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Abstract

Multilingual modelling can improve machine translation for low-
resource languages, partly through shared subword representations.
This paper studies the role of subword segmentation in cross-lingual
transfer. We systematically compare the efficacy of several subword
methods in promoting synergy and preventing interference across dif-
ferent linguistic typologies. Our findings show that subword regular-
isation boosts synergy in multilingual modelling, whereas BPE more
effectively facilitates transfer during cross-lingual fine-tuning. Notably,
our results suggest that differences in orthographic wo

1 Introduction

This paper examines: A Systematic Analysis of Subwords and Cross-Lingual
Transfer in Multilingual Translation. Research question: How does morphology-
aware subword segmentation impact zero-shot cross-lingual transfer accuracy
on the XQuAD benchmark for low-resource languages?.

2 Methodology

Systematic literature search across multiple databases yielded 16 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.7/10.

3 Results

16 papers retrieved. 22 claims extracted; 17 independently verified. Quality
review score: 7.7/10.



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce
errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.






5 Extracted Claims

Claim Verified Confidence
ULM consistently achieves greater synergy than v 0.17
other subword methods.

ULM results in better absolute performance in X 0.13

all translation directions.

ULM comes at the cost of minimal interference v 0.16
for the higher resourced languages.

ULM even shows some synergy for X 0.13
en$\rightarrow$ts.

The subword regularisation of ULM ensures that v 0.21

models are more robust to the varied subwords
of multilingual modelling.

BPE subwords exhibit the greatest cross-lingual v 0.19
transferability.

The subword regularisation of ULM proves a v 0.20
barrier to cross-lingual finetuning.

ULM is a probabilistic segmenter that is sampled X 0.11
during training.

The consistent deterministic segmentation of v 0.22

BPE allows the finetuned model to adapt to a
new translation direction effe

IsiXhosa modelling proves to be most beneficial v 0.19
for Siswati performance.

Afrikaans achieves less transfer, presumably be- X 0.12
cause it is not related.

The weakest synergy is between Siswati and v 0.15

Setswana, even though both are agglutinative
Bantu languages.

Diverging word boundary conventions can im- v 0.24
pede cross-lingual transfer more than linguistic

unrelatedness.

Data-driven multilingual models that learn from v 0.27

text might miss underlying similarities between

languages that are obscu

Linguistic relatedness does play a role — isiX- v 0.28
hosa counsistently improves Siswati more than

Setswana and Afrikaans.

Subword regularisation boosts synergy in multi- v 0.29
lingual modelling.

BPE more effectively facilitates transfer during v 0.31
cross-lingual fine-tuning.

Differences in orthographic word boundary con- v 0.35
ventions may impede cross-lingual transfer more

significantly than linguist 4

Decisions around subword modelling can be key v 0.34
to optimising the benefits of multilingual mod-

elling.

Siswati is a low-resource agglutinative language. v 0.17
Effective subword modelling is critical for deal- v 0.24

ing with the inevitably high proportion of out-
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