, models with multilingual pre-training did show increased
levels of representational sharing compared to those without this procedure (§4.3.2). By
training an attribute classifier on these shared activations, this method aims to achieve
cross-lingual transfer, enabling the classifier to be used at inference time to steer generation
for languages that lack attribute-annotated data. To leverage this shared representational
space, the control mechanism must operate on model activations rather than on model
weights. This method involves two stages. First, an attribute classifier is trained using the
frozen pre-trained model’s internal representations. Then, at inference time, this classifier

guides the manipulation of the model’s activations to steer generation towards the desired
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FIGURE 7.2: Left: Inference-time control by gradient-based classifier guidance: training

classifiers for attributes on decoder activations, and using its predictions to edit inference-

time model activations towards desired attributes. Right: Standard training-time control by
fine-tuning on attribute-specific data.

attribute. To the best of our knowledge, no prior work has explored this activation steering
technique for the purpose of cross-lingual transfer.

Specifically, we extend the approach by Dathathri et al. (2020) to encoder-decoder
models. For machine translation, given a frozen pre-trained model, we run forward passes
with attribute-annotated! parallel data (X, Y)¢ for ¢ € [C], where X and Y are the source
and target sentences with individual sentence pairs (x,y)’ € (X,Y), and C is the number
of attribute labels.

While freezing the translation model’s parameters, we train a classifier that maximizes
P(c | h), where c is the ground-truth attribute label and h is the last decoder layer’s
hidden states after forced-decoding parallel data (x,y):

h = decoder(y, encoder(x)). (7.1)

Like with a standard model, the output distribution is then softmax(Wh), where W maps
the hidden states h to the vocabulary distribution.
At inference time step ¢, the hidden state is:

h; = decoder(y;—1, At—1), (7.2)

where y;_1 is the token from the previous step, and A;_; is the model activations. A;_;
contains activation key-value pairs® from the decoder self-attention and cross-attention
for steps 1 to t — 1. Based on all available decoder states up until ¢ — 1, we predict an
attribute label: argmax.P(c | hy ;1) (step D in Figure 7.2). We meanpool the states
from timestep 1 to ¢t — 1 for the prediction as it empirically showed better performance
than 1) using a token-level classifier without pooling and 2) operating on the cumulative
sum of hidden states from all time steps so far.>

Ash; ;1 isonly determined by A;_;, we can rewrite P(c | hy ;1) as P(c| Ai—1).
Comparing the prediction to the desired attribute c* (step (2) in Figure 7.2), we can derive
gradients measuring how much the current activations satisfy the desired ¢* (step (3)

'Only the target side needs attribute labels.

*Note these are not the key/value projection weights, but the activations after applying these projections.

3In initial experiments training an English-German formality classifier, the accuracy on the dev set was
86.7% (meanpool), 66.1% (token-level) and 73.0% (cumulative sum).
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in Figure 7.2). The gradients, Va, ,P(c* | A;_1), are then back-propagated for several
iterations with given step sizes, resulting in updated activations A}_,, which further leads
to modified decoder hidden state:

h; = decoder(y;—1, Aj_;). (7.3)

A new output token y; that more likely satisfies the control is generated from hj by
softmax(Wh)) (step (4) in Figure 7.2).

7.3.2 Fine-Tuning-Based Control

A more conventional method for attribute control involves fine-tuning the pre-trained
model on attribute-specific parallel data. For this approach to successfully transfer to
language pairs without annotated data, the adaptation process must learn the general
features of the desired attributes rather than overfit to the specific languages present
in the fine-tuning data. This is crucial to prevent catastrophic forgetting of the model’s
capabilities in other languages.

We fine-tune the entire model on the data for each attribute, resulting in one specialized
model per attribute, as illustrated in Figure 7.2. We note that simpler methods, such as
prepending attribute tags to the source sentences (Chu et al., 2017; Kobus et al., 2017),
were insufficient to make the model attribute-aware, likely because the limited fine-tuning
data could not prevent the model from treating the tags as noise.

While parameter-efficient fine-tuning (PEFT) (Bapna and Firat, 2019; Philip et al.,
2020; Hu et al., 2022) is a more computation-efficient alternative, we do not explore it in
this chapter for two reasons: our primary focus is on the transferability of the control
mechanism itself, and, as demonstrated in the previous chapter, the choice of PEFT versus
full fine-tuning does not fundamentally alter the catastrophic forgetting behavior.

7.4 Experimental Setup

We experiment on two attribute control tasks: formality and grammatical gender control.
The experiments cover the following languages: German (de), Spanish (es), French (fr),
Hindi (hi), Italian (it), Korean (ko), Portuguese (pt), Russian (ru). As outlined in Table 7.1,
the training data has English as input. The low data volume not only reflects the practical
challenge of data scarcity, but is also an established condition in existing benchmarks
(Nadejde et al., 2022).

7.4.1 Formality Control

The training data is sourced from the CoCoA-MT dataset (Nadejde et al., 2022), which

features an overlap between its training and test domains.* For zero-shot conditions,

“We excluded Japanese due to the pre-trained model’s low translation accuracy (<40%) on formality-
annotated words, in contrast to scores exceeding 60% for the other five languages.
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Task Translation Directions # Sentences per language per attribute
Formality control (formal vs. informal)
Train en—{de, es, fr, hi, it} 400
Test (supervised) en—{de, es, fr, hi, it} 600
Test (new target) en—{pt, ru, ko} 600
Test (new source) {de, fr, hi, it}—es 366-572
Grammatical gender control (feminine vs. masculine)
Train en—es 194
Test (supervised) en—es 552-556
Test (new target) en—{it, fr} 515-546
Test (new source and target) {es, fr}—it, {es, it}—fr 271-365

TABLE 7.1: Overview of training and test data, where the last column shows data amount
for each attribute. The number of sentences may vary per language pair, a property inherited
from the original datasets.

we transfer controllers trained on different language pairs to new translation directions.

Specifically, we investigate the following two cases:

Transfer to New Target Languages To assess the impact of multilingual training data on

transferability, we compare attribute controllers trained under two settings:

¢ Single-direction: Controllers are trained on individual language pairs, specifically
en—es and en—de, representing Romance and Germanic languages.

¢ Multilingual: A single controller is trained on all available source languages simultane-
ously: en—de, es, fr, hi, it.

The transfer capabilities of these controllers are evaluated on three new target lan-
guages from the IWSLT 2023 formality control shared task (Agarwal et al., 2023). These
language pairs were selected to represent varying degrees of linguistic distance from the
training languages: 1) Close: en—pt; 2) Related: en—ru; 3) Distant: en—ko.

Finally, the 400 sentences of supervised data available for the en—ko direction are

used to establish an oracle performance baseline. This baseline represents an upper bound
for control accuracy in a supervised setting.
Transfer to New Source Languages To evaluate the transfer of control to new source
languages, we constructed a new test set by realigning the CoCoA-MT data. The original
test sets only provide English source sentences. By matching sentences from different
languages that share a common English translation, we create new test pairs with non-
English source and target languages. In this configuration, the source sentences themselves
contain formality information, a key distinction from the original setup. This allows us to
assess the model’s ability to not only preserve the source sentence’s formality level but
also to alter it when explicitly steered by the controller.

Due to the lack of suitable training data, with formality control we only consider
same domain for training and testing conditions. Domain shifts are investigated next in
grammatical gender control.
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7.4.2 Grammatical Gender Control

For the formality control setup above, the data for training the attribute controller come
from the same domain as the test set. To evaluate domain generalization, for grammatical
gender control, we train the controller on texts with very different styles from the test data.
For training the attribute controller, we use the en-es set from Saunders et al. (2020)° with
artificial sentences of very simple grammatical structure up to 7 words. In contrast, for
the test set we use MuST-SHE (Bentivogli et al., 2020), which consists of TED talks with
much longer sentences and more versatile styles. More dataset details are in Appendix
D.1. Besides transfer to new target languages like previously (§7.4.1), we also explore the
following setting:

Transfer to New Source & Target Languages The MuST-SHE test set comes in en-{es, fr,
it}. Like previously, we re-align them using English as pivot, creating non-English source
and target sentences. In this case, both the source and target sentences have the same
gender. As the attribute training data is in en—es, we evaluate {es, fr}—it and {es, it} —fr
for the transfer to new translation directions where both the source and target languages

differ from training.

7.4.3 Models and Evaluation

Models We use two types of backend models. For the main experiments, we use the pre-
trained NLLB-200 distilled 600M model (NLLB Team, 2024), which covers 200 languages
for many-to-many translation. We also train a Transformer-base (Vaswani et al., 2017) from
scratch to verify if observed phenomena are specific to models with massive multilingual
pre-training. The Transformer-base model covers all languages in our experiments and is
trained on OPUS-100 (Zhang et al., 2020a). Details of these data, as well as the training
and inference details, are presented in Appendix D.1 and D.2. When reporting the results,
we use “CG” to denote systems that steer the output by the classifier guidance approach
in §7.3.1, and “FT” for fine-tuning as described in §7.3.2.

Control Evaluation For formality control, we report matched accuracy (M-Acc; %) follow-
ing Nadejde et al. (2022). For gender control, we use the official evaluation script (Bentivogli
et al., 2020) for accuracy (%). For formality, as the test set is the same for both formalities,
the baseline M-Acc for the two formality labels add up to 100%. This is not the case for
gender control since the attribute-specific sets are not parallel.

Quality Evaluation We use COMET (Rei et al., 2020) as the main translation quality metric,
and additionally report BLEU (Papineni et al., 2002) to compare to prior works. Note
that BLEU is impacted by n-gram matches on the correct formality or gendered words,
while COMET is less susceptible to the artifact. For COMET score comparisons, we run

U1

paired T-tests and bootstrap resampling using comet-compare. We use “*” or “1+” to mark

systems better or worse than the base pre-trained model at significance level o = 0.05.

