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Abstract

We present a novel methodology to enhance multilingual large language models (LLMs) by transferring the em-

bedding from pre-trained language models (PLMs) to multilingual contexts. The approach involves identifying

a common vocabulary subset between the PLM and LLM and then transferring the unique PLM vocabulary

embedding into the LLM using linear regression. Comparative experiments against the conventional method in-

dicate that our embedding transfer provides a superior starting point for subsequent model training, as evidenced

by lower initial loss and improved learning speed.
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1. Introduction

The advancement of large language models (LLMs) has

demonstrated exceptional performance in various language

understanding and generation tasks, particularly in multi-

lingual settings, thereby significantly contributing to solving

real-world linguistic problems [1]. However, most models pre-

dominantly focus on high-resource languages such as English,

resulting in smaller vocabularies for languages with lim-

ited resources and inherent performance discrepancies among

languages. This leads to degraded tokenization quality, in-

creased semantic inaccuracies, and elevated computational

costs [2].

To address these issues, various studies have proposed

methods for transferring the embedding of multilingual lan-

guage models to specific languages, involving vocabulary re-

placement and initialization to achieve more efficient lan-

guage transfer [3].

This paper builds upon these studies by applying a novel

methodology that leverages the embedding of pre-trained

language models (PLMs) to transfer them into multilingual

LLMs. This approach optimizes embedding based on seman-

tic similarity in language while reducing the parameter size

of the embedding and preserving the knowledge embedded

in different model layers.
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2. Methods

We aim to transfer embedding from a PLM to a multilin-

gual LLM, with the goal of preserving the original embed-

ding capabilities while aligning well with the parameters of

the source model, thereby ultimately enhancing the general-

ization capability in various languages.

Initially, the common vocabulary subset between the PLM

and multilingual LLM is identified. The common vocabulary

embedding is retained as multilingual LLM’s embedding.

Then, to project the unique vocabulary tokens of the PLM

into the embedding space of the LLM, a linear regression

formula is derived based on the embedding of the common

vocabulary. This regression formula is then used to transfer

all the non-common vocabulary tokens into the space of the

multilingual LLM.

Through these processes, the embedding from the PLM

is transferred into the embedding space of the multilingual

LLM, thus transforming the quality embedding of the PLM

to suit the style of the multilingual LLM. This approach ex-

plores the possibility of significantly expanding the utility

scope of the existing pre-trained and multilingual large lan-

guage models.
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3. Experiments

To validate the efficacy of our proposed methodology, we

focus on the initial embedding step. By analyzing the reduc-

tion in loss after further pre-training following the embedding

transfer, we ascertain whether our approach provides a supe-

rior embedding starting point compared to other methods.

3.1 Experimental Setup

Model We utilize Gemma-2b [4] as the multilingual LLM

and GPT model with an identical structure to it as a PLM.

Baseline For comparison with other embedding transfer

methods, we employ FOCUS [2], demonstrating superior per-

formance among current embedding transfer techniques. FO-

CUS involves re-training a language-specific tokenizer, re-

placing the vocabulary of the source model, and calculat-

ing similarities between the new and existing vocabulary

items. Subsequently, for non-overlapping vocabulary embed-

ding, language-specific embedding is constructed by taking

a weighted mean based on similarity.

Further Pre-training For further pre-training following

embedding transfer, we utilize a randomly extracted subset

of 50 million sentences from the CC100 Korean corpus. We

train the model with a single epoch after embedding transfer.

3.2 Experimental Result

As depicted in Figure 1, initiating additional pre-training

results in a substantially lower initial starting loss compared

to FOCUS. Moreover, as the number of steps increases,

this disparity does not diminish, consistently demonstrat-

ing a lower level of training loss. Given that all weights

except for embedding are identical between the two cases,

the differences in learning speed and training loss can be

solely attributed to the variations in embedding. Therefore,

this suggests that our methodology, which involves train-

ing language-specific PLM, can establish a better embed-

ding starting point than utilizing only the internal weights

of a multilingual LLM, thereby proving its efficacy in multi-

lingual transfer.

4. Conclusion

We propose a simple regression approach to substitute

the embedding of an LLM with those from a language-

specific PLM. The experimental results demonstrate that

Figure 1. Change of loss per step with further pre-training

this method can establish a lower initial training loss com-

pared to conventional techniques, thereby offering a better

starting point for further pretraining. This significantly con-

tributes to the development of specialized models across var-

ious languages based on LLM. Future research will aim to

extend this approach to a wider array of languages and eval-

uate the extent to which knowledge is preserved post-transfer

using an assessment of the LLM’s knowledge base.
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