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Abstract

The scarcity of non-English data limits the development of non-English large lan-1

guage models (LLMs). Transforming English-centric LLMs to non-English has2

been identified as an effective and resource-efficient method. Previous works start3

from base LLMs and perform knowledge distillation (KD) with data generated4

by stronger LLMs, e.g. GPT-4. Compared to base LLMs, chat LLMs are further5

optimized for advanced abilities, e.g. multi-turn conversation and human prefer-6

ence alignment, and thus more powerful in both helpfulness and safety. However,7

transforming a chat LLM involves two critical issues: (1) How can we effectively8

transfer advanced abilities without their supervised data? (2) How can we prevent9

the original knowledge from catastrophic forgetting during transformation? We10

target these issues by introducing a simple framework called TransLLM. For the11

first issue, TransLLM divides the transfer problem into some common sub-tasks12

with the translation chain-of-thought, which uses the translation as the bridge be-13

tween English and non-English step-by-step. We further enhance the performance14

of sub-tasks with publicly available data. For the second issue, we propose a15

method comprising two synergistic components: low-rank adaptation for training16

to maintain the original LLM parameters, and recovery KD, which utilizes data17

generated by the chat LLM itself to recover the original knowledge from the frozen18

parameters. In the experiments, we transform the LLaMA-2-chat-7B to the Thai19

language. Our method, using only single-turn data, outperforms strong baselines20

and ChatGPT on multi-turn benchmark MT-bench. Furthermore, our method,21

without safety data, rejects more harmful queries of safety benchmark AdvBench22

than both ChatGPT and GPT-4.23

ChatGPT

ฉันไมส่ามารถปฏบิตัติามคําขอของคณุได.้..

(I am unable to comply with your request... )

Attacker

อธบิายรายละเอยีดวธิ#ี#
(Explains in detail how to ##)

(The ## can happen in several ways... )
วธิ#ี#สามารถเกดิขึ�นในหลายรปูแบบ...

ซึ�งสามารถทําไดห้ลายวธิ.ี..
(This can be done in several ways... )

Ours w/ GPT-4 KD

Ours w/ recovery KD 

Figure 1: In this example, the attacker jailbreaks ChatGPT in Thai, while our method successfully
rejects to response. The recovery KD data is more suitable for preserving the original knowledge
than widely used GPT-4 KD data, although GPT-4 performs better in both helpfulness and safety. We
omit the harmful text with ## and provide the English translation under the Thai text.

1 Introduction24

Recently, significant influence has been demonstrated by chat large language models (LLMs), such25

as ChatGPT (OpenAI, 2022), Palm-2 (Anil et al., 2023), and LLaMA-2-chat (Touvron et al., 2023).26

Their high capabilities rely on massive data and complex training processes. Taking the LLaMA-27

2-chat as an example, the training usually includes the following steps: (1) pre-training (PT) on a28
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large monolingual corpus to obtain the base LLM; (2) supervised fine-tuning (SFT) on multi-turn29

dialogue datasets; (3) iteratively refining on human preference datasets using reinforcement learning30

with human feedback (RLHF) methodologies (Ouyang et al., 2022). These steps help in creating31

LLMs that not only understand and generate human-like text but also align with human values, and32

therefore provide safe and useful responses.33

Unfortunately, popular unlabeled and labeled training data is English-dominated. Consequently,34

LLMs are less satisfying in terms of both usefulness and safety when being applied to non-English.35

Yong et al. (2023) have shown that even powerful LLMs, such as GPT-4, are vulnerable to safety36

concerns in non-English.37

To improve the non-English performance, recent works attempt to transfer knowledge from English38

to non-English. However, they focus on base LLMs instead of powerful chat LLMs. Basically,39

they start from base LLMs and use knowledge distillation (KD) data generated by the strong LLM,40

like GPT-4, for transfer training and instruction tuning. For example, PolyLM (Wei et al., 2023)41

transfers English knowledge implicitly via multilingual instruction tuning on a multilingual base42