*https://github.com/DCSaunders/tagged-gender—coref#adaptation-sets
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Human Evaluation To test the transfer to real low-resource languages, we conduct a
human evaluation on Bengali, which was marked as low-resource in the NLLB-200 training
data (NLLB Team, 2024). Details on the evaluation are in Appendix D.3.

Baselines Few existing works experimented on the same data conditions as ours. An
exception is the “mBART-large Gold Fine-tuned” model by Rippeth et al. (2022), who
fine-tuned mBART (Liu et al., 2020) on parts of CoCoA-MT (Nadejde et al., 2022) for
formality control. Their results overlap with our supervised results on en—{de, es, hi} and
zero-shot results on en—ru. Other than this, the majority of prior works used more relaxed
data conditions than ours, e.g., using an existing attribute classifier that covers zero-shot
languages for pseudo-labeling (Lee et al., 2023) or hypothesis reranking (Wu et al., 2023).
We report these results in Appendix D.4. Overall, our model’s performance is comparable

to the leading systems.

7.5 Supervised Conditions

Table 7.2 and Table 7.3 show the results for formality and grammatical gender control
using supervised controllers with the NLLB-200 model. The results indicate that both fine-
tuning (FT) and classifier guidance (CG) are able to steer the output towards the desired
attributes while either maintaining the original translation quality or incurring only a
slight degradation. It is important to note that the overall translation quality does not
increase. This is expected, as the pre-trained model is already capable of these language
pairs, and the limited volume of training data is sufficient only to instill attribute control
capabilities, not to further specialize the model’s translation capabilities as in Chapter 4
and Chapter 6.

Fine-tuning more effective than classifier guidance in supervised conditions: A com-
parison of scores in Table 7.2 and Table 7.3 clearly shows FT is more effective than CG. For
formality control, FT consistently scores nearly 100% M-Acc. It also substantially improves
the quality scores due to adapting towards the specific domain of the attribute-annotated
data, which is the same as the test domain in this case. On the other hand for CG, while it
also improves the formality accuracy, the scores lag behind fine-tuning in both accuracy
and quality. The gap is especially prominent on hi and it, where the underlying NLLB
model has a strong bias towards a single formality: the accuracy for the rare formality is
nearly zero (3.3% and 3.2% respectively). This is likely to do with NLLB’s training data,
which might be skewed towards one single formality for some languages. In this case,
CG can only partly recover the ability to generate translation in the formality NLLB is
unfamiliar with. These results indicate that CG is only effective when the underlying
model does not suffer from an absolute bias towards one attribute.

Classifier guidance more robust to domain mismatch: As motivated in §7.4.2, the gender
control results in Table 7.3 allow us to assess the impact of domain mismatch between the
controller training data and the test data, a very realistic scenario in practice. Here, while
fine-tuning achieves higher accuracy for gendered words, it also degrades translation
quality by 0.9 COMET. This provides further evidence that the previously improved
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Model Formar  Informa Avg. BLEU  COMET

base 45.6 54.4 — 357 82.1
en—de +CG 95.0 896 923 384 81.61
+FT 100.0 100.0 100.0 43.6 83.8*
Rippethetal.  93.6 774 855 374 -
base 29.7 70.3 — 40.0 83.9
en—es +CG 72.9 924 827 412 84.4*
+FT 100.0 959 98.0 46.0 85.5*
Rippeth et al. 96.7 82.7 89.7 38.3 —
base 76.8 23.2 - 36.0 80.8
en—fr +CG 99.8 772 885 388 80.9
+FT 100.0 99.3 99.7 43.0 83.0*
base 96.7 3.3 — 240 75.5
en—hi +CG 99.3 30.7 650 243 75.01
+FT 99.6 992 994 364 81.7*
Rippeth et al. 98.5 647 8l.6 28.7 -
base 3.2 96.8 — 413 84.9
en—it  +CG 18.7 995 59.1 40.6 84.1t
+FT 98.6 993 99.0 49.6 86.0%

TABLE 7.2: Formality control results in supervised condition (controllers trained on formality-
annotated data), with base (pre-trained out of the box), CG (steering by classifier guidance
as described in §7.3.1), FT (fine-tuning as described in §7.3.2)

Model Feminine Mascutine Global  BLEU  COMET

base 58.8 86.7 73.6 45.0 84.9
en—es +CG 75.0 89.7 82.8 44.7 84.7
+FT 90.2 89.7 86.9 43.7 84.0t

TABLE 7.3: Grammatical gender control results in supervised condition (cross-domain:
controller trained on gender-annotated data from a different domain).

COMET scores (Table 7.2) are results of fine-tuning on in-domain data. In contrast,
the translation quality with CG does not significantly differ from NLLB by the T-tests,
suggesting its stronger domain robustness. We hypothesize it is because CG operates
on the last decoder layer’s hidden states, which are just one projection away from the
output vocabulary. These representations likely contain more word-level than domain
information, which is precisely needed in the task of attribute control.

7.6 Zero-Shot Conditions

Having established the supervised performance, we now turn to the central question
of this chapter to evaluate the zero-shot transfer of attribute control. We evaluate three
scenarios: transfer to new target languages (§7.6.1), new source languages and previously
unseen source-target language pairs (§7.6.2).
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7.6.1 New Target Languages

Now we transfer the trained controllers to target languages unseen when training the
controllers, i.e., those without attribute annotation. In Table 7.4 and Table 7.5, we report
the results on formality and gender control respectively. In Table 7.4, we also compare the
single-direction and multilingual controllers as motivated in §7.4.1.

Pre-trained NLLB Transformer-Base
Model F I Avg. BLEU COMET F 1 Avg. BLEU COMET
base 477 523 — 417 85.1 358 642 — 387 82.2
+CG (de) 75.6 74.2 749 43.0 84.9 50.0 72.8 61.4 38.7 81.8t1
- +FT (de) 99.0 45.5 72.3 404 85.3 79.2 71.2 75.2 39.6 82.7*
% +CG (es) 85.4 83.6 84.5 43.8 85.0 53.3 79.8 66.6 38.8 81.71
g +FT (es) 99.8 28.7 64.3 40.3 85.2 93.9 80.1 87.0 40.5 82.5%
+CG (multi) 84.8 80.0 82.4 43.7 84.9 55.9 80.8 68.4 39.0 81.8t1
+FT (multi) 995 51.0 75.3 42.3 85.9* 95.8 819 889 414 83.1%
+CG +FT (multi) 100.0 83.2 91.6 42.1 85.7* 97.8 93.7 95.8 41.0 82.4
base 55.0 45.0 — 303 83.7 439 56.1 — 242 75.9
+CG (de) 87.3 77.7 825 32.2 83.1 67.2 71.8 69.5 24.6 75.0t
5 +FT (de) 995 84.7 92.1 33.0 84.2* 84.0 69.3 76.7 25.0 75.8
‘f +CG (es) 86.8 73.9 80.4 32.4 83.2 61.7 76.8 69.5 24.8 75.0t
g +FT (es) 98.3 60.6 79.5 32.8 84.1* 83.5 68.6 76.1 26.1 76.6*
+CG (multi) 87.3 78.2 82.8 32.2 83.2 72.2 80.9 76.6 25.0 75.0t
+FT (multi) 99.8 79.6 89.7 33.0 84.2* 875 69.8 78.7 259 77.0*
+CG +FT (multi) 100.0 93.0 96.5 33.1 84.4* 96.2 91.3 93.8 26.2 76.2
Rippeth et al. 100.0 13.8 56.9 23.5 — - - = — —
base 509 49.1 - 157 82.6 320680 — 106 74.0
+CG (de) 67.0 64.6 65.8 15.7 82.1t 45.2 782 61.7 104 73.4%
+FT (de) 67.8 54.2 61.0 12.8 84.1* 427 66.4 54.6 10.7 74.0
o +CG(es) 68.9 61.6 65.3 15.1 82.1t  46.3 77.6 62.0 10.7 74.1
'\T‘ +FT (es) 64.4 47.3 559 14.0 84.4* 474 62.7 55.1 11.7 75.2*%
g +CG (multi) 67.0 61.7 64.4 155 82.2 46.0 78.1 62.1 10.6 74.1
+FT (multi) 68.5 46.2 574 134 84.7* 483 68.4 58.4 11.0 74.4
+CG +FT (multi) 70.0 63.5 66.8 13.2 84.2* 589 81.8 70.4 10.8 73.4%
+oracle CG (ko) 70.3 62.6 66.5 15.2 81.7t 589 82.3 70.6 11.2 74.5%
+oracle FT (ko) 79.4 93.5 86.5 22.2 86.2* 86.7 979 92.3 19.1 74.0*

TABLE 7.4: Zero-shot formality control results. Best and second best results under the same
data condition are marked.

Gap between fine-tuning and classifier guidance shrinks in zero-shot conditions: While
fine-tuning was consistently leading in supervised conditions (§7.5), now under zero-
shot conditions with unseen target languages, the gap shrinks. For formality control,
on Korean, the most distant language, CG consistently achieves stronger control results
than fine-tuning, indicating more robustness when transferring to unfamiliar settings.
Overall in Table 7.4, for the main experiments on NLLB-200, CG outperforms FT in 7 of
the 9 pairwise comparisons ({de, es, multi} x 3 target languages). With gender control
results in Table 7.5, fine-tuning achieves stronger control accuracy (avg. +4.9% abs.) but
degrades translation quality (—0.6 COMET) due to domain mismatch. On the other hand,
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Model Feminine Mascutine Global BLEU  COMET

base 53.8 88.9 73.1 35.1 84.1
en—sit +CG 72.3 92.8 83.6 35.4 83.7
+FT 83.6 91.2 87.8 34.4 83.5t
+CG +FT 88.6 94.5 91.8 33.4 82.61
base 55.3 88.4 724 38.3 82.6
on—sfr +CG 67.8 90.3 794 38.7 82.5
+FT 78.9 90.8 85.0 38.2 82.0t
+CG +FT 87.0 91.9 89.5 37.4 81.9t

TABLE 7.5: Zero-shot grammatical gender control results on new target languages with
domain mismatch.

