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Large Language Models: Multilingual Capabilities

Pre-training

Large Language Models
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How do the multilingual capabilities of LLMs evolve during
pre-training process?

Pre-training Generation

[ Language 1 } [ Language 2 } [ Language 3 }
Large Language Models ~— \l/—/
ﬁ :,|> Large Language Models

[ Language 1 } [ Language 2 ] [ Language 3 }

multilingual corpora e
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« We use code LLMs as an experimental platform

Generating programming languages
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Code Large Language Models
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« Preliminary experiments: how monolingual LLMs learn anew language



Introduction

PEEAIBESLGE- LB E R ES

Chinese Information Processing Laboratory

« Preliminary experiments: how monolingual LLMs learn anew language
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 Preliminary experiments: how monolingual LLMs learn anew language
N i Pre-training process
PHP Performance !
i Training step
' Internal state of the LLM
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Knowledge Knowledge 1 Knowledge Knowledge Knowledge Knowledge
Systems i Systems Systems
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The Evolution Process of Multilingual LLMs

Pre-training
Python Python PHP
System ||~ System System
Systems in LLM Systems in LLM

multiple languages initially share a single knowledge system dominated by a primary A

language

and then gradually shift to developing multiple language-specific knowledge systems as
Qraining in new languages progresses )
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« Experimental Setup

— Dominate Language: Python
— Main experiment: Learning a new language

* Pre-training the monolingual Python LLM using corpus other languages such as PHP,
C#, Go, or C++

— We analyze the performance of new language in HumangEval.
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The sources of the capabilities of the LLM during pre-training

 Metric: The proportion of correct answers requiring knowledge from the
Python corpus

The questions of new language

The correct answers correctly solved by the LLM

requiring knowledge
from the Python corpus
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The sources of the capabilities of the LLM during pre-training
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Training Step of PHP Training Step of C#

—PHP/C# performance -+ Knowledge transferred from Python

The pre-training process can be divided into three stages
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The sources of the capabilities of the LLM during pre-training

* Translation stage
0.2 0.3

* In theinitial stage of pre-training, the performance of
PHP and C# improved significantly. -

Pass@a'l
—
—

* Concurrently, the proportion of correct answers
necessarily relying on Python knowledge was notably 0.1
high.

: I : 0
* We hypothesize that the LLMs are utilizing their Python 10 100 1000 10000
knowledge to generate solutions for PHP and C# Training Step of PHP
problems.
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The sources of the capabilities of the LLM during pre-training

* Transition stage

0.2 0.3

* Subsequently, the performance gradually declined,

accompanied by a decrease in the proportion of correct _ -

answers necessarily relying on Python knowledge. S o

-=

* This could be because the PHP/C# system gradually 0.1

formed, leading to a gradual transformation from the

Python system to the PHP/C# system during generation. 0 .

10 100 1000 10000

Training Step of PHP
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The sources of the capabilities of the LLM during pre-training

e Stabilization stage
0.2 - 0.3

* Finally, the performance stabilized, there are almost no
correct answers that necessarily require Python
knowledge to solve. S

£

* We hypothesize that the LLM might have reached a
stable internal state dominated by PHP/CH.

10 100 1000 10000
Training Step of PHP
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Babel Tower Hypothesis

During the learning process of large language models (LLMs),

multiple languages initially share a single knowledge system dominated by a primary
language

and then gradually shift to developing multiple language-specific knowledge systems as
training in new languages progresses.
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Validation1: Working Languages

We employ the logit to generate predicted tokens in intermediate layers, which can be
seen as the working languages of the LLMs.

We count the number of generated tokens in each language and calculate the frequency
of for each language.

This frequency is used to estimate the proportion of working language.
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Validation1: Working Languages

To accurately determine the working
language, we use built-in functions or
statements with identical
functionalities but different tokens as
identifiers.

For example, to return the length of an
array, Python uses the “len()” function,
while PHP uses the “count()” function.

count Outputtoken

len
len

Python len

System len

Tokens in

Intermediate
layers

internal state
of the LLM

PHP input

count Output token

count

count

Python PHP len

System System o4

Tokens in

Intermediate
layers

internal state
of the LLM

PHP input
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Validation2: Language transferring Neurons

There are language-specific neurons which will be activated in response to particular
languages, and they are typically distributed across both the bottom and top layers in the

LLM representing the transformation process from input to intermediate layers and from
intermediate layers to output.