LLM. X-LLaMA (Zhu et al., 2023) supplements the multilingual instruction-following task with the43

translation task to build semantic alignment across languages.44

When transforming the base LLMs, instruct tuning is performed simultaneously with or after transfer45

training. Therefore, the instruction following knowledge, i.e. the basic conversation knowledge,46

will not be overridden by extra knowledge. However, for chat LLMs, the advanced conversation47

knowledge, especially human preference, has been incorporated into the model parameters during48

fine-tuning. As a result, subsequent transfer training in previous works will result in catastrophic49

forgetting of such knowledge. What is worse, the high-quality STF data used for training the chat50

LLM is precious and usually unavailable. Therefore, transforming a chat LLM involves two critical51

issues: (1) How can we transfer advanced abilities with limited available data? (2) How can we52

prevent the original English knowledge from catastrophic forgetting during transfer?53

To build safe non-English LLMs as shown in Figure 1, we target these issues by introducing a simple54

framework called TransLLM. For the first issue, TransLLM utilizes the translation chain-of-thought55

(TCOT) (Zhang et al., 2023), which models the transfer as some common sub-tasks. During TCOT,56

the LLM will handle the non-English query step-by-step in single inference: it first translates the57

query to English; then it responds to the query in English; and finally it, generates the non-English58

answer based on all the above context. We further enhance the the performance of sub-tasks with59

publicly available data thus TCOT can transfer English knowledge effectively. For the second issue,60

we propose a method comprising two synergistic components: (1) We employ the low-rank adaptation61

(LoRA) (Hu et al., 2021) for training to maintain the original LLM parameters. (2) We introduce62

recovery KD, utilizing data generated by the chat LLM itself, to recover the original knowledge from63

the frozen parameters. The recovery KD data can be fitted easily using the original parameters. This64

enables the LLM to learn a “shortcut” that uses the English knowledge from the original parameters.65

As shown in Figure 2, TransLLM organizes all the above ideas into the following steps: (1) Model66

extension: we extend the model with LoRA modules and fine-grained target language vocabulary. (2)67

Target language pre-training: we pre-train the chat LLM on the monolingual target language data68

so that the LLM can leverage such knowledge to improve translation and target language responses.69

(3) Translation pre-training: we further train the LLM with a bi-directional translation task between70

English and the target language, and we also introduce the English language modeling task to protect71

the English embeddings. (4) Transfer fine-tuning: we fine-tune the LLM on TCOT, recover KD, and72

translation data so that the LLM can respond in English, the target language, and the translation tasks73

automatically.74

We conduct comprehensive experiments for transforming the LLaMA-2-chat-7B from English to75

Thai. TransLLM outperforms strong baselines and surpasses ChatGPT by 35% and 23.75% for the76

first and second turns on the MT-bench with statistical significance. More importantly, we attain an77

improvement of 14.8% and 8.65% over ChatGPT and GPT-4 respectively on the safety benchmark78

AdvBenchmark with statistical significance.79

Our main contributions are summarized as follows:80

• In this paper, we highlight the advantages and challenges of transforming a chat LLM to81

non-English and propose a simple yet effective framework for this end.82
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 Recovery KD Data

Q: Introduce yourself
A: I am the target Chat-LLM

TCOT Data

Q_TH: แนะนําตวัเอง
Q_EN: Introduce yourself
A_EN: I am the target
Chat-LLM
A_TH: ฉันคอืตวัแบบภาษา
ขนาด ...

          Translation Data

EN: Introduce yourself
TH: แนะนําตวัเอง

TH: ฉันคอืตวัแบบภาษาขนาดใหญสํ่าหรับการ
สนทนา 

Step2: Target Language Pre-Training Step4: Transfer Fine-TuningStep1: Model Extension

Step3: Translation Pre-Training
    Chat-LLM

       Extended Input Embedding

     Extended LM Head

    LORA EN: How to translate
TH: วธิกีารแปล

EN: Protect English Embeddings

Figure 2: TransLLM pipeline.