CG retains the translation quality. This confirms the previous finding (§7.5) on its stronger
domain robustness.

Multilingual controllers help when the base model is not massively multilingual: In
Table 7.4, controllers trained on multiple translation directions (multi) are compared to
those trained on single directions (en—es or de). On Transformer-base, multi consistently
outperforms its single-direction counterparts, regardless of whether the controller is fine-
tuning- or CG-based. In contrast, for the pre-trained NLLB, there is no clear distinction
between the multilingual systems and the rest. This indicates that NLLB does not further
benefit from multilinguality in the controller training stage, likely because it already under-
went a massively multilingual pre-training stage. This shows that massively multilingual
models are a useful basis for attribute control especially when annotated resources are
limited to single languages.

Classifier guidance is complementary with fine-tuning: When applying CG on top
of the fine-tuned models, we see the strongest control accuracy for both formality and
gender control. This observation is consistent whether the base model is the pre-trained
NLLB or the normal Transformer-base. Compared to fine-tuning alone, the addition of
CG also does not degrade translation quality on NLLB. On the more challenging case
of gender control which involves domain mismatch, adding CG to fine-tuning does not
impact translation quality on fr and causes a slight degradation on it. This is likely
linked to poor hyperparameter choices in CG: due to time constraints we directly used
the hyperparameters when applying CG alone, which are too strong for models already
fine-tuned for attribute control. We are optimistic for improved scores under more fitting
hyperparameters.

Fine-tuning did not erase knowledge on other languages: To our surprise and different
from results in domain adaptation (Cooper Stickland et al., 2021; Vu et al., 2022a), fine-
tuning did not erase the pre-trained model’s knowledge on the target languages absent in
supervised fine-tuning, as reflected by the translation quality scores (Table 7.4, 7.5). This
is not specific to NLLB, but also observed on the Transformer-base trained with random
initialization on a few translation directions. Therefore, this phenomenon is not a result
of massively multilingual pre-training, but more likely linked to the light fine-tuning
strength with limited number of updates and small learning rates.
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Model Quality Formality Win Win & Tie
(1-5) (1-3) (%) (%)
(1) NLLB-200 425 2.69 — -
(2) CG (multi) formal 4.00 2.63 56.3 81.3
(3) CG (multi) informal 4.44 2.38 62.5 93.8
(4)  FT (multi) formal 4.31 2.63 43.8 68.8
(5) FT (multi) informal  4.13 2.44 62.5 93.8

TABLE 7.6: Human evaluation on Bengali, with quality on a 5-point scalet and formality

on a 3-point scale (1: formal) with . Last two columns show pairwise

comparison of formality scores to baseline NLLB-200 given the same source sentences
(winning: scoring more in the direction of the desired formality).

Comparison to oracle data condition: In the bottom rows of Table 7.4, we report the oracle
performance of using 400 sentences as supervised data for training the controllers. Our
strongest zero-shot results match the performance of oracle CG, but still lag far behind the
upper-bound of fine-tuning on in-domain data with attribute annotation (oracle FT). We
believe this gap is magnified as Korean is not only linguistically distant from the languages
used in training, it also differs in the notion of formality: Korean involves multiple levels
of formality instead of a binary informal-formal distinction. For the zero-shot transfer, this
means transferring a controller trained for binary control to a multi-class problem with an
unknown class mapping, which is naturally more challenging.

Human Evaluation on Bengali: The human evaluation results are presented in Table 7.6.
First, adding attribute control does not appear to impact translation quality. Second,
pairwise comparisons with the baseline show both CG and fine-tuning are effective in
formality control, where CG has slightly higher win ratio than FT against the baseline.
Third, the impact on formality scores is more prominent when steering towards informal
translation. This is likely because the baseline translations already have a high level of
formality. Moreover, the rare usage of the lowest formality level in Bengali (Appendix
D.3) could explain the relatively high formality scores for the systems steered towards
“informal” (rows (3) and (5)).

7.6.2 New Source and Target Languages

New source languages easier than new target languages: In Table 7.7, we report the
results of transferring controllers trained with English source to new source languages.
Contrasting these scores with the target-side zero-shot results in Table 7.4, it is clear
that transferring to new source languages is a much easier task. This is expected, as
attribute-controlled translation primarily places lexical constraints on the target side. Once
the controller can generate translations with the correct attribute, swapping the source
language does not pose a large challenge. Even when the source formality disagrees with
the desired output formality (uncolored columns in Table 7.7), the controllers are able to
steer the translations toward the required attributes.

NLLB struggles to preserve source attributes: Contrasting the colored “base” cell in
Table 7.7 with its uncolored counterpart, we see that NLLB does have some notion of
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Model Foima  Informa Avg. BLEU COMET

base 77.8 22.2 — 239 79.0

X—de +CG 98.6 71.5 85.1 259 78.7
+FT 100.0 100.0 100.0 30.1 80.7*

base 57.8 422 — 29.8 82.7

_ X—es +CG 86.7 733 80.0 30.5 82.3
g +FT 99.6 774 885 32.8 83.9%
3 base 97.0 3.0 — 295 79.1
‘: X—=fr +CG 99.8 404 70.1 30.6 78.9
& +FT 99.9 994 99.7 34.2 81.0*
08) base 98.2 18 - 202 73.2
X—hi +CG 99.2 9.8 545 203 73.0
+FT 99.4 99.3 994 26.5 75.3*

base 23.0 77.0 — 276 83.5

X—it  +CG 45.8 88.1 67.0 28.1 82.9
+FT 99.2 88.1 93.7 324 84.4*

base 48.5 515 — 247 79.3

X—de +CG 94.0 87.7 909 270 79.0
+FT 100.0 99.7 999 30.0 80.7*

base 20.3 79.7 — 299 82.7

= X—es +CG 67.5 93.7 80.6 31.1 82.3
g +FT 99.8 97.8 98.8 33.2 83.9%
£ base 87.7 12.3 — 303 79.6
S Xofr +CG 99.9 595 79.7 325 79.6
1& +FT 100.0 100.0 100.0 35.6 81.5*
2 base 98.4 1.6 — 20.8 73.6
v X—hi +CG 99.2 12.3 55.7 20.8 73.4
+FT 99.7 995 99.6 27.7 75.8*

base 1.5 98.5 — 28.0 83.6

X—it  +CG 17.1 994 58.3 28.0 82.9
+FT 98.2 99.2 98.7 32.8 84.5%

TABLE 7.7: Zero-shot formality control results on new source languages, using controllers
trained on English as source. Sources are {de, es, fr, hi, it}. Colored columns indicate source
formality agreeing with desired target formality.

formality in the source sentences, as source sentences with the correct formality improve
accuracy on the desired formality (57.8 vs. 42.2% and 79.7 vs. 20.3%). However, the signals
in the input alone are insufficient for generating the correct formality. This is confirmed
by another zero-shot experiment when both the source and target languages are new
(Table 7.8). Here the sources already contain the correct grammatical genders. Despite
this, NLLB cannot fully utilize the signals in the source, especially on the feminine gender.
Its accuracy (75.4-83.2%) still lags behind the masculine class (87.0-90.4%). Both CG and
fine-tuning substantially improve the accuracy and mostly close the gap between the two
grammatical classes. This shows both approaches strengthen the source signals that are
otherwise neglected.

111



Chapter 7. Inference-Time Transfer

Model Feminine Mascutine Global  BLEU  COMET

base 794 89.3 85.2 30.0 83.3
es—it  +CG 87.6 92.3 90.4 29.5 82.9t
+FT 90.9 90.5 90.7 30.0 82.9t
base 754 90.4 84.2 28.1 82.6
fr—it +CG 85.1 94.1 90.4 27.7 82.3
+FT 90.4 93.6 92.3 28.6 82.5
base 83.2 87.0 85.3 31.2 79.9
es—fr +CG 86.8 88.8 87.9 31.3 79.8
+FT 89.2 88.5 88.8 314 79.7
base 76.1 87.2 84.3 31.5 80.4
it—=fr +CG 86.4 89.1 87.9 31.5 80.5
+FT 90.6 88.9 89.6 31.8 80.4

TABLE 7.8: Zero-shot grammatical gender control results on new source and target languages.

7.7 Summary

To facilitate attribute-controlled translation in low-resource scenarios, we examine how
effectively control mechanisms can be transferred across languages in pre-trained multi-
lingual models. We employ activation steering, a non-invasive, inference-time method, to
equip a pre-trained multilingual machine translation model with controllable generation
capabilities and contrast its performance with that of standard model fine-tuning.

Our results suggest a clear set of trade-offs, leading to the following recommendations
for adding attribute control to existing systems: 1) Given in-domain data, even only several
hundred annotated sentences, fine-tuning provides the most reliable performance. 2) The
optimal method for zero-shot transfer to a new language depends on language relatedness
and domain. In case of distant new target languages or strong domain mismatches between
the attribute-annotated data and test data, decoding with classifier guidance is more
promising. Otherwise fine-tuning is recommended. 3) In case specific resource constraints
preclude fine-tuning or hosting multiple specialized variants of the underlying model, we
then recommend inference-time control by classifier guidance. 4) In case the underlying
translation model is not massively multilingual, fine-tuning the model or training the
controller on multiple target languages is beneficial.

The activation steering approach in this chapter is distinct within this thesis for its non-
invasive nature. It is the only method that leaves the underlying model’s parameters and
architecture entirely unmodified, in contrast to the architectural modifications explored in
Chapter 3 and the parameter updates central to Chapters 4-6. While this inference-time
approach does not explicitly enforce the cross-lingual alignment objectives of previous
chapters, our findings demonstrate its value in specific use cases where conventional fine-
tuning proves suboptimal. A logical next step is to investigate the transferability of such
inference-time control mechanisms to general-purpose foundation models, a direction we

leave for future work.
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Chapter 8

Conclusions

This chapter concludes the thesis by summarizing its key contributions and outlining
potential directions for future research. We first address the research questions posed
in the introduction (§8.1), thereby synthesizing the findings presented throughout the
preceding chapters. This is followed by a discussion of the limitations to contextualize
these findings (§8.2). The thesis concludes by suggesting avenues for future research that
build upon the findings from this work (§8.3).

