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Motivation

« Vocabulary Adaptation advantages: Introduction of new languages, Improving
downstream performance in target lang, Mitigating over-fragmentation [1]

« Existing Works: Heuristics based initialization, Dependency on external
embeddings, Language-specific approaches or restrictions

« Understudied Impact of Vocabulary Adaptation Across Diverse Linguistic and
Task Settings: few languages, few on MT task

|
\Y[oId2\DA|: Multilingual Vocabulary Adaptation with Adapters

Adapter modules to learn the best combination of the original embeddings without
relying on heuristics, external resources. Adaptability & flexibility with learned approach.
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Evaluation .

Experimental Details: Downstream Fine-tuning (full-weight update fine-tuning)
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Ve e £ To understand the impact of vocabulary adaptation after task-specific fine-tuning, we
1 =gish = At ¢ 4 4 - NON-ENg roUp & =Ne follow the full ALMA [6] training on all model parameters for the cross-lingual generation
2 ( Swahili SW Latin v/ v v ) Basemodel: Mistral-7B [2] , , 5 P . . sUale
Latin 3 | ndonesian id Latin v v v task of machine translation after our VocADT on just the embeddings.
group 4 Estonian et Latin Vv v v o
5 \__Haitian Creole __ht Latin_ /' v v/ ) Adapter Training: MT Fine-tuning Results : All vocabulary adaptation approaches are effective compared to
Mixed 6 ( Korean ko Hangul, v ) 0.5Btokens per langs Mistral except for en-sw, and among those, our approach (VocADT) achieves the highest
7 Greek el Greek V v v (2 5B ) i , i
group 3 " Russian = Oynli 7 7 7 2B PEr group average score in both en-xx and xx-en directions.
9 ) Bulgarian ) Cyrillic « A __ , Table: Machine Translation performance after full-weight fine-tuning the vocabulary-adapted model.
10 Ukrainian uk Cyrillic v v Baselines:
111~ Kazakh kk  Cyrillic v/ v ZeTT[3], OFA[4], FOCUSI[5] Direction  Lang (group) | xCOMET-XL — VocADT Mistral ZeTT OFA  FOCUS
L i | Avg 8 pairs (Latin, Mixed) 0.899 0.875 0.899 0.895 0.895
Result of Vocabulary Adaptatlon (only embeddings replaced, no full-weight updates) xRTen Avg 10 pairs (Latin, Mixed, Cyrillic) | 0.902 0.881 _ 0.897  0.897
Overall Task Performance Avg 8 pairs (Latin, Mixed 0.779 0.757 0.778 0.774 0.778
VocADT outperforms the original Mistral model, and either surpasses or performs on par with a en—xx Ve palr,s( m.’ lx,e ) o ' ' ' ' '
: Avg 10 pairs (Latin, Mixed, Cyrillic) | 0.792 0.772 = 0.785  0.786
strong baseline. -
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i = B Mistral OFA-multi # of Models — 3 3 8 3 10
x .64 .b4
Average g == B oo .53 53 i 51
Performance of g 46 45 46 | ' L
multilingual > o7 = Summa ry
MT/Reasoning/QA % L 25 26 22 26
tasks < * We propose [sJd:101], a simple and effective solution for vocabulary adaptation using
. | | | . adapters, that addresses key limitations in prior work such as reliance on external
ez Sl Rgeln: ahitme AwmClangs embedding or language constraints.
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Which Languages Benefit the Most from Vocab Adaptation: * Overall, adapting the vocabulary using VocADT generally leads to better performance
Languages with Latin Scripts or Severe Fragmentation Benefit the Most. compared to the original Mistral model, and either surpasses or performs on par with a
Latin group Mixed group competitive baseline.
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g 60 * We confirm that vocabulary adaptation remains effective even after full-weight fine-tuning,
%“0‘ = 27.9% and VocADT is the most effective approach with a focus on machine translation
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