The number of language-transferring neurons per language serves as the final metric.

When the primary language system dominates the LLM, a large number of neurons will
be involved in language transfer for other languages.
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Validation Result
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Validation Result

o I Python —§HP -
* Translation stage e 7
= il
* Python serves as the primary working language. Z o Y
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: A~
 The number of language transferring neurons activated .
for the new language is significantly higher . w ’T‘;";img H“p'”““”
 This indicates that the LLM activates extra neurons to - ython ~-FHP
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Validation Result

ey e Python —§HP .
* Transition stage _os M
= =i
 The working language gradually transitions from Python . e
- F
to the new language 2a|
* The proportion of neurons related to new languages w ’T‘:";img Hmp'”““”
decreases accordingly.
080 fython —~ PHP
* This indicates that the Python system gradually shifts to E“"“ N b ~
the new language system during the entire pre-training g Ny
process 5 o
E 1) 1\“...‘
]
1K} ILLIT JRLATICH]

Training Step @



- 1 EEGMBEEIE- | 5%
The Evolution Process of Multilingual Systems R

Validation Result
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0.2 i i 0.3
* The performance peak occurs duringthe --------4--------

translation stage in PHP and C#.

=
b

0.1

uon.aodoa

* This suggests that, for PHP and C#,
leveraging the Python system is more
effective than building their own

systems. 10 100 1000 10000
Training Step of PHP

=
—

How to reach the optimal performance for different languages?
We attempt to adjust the distribution of pre-training data in
different languages to enable different languages to achieve optimal states D
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The impact of pre-training data distribution

 We pre-train the Python monolingual LLM with a mixed corpus of Python
and PHP (with different number of tokens)

.16

—PHP - Python
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The impact of pre-training data distribution

* The pre-training data distribution across different languages determines the
internal state of the LLM at the Stabilization Stage.
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The impact of pre-training data distribution

* Achieving the optimal pre-training data distribution across different
languages is crucial for effective cross-lingual transfer.
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Method to construct per-training corpus

* Target
* determine the relationship between overall performance and the pre-
training data distribution across different languages

* We use the internal states of LLMs as mediators since they are related to
both of them.

* the relationship between internal states and overall performance
* the relationship between internal states and the pre-training data
distribution



.« . . oys = B GBI SIS B - e
Achieving Optimal Multilingual Performance PV RAES & L ALEE

Chinese Information Processing Laboratory

Method to construct per-training corpus

* The relationship between internal states and overall performance

* We use training loss as a metric to measure system proportions

/ — /3 P(£): the estimated proportion of the Python system
'P(f) ~ £ : training loss
a—f3 a: theinitial loss of LLM

fB: the final loss of LLM
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Method to construct per-training corpus

* The relationship between internal states and the pre-training data
distribution
* We use the proportion of a language tokens in the corpus as the
final system proportion

T _
P(n;): the estimated proportion of the system of language i.
Zj 115 1; : the number of tokens of language i

P(ni) =
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Method to construct per-training corpus

» Estimate the corpus size of target language for optimal performance

e Continual pre-training Python monolingual LLM using corpus of
target language and evaluate the saved checkpoints and find the
highest score.

* Find the training loss of the checkpoint with highest score and "
o . L e P(0) ~
estimating the proportion of the Python system using it. a—f3

o

using the estimated proportion of the Python system 257

&

e Estimating the number of tokens in the target language corpus = P (n;) ~ i



FE R IR = - LA IE S

Chinese Information Processing Laboratory

Achieving Optimal Multilingual Performance

Experiment: validate the method

We plot the relationship between performance and the proportion of Python

system
* Blue dot: Python system is estimated using training loss. (predicted result)

* QOrange dot: Python system is estimated using tokens in corpus. (actual result)
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Experiment: validate the method

* Despite potential numerical discrepancies, the trend between the predicted
and actual results remains consistent, emphasizing the effectiveness of our
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Experiment: Pre-training from scratch

 We pre-train multilingual LLMs with 1.3 billion and 6.7 billion parameters from
scratch using a mixture of corpora from five different languages.