8.1 Answers to Research Questions

This thesis investigates methods for developing multilingual representations that enhance
cross-lingual transfer for sequence-to-sequence tasks, with a primary focus on machine
translation, as established in Chapter 1. Based on the findings presented in this work, this

section addresses the research questions.

Research Question 1: To what extent are representations in multilingual
models language-invariant, and what factors contribute to their language-

specific properties?

The internal representations of multilingual models are substantially language-specific
and do not converge toward a language-invariant space, even with large-scale multilingual
pre-training. Probing analyses in Chapter 3 on encoder-decoder models trained across 6 to
18 translation directions reveal that surface-level language-specific information is heavily
preserved within the encoder outputs. Across various datasets, it is possible to recover
each token’s original identity and absolute position with over 85% accuracy, while the
input language itself is identified with accuracy ranging from 74.1% to 95.9%.

Large-scale multilingual pre-training does not alter this observation. As demonstrated
in Chapter 4, translation models pre-trained on over 100 languages exhibit a similar degree
of language specificity. These language-specific properties persist even with a more lenient
evaluation in Chapter 5, which, as opposed to the exact information recovery accuracy
previously, employs a cross-lingual retrieval diagnostic task that only requires a correct
translation to be the nearest neighbor in the representation space. Even with this more
lenient evaluation, retrieval accuracy remains below 50% with recent decoder-only large
language models.
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In response to the second part of Research Question 1, this work identifies several
factors that contribute to these language-specific patterns, extending beyond inherent
properties like linguistic relatedness (Chapter 3) and language resource levels (Chapter 5).
The analysis in Chapter 3 reveals that residual connections recurring in model architectures
reinforce word order information specific to each input language. Moreover, Chapter 4
demonstrates that, holding other factors unchanged, the selection of a bridge language

during multilingual fine-tuning significantly impacts the resulting representations.

Research Question 2: How do current multilingual models perform in scenar-
ios requiring classical cross-lingual, compositional, and temporal generaliza-
tion, and how does the performance relate to the language-specific properties
in Research Question 1?

This thesis evaluates classical cross-lingual generalization on non-translation tasks,
including slot filling (Chapter 5) and attribute classification for inference-time steering
(Chapter 7). The findings indicate that direct transfer with pre-trained multilingual
models is effective. For instance, models can readily perform the task in languages unseen
in task-specific training, with F; scores between 41.0% and 79.9% on a variety of low-
and high-resource languages. The analysis in Chapter 5 further establishes a positive
correlation between downstream transfer performance and the language invariance of
model representations, as measured by cross-lingual retrieval accuracy. Consistent with
this, Chapter 7 shows that attribute classifiers trained on multilingual representations
also transfer effectively across diverse languages. These findings suggest that this form
of generalization is relatively straightforward to achieve with multilingual pre-trained
models, although explicit cross-lingual alignment approaches further improve the transfer
performance, as shown in Chapter 5.

In contrast, compositional generalization, assessed with a model’s ability to combine
learned translation directions to handle new language pairs in a single pass, remains
a significant challenge. As demonstrated in Chapter 3 and Chapter 4, conventional
encoder-decoder models trained on English-centric translation data fail to generalize
compositionally to non-English pairs where both languages were seen separately during
training, often generating an incorrect output language. This failure mode is directly
attributed to the source-language-specific representations identified in the answers to
Research Question 1, which hinder the model from developing generalizable represen-
tations disentangled from language identities. The analysis in Chapter 6 shows that
choices of model architecture (encoder-decoder versus decoder-only) do not mitigate this
weakness. Instead, instruction-following capabilities are more crucial, where providing
instructions in the desired output language is an effective strategy for models supporting
this functionality.

Temporal generalization, which concerns a model’s ability to retain pre-trained knowl-
edge after fine-tuning, is evaluated by measuring catastrophic forgetting. The investigation
in Chapter 4 highlights that specializing a model on a subset of language pairs can degrade
its capabilities in other languages. However, this effect is conditional. As demonstrated in
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Chapter 6, a model’s susceptibility to forgetting is determined by the interplay between
the scale of the base model and the volume of the fine-tuning data. Chapter 7 presents a
more fine-grained use case, showing that forgetting can also appear at the domain level
when a model is adapted for a specific style attribute, such as grammatical gender.

Research Question 3: For practical scenarios with different constraints on the
scope of model modification, what training procedures can encourage or lever-

age language-invariant representations for generalization across languages?

The suitable training procedure is highly dependent on the underlying model archi-
tecture and resource constraints. This work presents approaches required for different
scenarios, from high-flexibility use cases of training models from scratch to the restricted
cases of steering frozen pre-trained models. The core findings across these scenarios are
summarized in Table 8.1.

Scenario Approach Key Findings

Residual connections in the encoder
enforce input word orders in models’
internal representations, thereby
hindering compositional
generalization required for zero-shot
translation.

Removing residual
connections in a middle
encoder layer and
complement this with
explicit cross-lingual
alignment objectives.

Encoder-decoder
models trained
from scratch

Fine-tune with cross-lingual
alignment losses. For
applications requiring
discrete tokens associated
with encoder outputs, a soft
discretization approach can
be used at the cost of
translation quality.

Alignment losses mitigate catastrophic
forgetting particularly on translation
pairs where source and target are
separately seen in fine-tuning. Using
adversarial, similarity-only, and
contrastive losses for alignment leads
to comparable performance.

Task-specific
pre-trained models

Apply alignment objectives ~ The middle layers of pre-trained

to the middle layers of the decoder-only models exhibit the
model. If alignment is highest level of language-invariant
performed as a separate step, representations. Alignment modules

use a contrastive loss to can be merged with task-specific

Decoder-only
generic pre-trained
models

prevent collapse.

modules in a post-hoc manner.

Use inference-time steering

to guide model outputs

Frozen models

toward desired attributes

without modifying the

underlying weights.

Translation attributes such as formality
can be controlled dynamically during
inference without attribute-specific
training data for the output language.

TABLE 8.1: Overview of training procedures for enhancing transfer under different model
modification constraints.
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8.2 Limitations

English-Centric Translation Directions

A large part of the experiments in this thesis evaluate translation between non-English
languages after English-centric translation training, a setup where models often fail. While
we also demonstrate that data-centric interventions, such as replacing English with a
bridge language more similar to the remaining languages, can mitigate many of these
failure modes, we frame this issue as a fundamental modeling challenge rather than a
“data problem”. The primary goal is therefore to diagnose why models struggle with
compositional generalization. While acknowledging the practical utility of data-centric
strategies, this thesis prioritizes the analysis of the architectural and representational

bottlenecks that hinder this form of generalization.

Truly Low-Resource Languages

Another limitation of this work is its reliance on simulated low-resource settings for
evaluation. Most of the languages investigated have existing supervised data, which was
intentionally held out to create experimental conditions without supervised data. This
choice is scientifically motivated, as it creates performance upper bounds and allows
clear measurement of model performance against a supervised oracle. However, as
research extends toward the long tail of the world’s approximately 7,000 languages, many
challenges not addressed in this work will become relevant, such as severe data quality
issues, the absence of standardized writing systems, and the difficulty of converting
non-digital resources into a machine-readable format. Bridging the gap between the
model-centric approaches presented in this work and these practical data constraints

remains an essential open problem.

8.3 Outlook

Multimodality

The idea of cross-lingual alignment central to this work could be extended to the mul-
timodal domain by treating each modality as a distinct language. While there has been
a substantial amount of work on aligning common modalities, such as speech-to-text
(Ye et al., 2022; Wang et al., 2022; Ouyang et al., 2023; Duquenne et al., 2023b; Ziifle and
Niehues, 2025) and image-to-text (Radford et al., 2021; Girdhar et al., 2023), alignment
techniques such as explored here could be applied to more specialized modalities like
time series or graph-structured data. A challenge in multimodal learning is the absence
of multiway parallel data across all modalities. This mirrors the zero-shot problem in
translation. By using one or more high-resource anchor modalities, e.g., text, to bridge
those that are never seen together, it may be possible to establish meaningful alignments
and facilitate knowledge transfer between them.
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More Fine-Grained Cross-Lingual Signals

Several key approaches in this work operate on sentence-level representations, where
individual tokens are aggregated into single vectors for analyses or cross-lingual alignment.
This method is limited by the inherent difficulty of encoding the complete meaning of
a sentence into a single fixed-size vector, as Ray Mooney famously pointed out in his
critique that one “can’t cram the meaning of a whole [...] sentence into a single [...]
vector”!. Recent works on sentence embeddings (Li et al., 2023b; Janeiro et al., 2025) have
demonstrated improvements by complementing sentence-level objectives with more fine-
grained token-level training signals. A promising avenue for future research, therefore, is
to explore these finer-grained objectives within the cross-lingual alignment for transfer.
This direction is particularly relevant given the tokenization disparities across languages
(Rust et al., 2021). For low-resource languages, where tokenization is often suboptimal,
token-level alignment may capture semantic relationships that sentence-level aggregation

might otherwise miss.

Multilingual Consistency in LLMs

The strategies for achieving language invariance, developed within this thesis for machine
translation, can be extended to other multilingual applications where consistent model
behavior is critical. In instruction-following systems, encouraging language-invariant
representations could help a model execute commands in a consistent way regardless of the
input language. This consistency is particularly crucial in safety-related scenarios, where
harmful behaviors might circumvent safeguards when presented in different languages
(Deng et al., 2024), or private information intended for removal in one language may
remain (Choi et al., 2024).