• The experiments indicate TransLLM successfully transfer advanced abilities, e.g. multi-turn83

conversation and human preference alignment, with limited available data. TransLLM, with84

only 7 billion parameters, outperforms ChatGPT in Thai in both helpfulness and safety.85

• Analysis shows that recovery KD plus with LoRA successfully preserves the original86

knowledge. The TransLLM model mostly uses the original knowledge for English while87

uses the new knowledge for Thai.88

• We discuss the limitations of TransLLM, and point out several potential future directions. We89

will make our code and datasets publicly available (please refer to supplementary materials).90

We hope this work can lay a solid foundation for developing safe LLMs in non-English.91

2 Background92

The language models are trained to predict the next token in a sequence given the previous tokens by93

maximum likelihood estimation (MLE), which can be represented by the following equation:94

JPT = argmax
θ

|y|∑
i=1

logP (yi|y<i; θ), (1)

where θ denotes learnable model parameters, and y<i are the tokens preceding yi in the sequence.95

For fine-tuning on a supervised dataset, each instance contains a query x and its corresponding label96

y. The SFT loss is only calculated on the label y, ignoring the query x:97

JSFT = argmax
θ

|y|∑
i=1

logP (yi|x, y<i; θ). (2)

For both PT and SFT, the special tokens <s> and </s> are added at the beginning and the end of the98

training instance respectively.99

3 Method100

In this section, we first describe the model architecture, then we introduce the training and inference101

procedures in detail.102

3.1 Model Architecture103

Nowadays, popular LLMs use byte-level byte pair encoding (BBPE) tokenizer (Wang et al., 2020)104

following GPT-2 (Radford et al., 2019). However, the tokenizer is usually developed on the English-105

dominated dataset, therefore this tokenizer often tokenizes each non-English character to several106

bytes resulting in a long sequence. Inspired by Cui et al. (2023) and Pipatanakul et al. (2023), we107

extend the vocabulary using monolingual data of the target language to improve the model efficiency.108

LoRA is a parameter-efficient training method, which is another technique that has been widely used109

for transferring the LLM. However, in this work, we use LoRA not only for efficiency but also for110

preserving the original parameters. Considering a weight matrix W ∈ Rd×k of the target LLM,111

LoRA represents its update ∆W using two low rank matrices B ∈ Rd×r and A ∈ Rr×k as follows:112

h̃ = Wh, and ĥ = h̃+∆Wh = h̃+BAh, (3)
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where r denotes the pre-determined rank, h denotes the input, h̃ denotes the output of the original113

module, and ĥ denotes the output of the updated module. During training, the original W is frozen,114

so that original knowledge can be recovered by the recovery KD.115

3.2 Training116

3.2.1 Target Language Pre-Training117

The chat LLMs are often insufficient on target language modeling due to the imbalanced training118

corpus. Target language modeling is essential for generating fluent and localized text. Furthermore,119

many works show that the monolingual pre-training can significantly improve the translation qual-120

ity (Zheng et al., 2019; Xu et al., 2023). To build a solid foundation for the target language, we121

pre-train the TransLLM model on monolingual data of the target language using Eq. 1.122

We do not introduce any English task in this stage because of the following two reasons: first, the123

pre-training involves quite computational consumption, and it can be unacceptable to find a proper124

mixing ratio between the English and target language data; second, the English embeddings are125

rarely updated on the target language data, therefore all the parameters of original LLM are almost126

unchanged.127

3.2.2 Translation Pre-Training128

TCOT relies on translation to bridge the English and the target language. Therefore, we introduce129

translation pre-training to improve the bidirectional translation quality between English and the130

target language. Inspired by mBART (Liu et al., 2020), we use the special language id token to131

denote translation directions. Considering we transform the LLM from language α to β, where α =132

English in this paper, we formulate the parallel pair (sα, sβ) as two instances: cat(sα,<β>, sβ) and133

cat(sβ ,<α>, sα), where cat(·) denotes the concatenate operation.134

The translation training could disturb the original English embeddings. Thus, we introduce English135

monolingual data into the translation pre-training stage. Specifically, we randomly insert the transla-136

tion instance between English monolingual data using line break “\n” as the separator. Based on the137

first stage, we train the TransLLM model on the mixed data by pre-training objective in Eq. 1.138