Based on the predicted result, we randomly down-sampled the token quantity
for PHP and C# to 5 billion and 10 billion tokens, respectively
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Experiment: Pre-training from scratch

HumanEval MBXP
| Python PHP C# Go C++ AVE | Python PHP C# Go C++ AVE
| B+ Models
StarCoder-1B (Li et al., 2023b) 15.17 13.04 15.19 844 14.63 13.29 | 2980 18.56 23290 5893 26.18 31.35
StarCoder-3B (Li et al., 2023b) 2146  21.12 1646 1429 2439 1954 | 3980 30.13 3927 7478 3591 4398
DeepseekCoder-1.3B (Guo et al., 2024) | 29.88 2360 27.22 20.13 31.10 2639 | 5240 4541 4840 78.35 5511 55.93
Original-1.3B (ours) 2866 2422 2342 2143 2744 2503 | 4120 3341 4338 7924 4539 4981
Optimized-1.3B (ours) 3293 2608 29.75 16.88 2744 26.61 | 4540 46.29 4064 7790 4963 51.97
6B+ Models
StarCoder-7B (Li et al., 2023b) 28.37 2422 2785 1753 2561 2472 | 4620 4236 4566 7T1.88 43.64 4995

StarCoder2-7B (Lozhkov et al., 2024) 3540 3230 3924 2208 3476 3276 | 53.13 5502 5479 8237 55.61 60.18
CodeLlama-7B (Roziere et al., 2024) 3350 2422 3481 2013 2744 2802 | 4980 4389 4840 7232 4863 5261
DeepseekCoder-6.7B (Guo et al., 2024) | 4695 37.89 47.47 31.82 44.51 4173 [ 65.80 66.16 66.67 89.78 67.58 71.20
Original-6.7B (ours) 4695 3851 3924 2662 4024 3831 | 5900 5786 61.19 83.04 60.60 6434
Optimized-6.7B (ours) 48.17 41.61 4494 31.17 4390 4196 | 63.60 59.83 61.42 81.03 6484 66.14

 Compared to the original pre-training corpus, the corpus optimized with our
method exhibits a significant average performance improvement.
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Experiment: Pre-training from scratch

HumanEval MBXP
| Python PHP C# Go C++ AVE | Python PHP C# Go C++ AVE

| B+ Models
StarCoder-1B (Li et al., 2023b) 15.17 13.04 15.19 844 14.63 13.29 | 2980 18.56 23290 5893 26.18 31.35
StarCoder-3B (Li et al., 2023b) 2146  21.12 1646 1429 2439 1954 | 3980 30.13 3927 7478 3591 4398
DeepseekCoder-1.3B (Guo et al., 2024) | 29.88 2360 27.22 20.13 31.10 26.39 | 5240 4541 4840 7835 5511 5593
Original-1.3B (ours) 2866 2422 2342 2143 2744 2503 | 4120 3341 4338 7924 4539 4981
Optimized-1.3B (ours) 3293 2608 29.75 16.88 2744 26.61 | 4540 46.29 4064 7790 4963 51.97

6B+ Models
StarCoder-7B (Li et al., 2023b) 28.37 2422 2785 1753 2561 2472 | 4620 4236 4566 7T1.88 43.64 4995
StarCoder2-7B (Lozhkov et al., 2024) 3540 3230 3924 2208 3476 3276 | 53.13 55.02 5479 82.37 5561 60.18
CodeLlama-7B (Roziere et al., 2024) 3350 2422 3481 20.13 2744 28.02 | 4980 4389 4840 7232 48.63 5261
DeepseekCoder-6.7B (Guo et al., 2024) | 4695 37.89 4747 31.82 4451 4173 | 6580 66.16 66.67 89.78 67.58 71.20
Original.6 7R (ours) 4605 3851 3024 926A2 40724 3831 | 5000 5786 6110 8304  A0A0 A4
Optimized-6.7B (ours) 48.17 4161 4494 3117 4390 4196 | 6360 5983 6142 8103 6484 Eﬁ.?i-l

* Our method remains effective even when applied to an LLM with 6.7 billion
parameters, indicating the universality of our approach.
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* We propose the Babel Tower Hypothesis to explain the evolution process of multilingual
LLM during pre-training: during the learning process of large language models (LLMs),
multiple languages initially share a single knowledge system dominated by a primary
language and then gradually shift to developing multiple language-specific knowledge
systems

* We validate the Babel Tower Hypothesis in code LLMs by employing two methods to
probe and analyze the internal states of LLMs during pre-training.

* We design an effective method to construct a pre-training corpus with optimal distribution
across different languages, providing a guide for the pre-training process.

42
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