Languages Fully Unseen in Pre-Training

In the chapters based on pre-trained models, we have concentrated on languages for
which the underlying pre-trained models possess at least some existing knowledge, with
the goal of strengthening or recovering multilingual capabilities for specific tasks. An
important avenue for future work is the extension of these methods to languages entirely
absent from the models’ pre-training data. In these scenarios, the primary challenge shifts
from the bidirectional alignment explored in this work to a unidirectional one, which
embeds the new language’s representations into the established representational space.
Potential approaches include mapping the new vocabulary at a token level to the existing
representational space, as demonstrated in the proof of concept by Mullov et al. (2024) on
higher-resource languages.

"https://www.cs.utexas.edu/~mooney/cramming.html
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Appendix A

Supplementary Information for Chapter 3

A.1 Tokenization

For the languages with Latin script, we first apply the Moses tokenizer and truecaser, and
then learn byte pair encoding (BPE) using the subword-nmt toolkit (Sennrich et al., 2016b).
For the Indic languages, we use the IndicNLP toolkit' and SentencePiece (Kudo and
Richardson, 2018) for tokenization and BPE respectively. We choose 40K merge operations
and only use tokens with minimum frequency of 50 in the training set.

A.2 Training Details

Our implementation is based on the NMTGMinor toolkit?>. For all models, we use 8
attention heads, embedding size of 512, inner size of 2048, dropout rate of 0.2, label
smoothing rate of 0.1. We follow the learning rate schedule from Vaswani et al. (2017) with
8,000 warmup steps. The model uses a single shared word embedding matrix for both the
input and output. The decoder’s final output layer is tied to this same embedding matrix.

We train for 64 epochs and average the weights of the 5 best checkpoints ordered by
development loss. By default, we only include the supervised translation directions in the
development set. The only exception is the Europarl-full case, where we also include the
zero-shot directions in development set for early stopping.

When analyzing model hidden representations through classification performance
(83.6.1 and 3.6.2), we freeze the trained encoder-decoder weights and train the classifier
for 5 epochs. The classifier is a linear projection from the encoder hidden dimension to the
number of classes, followed by softmax activation. As the classification task is lightweight
and convergence is fast, we reduce the warmup steps to 400 while keeping the learning
rate schedule unchanged.

A.3 Evaluation Details

For evaluation, we use the sacreBLEU toolkit (Post, 2018). The default evaluation signature

is BLEU+case.mixed+numrefs.l+smooth.exp+tok.13a+version.1.4.12. On

1https ://github.com/ancopkunchukuttan/indic_nlp_library
Mttps://github.com/quanpn90/NMTGMinor
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the PMIndia dataset, following Goyal et al. (2022), we use the subword-based tokenizer
tok.flores101 instead of tok.13a for better tokenization of the Indic languages.

For unseen translation directions (X — Y), we compare against a pivot-based approach
that uses English as an intermediary (X — English — Y). The pivot translations are
generated by our baseline multilingual model.

To simulate the case of later adding a new language, we learn a new BPE model for
the new language and keep the previous model unchanged. Due to the increased number
of unique tokens, the vocabulary of the previously-trained model is expanded. In this
case, for the model weights related to the word lookup table size, we initialize them as the
average of existing embeddings perturbed by random noise.

A.4 Translation Scores per Direction

Multiway IWSLT 2017

Direction  Pivot (X—en—Y) Baseline +vardrop Residual +vardrop Residual+Query +vardrop

en-it - 30.4 30.1 29.8 29.8 30.0 29.7
= en-nl - 27.9 27.7 27.4 27.6 27.4 26.9
.g en-ro - 23.2 22.9 22.9 22.4 23.3 222
E it-en - 35.8 35.7 35.5 35.0 35.2 33.8
(;%" nl-en - 31.0 31.0 30.4 30.5 30.5 29.9
ro-en - 30.6 30.4 30.1 29.4 29.8 29.3
Average 29.8 29.6 29.4 29.1 29.4 28.6
it-nl 19.8 115 15.0 18.5 18.6 18.7 18.0
it-ro 18.3 11.8 15.8 17.8 17.7 18.2 17.3
'::5 nl-it 20.1 10.0 15.2 17.9 18.1 17.9 18.0
g nl-ro 16.4 9.2 14.1 15.5 15.5 15.6 15.5
[E’ ro-it 21.1 12.2 15.8 19.6 19.8 19.5 19.6
ro-nl 18.5 10.3 13.4 16.8 16.6 16.7 16.5
Average 19.1 10.8 14.9 17.7 17.7 17.8 17.5
Europarl
Disjoint Data
Direction Pivot (X—+en—Y) Baseline +vardrop Residual +vardrop Residual+Query +vardrop
da-en - 38.3 38.5 38.1 38.2 37.7 37.3
de-en - 36.1 36.0 359 35.5 35.2 34.9
es-en - 43.0 43.2 43.0 429 42.5 421
fi-en - 32.6 32.8 32.4 31.9 31.9 31.0
fr-en - 39.4 39.5 39.1 39.0 38.8 37.5
it-en - 37.3 36.9 36.7 36.4 36.4 35.2
. nl-en - 34.4 34.2 34.0 33.8 33.3 32.9
ﬁ pt-en - 41.1 41.0 40.7 40.6 40.2 39.5
E en-da - 36.5 36.7 36.2 36.1 35.8 35.7
g ende - 28.1 28.0 27.7 27.5 27.5 26.7
@ en-es - 42.5 42.6 422 422 41.7 41.6
en-fi - 22.5 22.2 22.2 21.6 21.3 20.8
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Direction  Pivot (X—+en—Y) Baseline +vardrop Residual +vardrop Residual+Query +vardrop

en-fr - 37.7 38.0 37.8 375 374 37.0
en-it - 32.7 327 324 322 32.0 31.8
en-nl - 29.7 299 29.6 29.4 29.5 29.1
en-pt - 38.3 38.4 38.0 38.0 37.9 37.6
Average 35.6 35.7 35.4 35.2 34.9 344
da-de 24.2 5.2 219 25.0 245 23.9 23.7
da-es 33.1 15.8 324 32.8 325 323 31.6
da-fi 18.1 5.0 16.6 18.1 17.1 17.2 16.6
da-fr 30.6 9.9 28.1 294 29.3 28.9 28.4
da-it 26.1 115 24.3 24.8 25.0 24.8 24.3
da-nl 26.3 6.5 243 25.8 26.0 25.5 25.5
da-pt 29.9 14.4 28.6 293 29.1 28.8 28.4
de-da 29.2 9.5 26.9 29.2 29.1 27.5 28.3
de-es 32.1 11.6 312 321 31.6 31.0 30.9
de-fi 17.9 42 16.7 17.5 16.7 16.3 16.1
de-fr 29.9 7.3 27.8 28.9 29.2 28.4 28.6
de-it 25.6 8.8 234 24.6 245 23.7 23.6
de-nl 25.9 5.5 23.7 26.1 26.1 252 25.4
de-pt 29.2 10.8 28.0 28.9 28.4 28.2 27.9
es-da 31.4 10.2 28.1 31.0 30.5 29.5 29.6
es-de 24.8 4.3 214 24.3 23.8 23.4 23.1
es-fi 19.4 45 17.3 18.6 17.5 17.7 17.0
es-fr 34.8 9.1 33.4 34.8 349 342 34.1
es-it 29.6 9.8 28.7 29.7 29.6 29.1 28.9
es-nl 26.8 5.9 24.3 26.5 26.1 25.3 25.5
es-pt 35.1 13.6 35.3 35.9 36.0 35.5 35.5
fi-da 26.3 9.8 23.6 254 24.9 24.1 24.3
fi-de 20.8 4.0 17.8 20.2 19.4 18.8 18.9
fi-es 29.2 11.9 27.8 28.4 27.6 27.3 26.6
fi-fr 27.2 7.6 24.3 254 25.4 24.7 24.3
fi-it 23.2 8.4 20.9 21.8 21.4 20.9 20.1
fi-nl 22.8 5.3 20.2 22.0 21.6 20.7 20.9
E fi-pt 26.5 10.8 25.0 25.3 24.8 24.0 23.9
& frda 29.4 8.6 25.6 28.6 283 26.8 26.4
E fr-de 23.6 3.4 19.3 23.1 22.7 21.6 21.3
fr-es 35.9 11.8 35.5 36.4 36.2 35.1 34.7
fr-fi 17.9 3.9 15.7 17.2 16.0 15.8 15.2
fr-it 28.4 8.0 27.3 28.7 283 27.7 26.8
fr-nl 26.3 5.0 22.8 25.9 25.4 249 24.7
fr-pt 32.8 11.5 31.8 33.3 33.1 32.6 319
it-da 27.6 8.3 24.3 26.8 26.7 25.2 25.4
it-de 22.3 3.5 18.1 21.3 21.1 20.2 20.0
it-es 33.7 10.9 33.9 344 344 335 33.0
it-fi 17.0 34 13.4 15.9 13.8 14.6 13.0
it-fr 31.4 6.9 30.2 31.6 314 30.8 30.7
it-nl 24.9 5.0 21.6 24.0 23.7 23.4 23.3
it-pt 30.8 10.6 30.4 313 311 30.9 30.7
nl-da 27.7 10.1 25.5 27.7 27.8 26.6 27.0
nl-de 23.2 4.4 20.0 235 234 22.5 22.7
nl-es 30.7 12.6 30.0 30.8 30.6 30.1 29.8
nl-fi 16.5 47 155 16.0 15.8 15.6 15.4
nl-fr 28.8 8.3 27.1 28.1 28.3 27.6 27.8
nl-it 24.5 9.2 22.5 23.9 23.8 23.1 23.3
nl-pt 28.2 12.2 27.0 275 27.3 27.2 27.1
pt-da 30.5 9.5 27.1 295 29.2 28.0 28.4
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Direction  Pivot (X—+en—Y) Baseline +vardrop Residual +vardrop Residual+Query +vardrop

pt-de 243 35 20.6 23.6 23.2 24 225
pt-es 37.7 143 37.7 38.3 38.2 37.5 37.4
pt-fi 184 4.1 16.8 17.9 17.1 172 16.6
pt-fr 34.1 7.7 32.6 33.9 341 334 333
pt-it 29.3 8.7 27.9 29.2 29.0 28.7 28.3
ptnl 26.4 54 23.7 25.7 25.6 24.8 25.2
Average 27.1 8.2 25.1 26.7 26.4 25.8 25.6
Multiway Data

