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1 Goals and Objectives

This thesis (Stap, 2025) addresses a core chal-
lenge in machine translation: building systems
that translate between thousands of languages
when parallel training data is abundant for only
a small fraction of them. Our objective is to ad-
vance cross-lingual knowledge transfer—the abil-
ity of multilingual models to use representations
learned from one language to improve transla-
tion for another—and extend machine transla-
tion to low-resource languages. We study cross-
lingual knowledge transfer from four angles: (1)
measuring and enhancing transfer through repre-
sentational similarities in multilingual neural ma-
chine translation (NMT); (2) leveraging transfer
in retrieval-augmented translation with k-nearest-
neighbor methods; (3) mitigating negative transfer
when fine-tuning large language models (LLMs)
for translation; and (4) characterizing how lan-
guage diversity during fine-tuning affects cross-
lingual generalization.

2 Methodology

Representational analysis (Chapter 3): We de-
fine Representational Transfer Potential (RTP), a
metric that quantifies knowledge transfer between
languages from similarities in their cross-attention
context vectors (Stap et al., 2023). Across a wide
range of language pairs, we establish a predic-
tive relationship between representational similar-
ity and translation quality. A regression analy-
sis identifies dataset characteristics (multi-parallel
overlap, source subword overlap) and linguistic
features (genetic distance) that predict transfer.
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Building on these findings, we design an auxil-
iary training objective that uses multi-parallel data
to increase representational alignment across lan-
guages.

Multilingual k-nearest-neighbor machine
translation (Chapter 4): We extend k-NN-MT to
multilingual settings by introducing cross-lingual
and multilingual datastore architectures (Stap
and Monz, 2023). To improve retrieval across
languages, we align representations with lin-
ear mappings. We then compare bilingual,
cross-lingual, and multilingual datastores across
language pairs and resource conditions, measuring
both translation quality and inference cost.

LLM fine-tuning and capability preservation
(Chapter 5): We analyze how fine-tuning on par-
allel translation data affects the qualitative capabil-
ities of LLMs across model scales (7B to 65B pa-
rameters) and data regimes (Stap et al., 2024). The
capabilities we examine include formality steer-
ing, few-shot domain adaptation, document-level
translation, and non-literal translation of idiomatic
expressions. Based on these findings, we de-
velop a mixed-data fine-tuning strategy that com-
bines parallel translation data with monolingual
text, balancing translation quality against capabil-
ity preservation.

Language diversity in LLM fine-tuning
(Chapter 6): Across 132 controlled translation di-
rections, we vary language diversity during fine-
tuning and measure its effect on both seen and un-
seen language pairs (Stap and Monz, 2025). We
then analyze how representations change across
model layers, examining how middle layers adapt
during fine-tuning and how cross-lingual overlap
grows as more languages are seen.

We evaluate with BLEU and COMET, and vali-
date findings across multiple language families and



resource conditions.

3 Results

Quantifying and enhancing representational
transfer: RTP scores correlate strongly with trans-
lation quality improvements (Spearman’s p = .77,
p < 0.001), indicating that transfer operates at
the representational level. Multi-parallel overlap
emerges as a strong yet under-explored predictor
of transfer. The auxiliary similarity loss improves
low-resource translation while maintaining high-
resource performance.

Multilingual k-NN-MT: Cross-lingual data-
stores built from linguistically similar high-
resource languages consistently outperform bilin-
gual datastores for low-resource translation. Mul-
tilingual datastores benefit both low- and high-
resource languages at once. Language-group-
specific datastores match the performance of full
multilingual datastores while reducing size by up
to 75% and improving inference speed by up to
5.3x%.

Preserving LLM capabilities during fine-
tuning: Fine-tuning on parallel data improves
general translation quality but degrades capabil-
ities such as formality control, few-shot domain
adaptation, and document-level translation. The
degradation appears with as few as 18K fine-tuning
examples and is consistent across model scales.
Mixed-data fine-tuning preserves these capabilities
while achieving higher overall translation quality
than parallel-only fine-tuning, resolving the fine-
tuning paradox.

Effects of language diversity: Scaling lan-
guage diversity during fine-tuning improves trans-
lation quality for both seen and unseen language
pairs, resolving conflicting evidence from prior
work. Models fine-tuned on more diverse language
sets outperform those trained on narrower sets,
even for pairs explicitly included in specialized
training. Our analysis shows that broader language
coverage produces more cross-lingual overlap be-
tween related languages in middle layers, while in-
creasing specialization in language-specific layers.

Taken together, these findings clarify how
cross-lingual knowledge transfer operates and
yield methods for extending machine translation
to under-resourced languages. We release the
IdiomsInCtx-MT evaluation dataset, our code, and
model checkpoints to support reproducibility and
follow-on work. The thesis shows that careful

choices in modeling and data extend multilingual
NLP beyond well-resourced languages.
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