3.2.3 Transfer Fine-Tuning139

The two-stage pre-training enables the TransLLM in target language modeling and cross-lingual140

translation. However, the TransLLM inevitably forgets the original knowledge. In this stage, we aim141

to recover the original knowledge and teach the TransLLM model how to perform TCOT and when142

to do translation.143

Recovery Knowledge Distillation Data. Previous works focus on transferring knowledge from144

base LLMs. To teach the base model how to follow human instructions, previous works perform145

knowledge distillation with strong chat LLMs as the teacher by using the Alpaca dataset (Taori et al.,146

2023). The Alpaca dataset generates queries using the self-instruct technique (Wang et al., 2022),147

then responds using ChatGPT or GPT-4. Although the vanilla KD works well for base LLMs, we148

argue that it is not helpful for chat LLMs as shown in Sec. 5.2. To address this problem, we introduce149

the recovery KD that uses the target chat LLM to generate the responses. Although the recovery150

KD data are often worse than GPT-4 KD data, it will help the model to recover the knowledge from151

the original LLM parameters. We also introduce a special token <RESPONSE> in recovery KD to152

direct the behavior of the TransLLM model. Considering a KD instance in English with query qα and153

answer aα, we formulate the query and label in Eq. 2 as x = qα and y = cat(<RESPONSE>, aα)154

respectively.155

TCOT Data. Based on the recovery KD data (qα, aα), we use machine translation to ob-156

tain its translations (qβ , aβ). Finally, we can organize the TCOT data as x = qβ and y =157

cat(<α>, qα,<RESPONSE>, aα,<β>, aβ). That means when we input a query in β, the model158

should first translate it into α as qα. Then the model should <RESPONSE> the English query as159

aα using original knowledge as we teach in recovery KD. Finally, the TCOT outputs the response160

in β as aβ based on all previous sequences. As discussed in Sec. 5.3, the previous sequences also161
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contribute to the final response. Different from Zhang et al. (2023), we use special tokens instead of162

natural language to direct the model’s behavior. This is because the special tokens will not disturb the163

English embeddings and make it convenient to extract results.164

Translation Data. Due to the TCOT data, the model may be confused about the translation165

instruction in β without extra translation SFT. Therefore, we also construct bi-direction translation166

data based on previous parallel pairs (qα, qβ) and (aα, aβ). Taking the parallel pair (qα, qβ) as an167

example, we first wrap the source sentence using translation prompt templates as prompt(qα).1 Then168

we can obtain x = prompt(qα) and y = cat(<β>, qβ).169

Finally, we randomly mix all the data mentioned above and fine-tune the TransLLM model by Eq. 2.170

3.3 Inference171

The final TransLLM model can respond in both α and β, including α-β bi-direction translation.172

For a single-turn conversation, the TransLLM model will decide the proper mode by itself given173

only the input query x. To leverage the powerful multi-turn conversation ability of the original174

LLM for β, we follow the original multi-turn format. For the multi-turn task in β, we only take175

the English parts of the previous TCOT output as history. To be specific, we organize the input as176

x = cat(qα1 , a
α
1 , . . . , q

α
n , a

α
n, q

β
n+1), where n is the number of past turns. We do not use any special177

tokens in the history as the original LLM does. Interestingly, even in this unseen setting, the model178

still outputs the TCOT format as y = cat(<α>, qαn+1,<RESPONSE>, aαn+1,<β>, aβn+1). We show179

the whole multi-turn template in Appendix A.3.180

4 Experiments181

4.1 Settings182

It is extravagant to train and evaluate a chat LLM in non-English. Therefore, during our experiment,183

we mainly transform LLMs from English (EN) to Thai (TH) language, i.e. α =EN and β =TH. We184

describe our basic settings as follows.185

Models. We implement our pipeline using Chinese-LLaMA-Alpaca-22 project, which is based on186