Direction  Pivot (X—en—Y) Baseline Residual Residual+Query

da-en - 36.3 36.1 35.0
de-en - 33.6 334 323
es-en - 40.5 40.1 39.1
fi-en - 30.3 30.1 29.2
fr-en - 37.0 36.8 352
it-en - 34.7 34.4 334
o nken - 323 322 312
& pten - 383 379 373
& enda - 35.7 35.7 348
m% en-de - 28.0 27.1 26.5
en-es - 42.0 414 41.2
en-fi - 21.3 20.8 205
en-fr - 37.5 372 36.7
en-it - 322 31.8 314
en-nl - 29.3 29.2 28.7
en-pt - 37.9 37.6 37.2
Average 34.2 33.9 33.1
da-de 233 10.0 239 2238
da-es 31.6 11.8 322 314
da-fi 17.3 6.2 17.0 16.4
da-fr 29.5 14.4 29.0 27.8
da-it 25.1 14.3 24.8 242
da-nl 25.2 11.2 254 24.1
da-pt 28.6 12.9 289 283
de-da 27.5 14.8 28.4 269
de-es 30.5 10.1 314 30.7
de-fi 16.2 5.2 16.2 15.1
de-fr 28.7 11.6 285 272
S dedit 243 12.4 24.1 231
g denl 24.6 9.8 25.4 24.2
& dept 27.7 105 283 27.0
es-da 30.3 16.4 30.0 289
es-de 23.8 94 24.0 22.3
es-fi 18.4 6.3 17.8 16.9
es-fr 33.3 15.6 34.0 32.8
es-it 28.4 17.3 29.4 28.5
esnl 25.9 10.7 26.2 24.7
es-pt 33.2 16.1 35.4 34.6
fi-da 24.9 13.4 24.6 24.0
fi-de 19.6 7.9 19.4 18.3
fi-es 27.8 10.3 27.7 27.2
fi-fr 26.0 115 25.2 23.9
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Direction  Pivot (X—+en—Y) Baseline Residual Residual+Query

fi-it 21.8 11.8 21.2 20.5

fi-nl 21.9 9.0 21.4 20.4

fi-pt 25.1 11.0 24.8 24.0

fr-da 28.3 14.2 27.5 26.1

fr-de 22.6 8.3 22.1 20.5

fr-es 33.9 12.1 35.6 34.4

fr-fi 17.0 5.3 16.4 153

fr-it 26.9 153 28.1 26.9

fr-nl 25.1 9.6 25.0 239

fr-pt 31.0 12.8 32.5 31.3

it-da 26.7 13.8 26.3 252

it-de 21.5 7.7 21.0 19.4

it-es 32.2 11.7 33.9 33.4

~  itfi 15.9 4.7 15.0 14.8

g it-fr 29.9 12.2 31.2 29.8

3 itnl 24.1 9.2 236 24

< it-pt 29.5 12.2 30.7 29.8

2 nlda 26.4 154 27.1 26.1

N nlde 22,0 9.3 228 21.6

nl-es 29.3 10.8 30.2 29.3

nl-fi 15.8 5.6 15.5 14.7

nl-fr 27.7 12.5 27.7 26.7

nl-it 23.3 13.4 23.6 22.6

nl-pt 26.7 12.1 27.1 26.2

pt-da 29.3 14.3 28.8 27.7

pt-de 23.4 8.3 23.0 21.6

pt-es 35.8 14.2 38.0 37.0

pt-fi 17.6 5.3 17.0 16.3

pt-fr 32.6 13.8 33.4 32.1

pt-it 279 16.0 28.6 28.1

pt-nl 25.5 9.3 254 243

Average 25.9 11.3 26.1 25.1

PMlIndia

Direction  Pivot (X—+en—Y) Baseline +vardrop Residual +vardrop Residual+Query
te-en - 31.2 30.2 30.7 30.2 29.7
kn-en - 314 31.1 31.3 31.1 30.3
ml-en - 28.9 27.9 28.2 27.9 279
bn-en - 25.6 254 25.0 25.4 25.0
gu-en - 35.3 34.7 34.7 34.7 33.5
hi-en - 37.8 37.1 37.0 37.1 35.8
mr-en - 29.0 28.7 28.8 28.7 28.1
= or-en - 29.0 28.9 28.9 28.9 28.3
ﬁ pa-en - 35.9 35.2 35.1 35.2 34.5
Z  ente - 16.3 16.7 16.1 16.1 15.7
(%‘ en-kn - 334 334 32.6 32.6 32.2
en-ml - 204 20.8 20.3 20.3 20.1
en-bn - 22.6 225 219 219 21.8
en-gu - 39.3 39.6 38.9 38.9 38.0
en-hi - 325 32.6 31.5 31.5 30.8
en-mr - 25.7 25.7 254 25.4 24.8
en-or - 33.7 33.7 33.0 33.0 32.6
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Direction = Pivot (X—en—Y) Baseline +vardrop Residual +vardrop Residual4-Query

en-pa - 38.8 38.9 38.0 38.0 37.1
Average 30.4 30.2 29.9 29.8 29.2
te-kn 24.9 0.6 3.2 2.5 16.3 1.3
te-ml 15.8 1.0 3.8 3.2 10.8 1.5
te-bn 18.0 0.7 2.7 2.0 12.4 2.0
te-gu 28.9 12 2.4 2.3 19.3 0.9
te-hi 21.6 0.4 0.5 1.0 12.8 1.9
te-mr 19.5 1.2 3.8 2.6 12.6 1.7
te-or 254 0.7 2.3 2.6 17.2 1.1
te-pa 28.2 0.5 2.1 25 17.9 0.6
kn-te 12.8 0.6 2.0 2.0 8.4 0.7
kn-ml 16.0 0.9 3.6 3.1 10.9 1.8
kn-bn 17.9 0.9 2.6 2.3 12.1 2.2
kn-gu 29.3 1.1 2.6 24 19.9 0.8
kn-hi 222 0.4 0.5 1.0 12.9 0.4
kn-mr 19.7 1.2 3.6 29 12.8 1.7
kn-or 25.9 0.6 2.4 2.6 17.4 14
kn-pa 29.0 0.5 22 2.7 18.4 0.7
ml-te 11.9 0.6 2.3 1.9 8.2 0.7
ml-kn 24.0 0.5 3.3 2.8 16.0 1.2
ml-bn 17.5 0.9 2.8 23 12.0 2.0
ml-gu 27.3 1.1 2.4 2.3 17.9 0.9
ml-hi 20.5 0.4 0.5 1.1 119 0.4
ml-mr 18.9 1.3 3.9 3.0 12.1 1.8
ml-or 24.8 0.6 2.3 2.5 16.3 1.3
ml-pa 27.0 0.5 2.0 24 16.7 0.6
bn-te 10.7 0.5 2.4 1.9 7.4 0.7
bn-kn 21.6 0.7 29 2.8 14.2 1.3
bn-ml 14.0 1.0 3.9 3.2 9.3 1.7
bn-gu 25.3 1.1 2.7 21 17.8 1.0
bn-hi 18.9 0.5 0.7 1.1 11.9 0.5
bn-mr 17.4 1.6 42 3.0 11.7 1.8
bn-or 23.8 0.9 3.0 3.1 16.7 1.3
bn-pa 25.1 0.6 2.5 2.5 16.9 0.6
gu-te 13.2 0.4 1.6 1.6 8.4 0.5
gu-kn 26.6 0.5 2.3 2.7 16.6 1.2
gu-ml 16.9 0.7 3.0 2.6 10.7 1.5
E gu-bn 19.2 0.7 1.8 1.9 125 1.8
3 gu-hi 25.6 0.4 0.5 1.3 15.7 0.4
E gu-mr 21.4 1.4 32 2.8 14.5 1.7
gu-or 28.1 0.6 2.0 29 18.1 1.3
gu-pa 32.0 0.5 2.3 29 20.6 0.7
hi-te 14.0 0.4 1.1 14 8.5 0.5
hi-kn 28.0 0.5 1.3 1.9 15.6 1.0
hi-ml 17.7 0.6 1.9 2.2 10.4 1.1
hi-bn 20.0 0.5 1.2 14 12.9 1.2
hi-gu 349 1.0 1.6 1.9 21.1 0.8
hi-mr 22.6 1.0 2.6 24 14.5 1.6
hi-or 30.6 0.5 1.4 2.0 18.1 1.0
hi-pa 35.3 0.4 15 2.3 21.7 0.6
mr-te 11.9 0.5 19 1.8 8.0 0.7
mr-kn 24.1 0.6 2.8 25 15.7 14
mr-ml 15.6 0.9 3.5 29 10.4 1.5
mr-bn 17.4 0.9 2.4 2.2 12.1 2.1
mr-gu 28.5 1.1 2.5 2.2 195 0.9
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Direction ~ Pivot (X—+en—Y) Baseline +4vardrop Residual +vardrop Residual+Query

mr-hi 21.6 0.5 0.7 14 13.4 0.6
mr-or 25.3 0.7 2.2 2.6 17.0 14
mr-pa 27.6 0.6 2.2 2.8 17.0 0.7
or-te 11.4 0.6 2.0 1.8 8.0 0.6
or-kn 23.1 0.7 2.9 3.0 15.5 15
or-ml 14.9 0.9 35 3.2 10.3 1.6
or-bn 17.5 0.9 3.0 2.6 12.7 2.3
or-gu 28.2 13 3.0 2.7 19.6 1.0
or-hi 21.7 0.4 0.8 15 13.9 0.5
or-mr 18.7 15 42 3.1 12.3 17
or-pa 27.7 0.6 2.7 3.1 18.7 0.7
pa-te 12.8 0.5 1.6 1.8 8.5 0.5
pa-kn 26.4 0.6 23 2.6 16.2 1.1
pa-ml 16.6 0.8 3.2 2.7 10.6 1.5
pa-bn 18.9 0.8 2.0 19 12.6 1.9
pa-gu 324 14 2.6 2.6 22.0 1.0
pa-hi 26.8 0.5 0.6 15 17.2 0.4
pa-mr 21.3 14 3.4 3.0 13.8 17
pa-or 28.0 0.7 22 2.7 18.6 12
Average 22.1 0.8 2.4 2.3 14.3 1.1

A.5 Details on Implementation of Prior Approaches

For similarity regularization, we choose meanpooling and the Euclidean distance, since
they provided better or more consistent performance than maxpooling and the cosine
distance respectively in initial experiments. We use a weight of 0.1 on the similarity
objective following Pham et al. (2019). For the adversarial language classification approach,
we alternate the training between the translation and classification steps with a 1:1 ratio.
The gradient reversal layer uses a factor of -1, therefore only reversing the gradient without
changing their magnitude.
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B.1 Dataset Details

The training parallel data' are compiled by Wenzek et al. (2021) and include the following
datasets: bible-uedin (Christodoulopoulos and Steedman, 2015), (Multi)CCAligned (EI-
Kishky et al., 2020), Gnome, ELRC, KDE4, GlobalVoices, OpenSubtitles, QED (Abdelali
et al., 2014), MultiParaCrawl, TED2020, Tanzil, Tatoeba, Ubuntu, WikiMatrix (Schwenk
et al.,, 2021a), wikimedia, and TICO-19 (Anastasopoulos et al., 2020).

B.2 Training, Inference, and Evaluation Details

Our implementation is based on FAIRSEQ (Ott et al., 2019). When training, one optimization
step happens after 16384 target tokens. The learning rate is 0.0001 with the inverse square
root schedule and 2500 warmup steps. As for regularization parameters, we use label
smoothing of 0.1, dropout of 0.3, and attention dropout 0.1. The models are trained for
500K updates in total. An exception is the MULTI-BRIDGE experiment with more training
data, where we trained for 800K updates in total. For inference, we use a beam size of 5.

The scale on the codebook loss and commitment 10ss (@codebook aNd Ceommitment) are
1.0 and 1.001. We found the model sensitive to increasing ccommitment, Where higher values
lead to index collapse?. After exponentially decreasing it to approach 1.0, we settled at
1.001. For the probability of seeing the continuous encoder context, with a search among
{0.1,0.5, 0.7, 0.9}, we found 0.9 and 0.5 the best parameters for ID-BRIDGE and EN-BRIDGE
respectively.

For BLEU evaluation, we use the sacreBLEU toolkit (Post, 2018) with signature
nrefs:1l|case:mixed|eff:no|tok:floresl0l|smooth:exp|version:2.3.1.

The tokenizer choice “t ok : flores101” follows the official metric of the WMT shared
task (Wenzek et al., 2021) where the datasets are sourced. BLEU using this tokenizer is
also referred to as spBLEU (Goyal et al., 2022).

Mttps://data.statmt.org/wmt21l/multilingual-task/small_task2_filt_v2.tar.gz
?A potential reason is the encoder parameters are updated too aggressively by the commitment loss in
these cases.

127


https://data.statmt.org/wmt21/multilingual-task/small_task2_filt_v2.tar.gz




Appendix C

Supplementary Information for Chapter 5

C.1 Dataset Details

All our task-specific training data are retrieved from HuggingFace!. The translation test
sets are hosted by WMT?. The alignment data are sourced from Tatoeba® with its default
version of v2021-07-22 at the time of writing. We filter out translations that are empty or
include multiple sentences. The ablation English-German alignment data is from IWSLT
2017* (Cettolo et al., 2017).

C.2 List of Languages

The languages involved in our downstream tasks are listed in Table C.1. The 35 languages
in the initial analyses in §5.3 include all languages in slot filling and machine translation.
They additionally include the following languages: am (Ambharic), bn (Bengali), it (Ital-
ian), hu (Hungarian), hy (Armenian), id (Indonesian), kn (Kannada), ka (Georgian), mn
(Mongolian), km (Khmer), ko (Korean), and lv (Latvian).

C.3 Training and Inference Details

Our implementation is based on HuggingFace Transformer (Wolf et al., 2020).

Training Hyperparameters

Fine-tuning is performed using LoRA (Hu et al., 2022) adapters with a rank of 8 for all
attention components and linear projections (query, key, value, output, gate, up, down).
We set LoRA’s o parameter to 16 and dropout to 0.1. The number of trainable parameters
is 20,971,520 on Llama 3, and 20,185,088 on Qwen 2.5. We train at most 5 epochs on
the task data. Training on all our tasks converged before reaching the max number of
epochs. The learning rate is set to 5e-4 with inverse square root schedule and warmup

IMASSIVE: https://huggingface.co/datasets/AmazonScience/massive
ALMA: https://huggingface.co/datasets/haoranxu/ALMA-Human—-Parallel
UNER: https://huggingface.co/datasets/CohereForAI/aya_collection/viewer/
templated_uner_llm
https://github.com/wmt-conference/wmt23-news-systems/tree/master/txt
*https://huggingface.co/datasets/Helsinki-NLP/tatoeba
4https ://huggingface.co/datasets/IWSLT/iws1t2017
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Code FLoRes Code Full Name Slot Filling Machine Translation JSON Generation

af afr_Latn Afrikaans v

az azj_Latn North Azerbaijani v

ar arb_Arab Modern Standard Arabic v

cs ces_Latn Czech v

cy cym_Latn Welsh v

da dan_Latn Danish v
de deu_Latn German v v

el ell Grek Greek v

en eng_Latn English N v v
es  spa_Latn Spanish v

fr fra_Latn French Ve

he  heb_Hebr Hebrew v

hi hin_Deva Hindi v

hr hrv_Latn Croatian v
is isl_Latn Icelandic v v

ja jpn_Jpan Japanese v v

v jav_Latn Javanese v

pt  por_Latn Portuguese v
ru rus_Cyrl Russian v v

sk slk_Latn Slovak v
sr srp_Cyrl Serbian v
Y swe_Latn Swedish v
sw  swh_Latn Swahili v

th tha_Thai Thai v

tl tgl_Latn Tagalog v

tr tur_Latn Turkish v

uk ukr_Cyrl Ukrainian v

ur urd_Arab Urdu v

zh  zho_Hans Chinese (Simplified) v v v

TABLE C.1: List of languages evaluated on different downstream tasks.

up ratio 0.03. We save checkpoints and evaluate every 200 optimization steps, and early

stop if the development loss does not improve for 5 consecutive evaluations. For the

temperature parameter 7 in the contrastive loss, we searched among {0.1, 1.0, 1.5, 2.0}

based on development loss on machine translation. For Llama we use 0.1, for Qwen we

use 1.5.

Prompt Format

Slot Filling The system prompt is shortened from He and Garner (2023).

System: Given a command from the user, a voice assistant will extract entities essential
for carry out the command. Your task is to extract the entities as words from the
command if they fall under a predefined list of entity types.

User: wake me up at five am this week

Assistant: time: five am; date: this week

User (de): wecke mich in dieser woche um fiinf uhr auf

Assistant (de): date: dieser woche; time: finf uhr

SWe stayed consistent to the original prompt text, including the typographical errors.
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For zero-shot slot filling experiments, we need to specify more requirements in the

system prompt with the template also following He and Garner (2023).

Machine Translation

¢ System: Translate the following sentences from English to German.

¢ User: Police arrest 15 after violent protest outside UK refugee hotel.

¢ Assistant: Polizei verhaftet 15 Menschen nach gewalttitigen Protesten vor einer Fliichtling-
sunterkunft in Grofibritannien

JSON Generation

¢ User: Please identify all the named entities mentioned in the input sentence provided
below. Use only the categories: PER - person, ORG - organization, and LOC - location.
Remember, nationalities are neither locations nor organizations, and organizations can
represent other groups of people. Pay attention to the provided example. You should
only output the results in JSON format, following a similar structure to the example
result provided. Example sentence and results: Where in the world is Iguazu? "Results":
[ {"TypeName": "LOC", "Text": "I[guazu", "Start": 22, "End": 28 } | Considering the input
sentence below, what is the output result? Widely considered to be one of the most
spectacular waterfalls in the world, the Iguazu Falls on the border of Argentina and
Brazil, are a certainly must see attraction in the area.

¢ Assistant: "Results™: [ { "TypeName": "LOC", "Text": "Iguazu Falls", "Start": 81, "End":
93 }, { "TypeName": "LOC", "Text": "Argentina", "Start": 111, "End": 120 }, { "TypeName":
"LOC", "Text": "Brazil", "Start": 125, "End": 131 } ]

Inference and Evaluation Details

We use greedy decoding in all experiments for easily reproducible results. For the model
merging experiments, we searched among weights {0.5, 0.7, 0.9} for the task-specific LoRA
modules on the MASSIVE development set and chose 0.9 for our experiments.

For BLEU evaluation, we use the sacreBLEU toolkit (Post, 2018). The evaluation signa-
tures are nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.4.2,

with the dedicated tokenizers ja-mecab and zh for Japanese and Chinese respectively.

Details for Retrieval

To evaluate cross-lingual retrieval performance, we adapt the implementation from
LASER® (Schwenk et al., 2021a) to process representations extracted offline.
C.4 Results for Individual Languages

The detailed results for Table 5.3 and Table 5.4 are presented in Table C.2, Table C.3 (slot
filling) and Table C.4 (machine translation).

*https://github.com/facebookresearch/LASER/tree/main/tasks/xsim
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Supervised Transfer (aligned)
ar en e ru zh|cy ja jv sw il

Llama 3SFT 755 81.7 745 77.6 73.8|44.0 65.8 41.0 42.8 65.0

+ align 751 82.0 749 78.0 749|494 665 482 47.7 65.5
Qwen 2.5SFT 74.7 81.1 740 775 74.1|27.0 67.3 329 235 574
+ align 749 825 748 78.0 75.1|36.5 683 39.6 304 57.8

TABLE C.2: Per-language F; results on slot filling: Supervised and Transfer (aligned).

Transfer (other)
af az de e fr hi is th +tr ur

Llama 3 SFT 66.0 49.0 75.0 69.4 719 70.0 45.0 79.9 60.4 57.1

+ align 66.2 479 747 724 721 69.6 48.0 79.1 62.2 56.1
Qwen 2.5 SFT 58.9 459 74.6 63.3 70.8 60.0 34.4 79.9 59.9 46.5
+ align 63.1 42.5 74.6 63.3 709 61.3 35.8 80.2 58.1 47.2

TABLE C.3: Per-language F; results on slot filling: Transfer (other).

Supervised X—En Supervised En—X  Transfer X—En Transfer En—X
s de is ru zh|cs de is ru zh|he ja uk |he ja wuk
BLEU
Llama 3 SFT 37.8 43.0 28.3 32.0 22.5|25.9 35.5 10.6 25.2 38.9(39.3 17.5 38.7 (14.5 142 17.7
+ align 38.4 43.1 29.1 32.4 23.0|124.7 34.7 10.9 24.4 38.1|39.8 18.8 38.4 |16.0 15.6 19.5
Qwen 2.5 SFT 36.1 40.8 20.5 30.6 23.2|21.5 33.7 6.8 25.3 45.3|34.6 189 35.6 |13.3 17.6 13.0
+ align 36.6 41.4 21.2 30.9 24.0|20.5 32.7 4.8 25.0 45.3|36.3 19.4 36.8 [12.7 17.8 13.5
COMET
Llama 3 SFT 85.2 84.9 81.0 82.4 79.7|84.3 81.8 68.7 83.3 84.2/83.6 79.8 85.1 |75.7 83.5 79.7
+ align 85.5 84.9 81.1 82.4 79.8|83.8 81.6 69.0 83.3 84.0|83.6 80.1 85.2 |77.1 84.2 80.8
Qwen 2.5 SFT 84.8 84.7 74.1 82.6 80.2(80.8 80.6 52.0 83.3 86.1|82.3 81.3 84.5 |70.7 85.5 74.6
+ align 85.1 84.7 74.4 82.6 80.4|79.5 80.1 46.5 83.1 85.8|82.2 81.4 84.6 |70.7 85.7 74.4

TABLE C.4: Per-language BLEU and COMET results on machine translation.
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D.1 Dataset Statistics

OPUS-100 Data for Transformer-Base

The data overview is in Table D.1. For tokenization, we use the SentencePiece (Kudo and
Richardson, 2018) model from NLLB-200 (NLLB Team, 2024). The model is trained to

translate from and into English.

Direction # Sentences # Tokens (en) # Tokens (X)

en-es 1,000,000 15,482,094 16,422,413
en-de 1,000,000 17,952,717 20,142,507
en-fr 1,000,000 21,495,343 26,634,530
en-hi 534,319 8,723,899 10,913,496
en-it 1,000,000 14,435,382 15,524,589
en-ko 1,000,000 11,290,102 9,552,148
en-pt 1,000,000 13,879,742 14,410,909
en-ru 1,000,000 16,638,782 19,630,699

TABLE D.1: Overview of OPUS-100 data we used to train the Transformer-base.

Details on Domain Mismatch Data

For the grammatical gender control experiments with domain mismatch (§7.4.2), the
training domain differs from the test sets in both style and length. An overview is shown
in Table D.2.

During training, an example tuple of (input, output, attribute label) is: ("the actor
finished her work.", "La actriz terminé su trabajo.", 0: feminine) ("the actor finished his
work.", "El actor termin su trabajo.", 1: masculine). The training sentences are all artificial
sentences following this simple subject-verb-object structure. This differs significantly
from the test sets with public speaking texts.

D.2 Training and Inference Details

Our implementation is based on FAIRSEQ (Ott et al., 2019).
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Split Style Avg. # output
words per sent.

Train artificial sentences 5.5

Test (supervised) TED talks 25.4

Test (new target lang.) TED talks 25.2

Test (new source & target lang.) TED talks 26.2

TABLE D.2: Details on domain mismatch training setup.

Inference and Evaluation

For CoCoA-MT (Nadejde et al., 2022), many test inputs contain multiple sentences. When
directly decoding, NLLB-200 (NLLB Team, 2024) suffered from severe under-translation,
where the output translation only contains one sentence. We therefore split the input by
sentence boundaries and decode sentence by sentence. When decoding, we use a beam size
of 4. To evaluate BLEU and COMET scores, we concatenate the hypotheses and references
from different attributes. It is also the case when reporting the multi-source results in
Table 7.7. We use the sacreBLEU toolkit (Post, 2018) for BLEU evaluation. The evaluation
signatureisbs:lOOO |rs:12345|c:mixed|e:no|tok:13als:exp|v:2.3.1.

Details on Fine-Tuning

When finetuning NLLB-200, we use a batch size of 16K target tokens. For bilingual
systems, we train for 30 updates. When training multilingually, we train for 60 updates.
We use a learning rate of 0.0001 with an inverse squared root schedule and 20 warmup
steps. Dropout is set to 0.1.

Details on Classifier Guidance

Attribute Classifier Training The classifier operates on meanpooled decoder hidden
states and consists of two feedforward layers with ReLU activation in between. The first
layer projects from the 1024 Transformer hidden dimension to 256, the second layer from
256 to C, the number of attribute classes. In our experiments, C'is 2 for formality control
(formal, informal) and 3 for gender control (feminine, masculine, neutral)®.

We train the classifier on a frozen NLLB-200 600M model with an effective batch size of
32K target tokens. The learning rate is 0.002 with an inverse square root schedule and 20
warm-up steps. We use the Adam (Kingma and Ba, 2015) optimizer with betas of (0.9, 0.98).
Dropout and label smoothing are set at 0.1. For formality control, we train the monolingual
classifiers for 100 updates and multilingual for 250 updates. For the grammatical gender
control, we train for 25 updates. Due to the small dataset and simplicity of the training
data, training converges fast.

Hyperparameters For the classifier guidance hyperparameters, on the en—de training
data of CoCoA-MT, we searched among step size [0.05, 0.1, 0.5], and number of iterations
[3, 5]. We used 5 iterations and 0.1 step size for formality control, and 5 iterations and 0.05

1As our test set only covers two genders, we only report scores on two genders.
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step size for grammatical gender control. We do not use KL regularization and postnorm
fusion as in Dathathri et al. (2020), since they degraded performance in initial experiments.
Decoding Speed Decoding with our approach is slow due to the repeated gradient
updates. For instance on formality control, decoding on the test sets of 600 sentences takes
around 30 minutes.

D.3 Details on Human Evaluation

We randomly sampled 16 source English sentences containing second person pronouns
from the CoCoA-MT test set, and collected 5 translations for each: from baseline NLLB-200,
as well as from CG (multi) and FT (multi) for both formalities?. A native speaker rated
the 80 hypotheses.

During the evaluation, we learned that there are three levels of formality in Bengali,
where: 1) the lowest formality level is only used between very close relations; 2) the
next higher level is used between families or acquaintances; 3) the highest level is used
between unfamiliar persons or those between higher social distances. We therefore asked
the annotator to match each formality category to one integer point. That is, 1, 2, and 3
correspond to very informal, informal, and formal respectively. We also learned that the
lowest formality level is only used between very close relations and therefore rare.

While scoring, the annotator was presented with the English source sentences and
their Bengali translations together in random order, and asked to score translation quality
on a 5-point scale (1 being the worst) and formality scores on a 3-point scale (1 being the
least formal).

D.4 Comparison to Prior Works on Different Data Conditions

We compare our results to prior works that used more relaxed data conditions than ours
for the zero-shot tasks. In Table D.3, the first four systems are submissions to the uncon-
strained zero-shot track of the IWSLT 2023 formality control shared task (Agarwal et al.,
2023). We compare to submissions in the unconstrained track, as our models would fall
under this track due to the use of pre-trained models. The scores of other systems are from
Table 48 of Agarwal et al. (2023). We grayed out our COMET scores, as it is unknown
whether the organizers used the same underlying COMET model for evaluating these
systems. Overall, our model’s performance is comparable to the leading systems.

2Due to resource constraints, we could not include the combination of finetuning and classifier guidance
in the evaluation.
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Formality BLEU COMET M-Acc
en—pt
Ours formal 40.3 85.3 100
informal 43.9 86.0 83
Wu et al. (2023) formal 454 77 .4 100
informal 49.1 78.5 100
Bahar et al. (2023) formal 34.6 60.9 99
informal 424 67.9 64
Lee et al. (2023) formal 31.0 52.5 100
informal 19.9 24.9 68
Vakharia et al. (2023)  formal 26.6 40.5 90
informal 28.4 425 58
en—ru
Ours formal 33.2 84.4 100
informal 33.0 84.4 93
Bahar et al. (2023) formal 354 61.7 99
informal 33.0 60.3 98
Wu et al. (2023) formal 33.7 58.0 100
informal 324 55.6 100
Lee et al. (2023) formal 25.8 44.5 100
informal 26.3 41.8 100
Vakharia et al. (2023)  formal 18.4 -17.1 99
informal 14.9 -27.7 52
Vincent et al. (2023)  formal unknown unknown 100
informal unknown unknown 99

TABLE D.3: Comparison to prior works with different data conditions.
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