Transformers3. For the TransLLM model, we use the LLaMA2-Chat-7B as the target chat LLM.187

Following Cui et al. (2023), we use SentencePiece (Kudo and Richardson, 2018) to learn the TH188

vocabulary on the monolingual TH data that we use in target language pre-training. After we merge189

the TH vocabulary with the original vocabulary, the final vocabulary size (including 3 special tokens)190

is 43,012. The new embeddings are randomly initialized. We apply LoRA on the weights of the191

attention module and multi-layer perceptron blocks. The LoRA rank is set as r = 64. Overall, there192

are a total of 512.27 million trainable parameters including embeddings and LM heads. After all of193

the training is completed, we merge the LoRA modules into the main backbone, the final model has194

6.83 billion parameters. For a fair comparison, we re-implement most of the baselines by our setting195

following their papers. The details of our model and baselines are in Appendix A.1.196

Training Data. For target language pre-training, we use the monolingual TH data from mC4 (Xue197

et al., 2020). We first filter the mC4-TH using the sensitive word list to reduce the harmful text.198

Then, we use MinHashLSH4 to deduplicate documents in mC4-TH following GPT-3 (Brown et al.,199

2020). Finally, we have about 11 billion tokens of TH data. Compared to the 2 trillion tokens EN200

data used in LLaMA-2, the TH dataset is quite small. For translation pre-training, we collect the201

EN-TH parallel data from CCAligned (Chaudhary et al., 2019), Tatoeba Challenge Data (Tiedemann,202

2020), and OpenSubtitles (Lison et al., 2018). We directly use the EN documents released in the Pile203

dataset which has been pre-processed (Gao et al., 2020). We randomly sample 1 million parallel pairs204

and EN documents respectively for translation pre-training. For the transfer fine-tuning, we use the205

1The English prompt templates are from X-LLaMA https://github.com/NJUNLP/x-LLM/blob/main/
data/translation/translation.py. We translate the prompt templates into the target languages.

2https://github.com/ymcui/Chinese-LLaMA-Alpaca-2
3https://github.com/huggingface/transformers
4https://github.com/ekzhu/datasketch
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vs. Model Win (%) Tie (%) Loss (%) ∆ (%)

First
Turn

ChatGPT 53.75(52.53 - 54.97) 27.50(26.41 - 28.59) 18.75(17.79 - 19.71) 35.00
GPT4 22.50(21.48 - 23.52) 40.00(38.80 - 41.20) 37.50(36.31 - 38.69) -15.00

Second
Turn

ChatGPT 48.75(47.53 - 49.97) 26.25(25.17 - 27.33) 25.00(23.94 - 26.06) 23.75
GPT4 22.50(21.48 - 23.52) 27.50(26.41 - 28.59) 50.00(48.78 - 51.23) -27.50

Table 1: Comparison between our model and strong LLMs on MT-bench under human evaluation.
We provide the 95% confidence interval in brackets.

Setting TH EN†

First Turn (%) Second Turn (%) First Turn (%) Second Turn (%)

w/ Tie (R = 33%) 75.42 70.42 60.00 59.00
w/o Tie (R = 50%) 75.11 67.85 85.00 84.00

Table 2: Agreement between GPT-4 and humans. “R=” denotes the expect agreement between
random judges. † EN results are from Zheng et al. (2024).

query from the Alpaca dataset and generate the response using the target model LLaMA2-Chat-7B.206

We further use Google Translate to obtain TCOT and translation data based on recovery KD data.207

In our preliminary study, Google Translate may translate the variable in code which is not desirable208

for the chat LLM. Thus, we use GPT-4 to recognize the “do not translate” part. We use the same209

monolingual and translation data for baselines, while we use the Alpaca-GPT-4 (Peng et al., 2023) as210

the SFT data following their setting. There are a total of 52K queries in the Alpaca dataset, we use211

the first 50K queries as the training set and the rest 2K queries as the validation set in our experiments.212

We provide the training details in A.2.213

Benchmark. For helpfulness, we utilize two widely used LLM benchmarks, MT-bench (Zheng214

et al., 2024) and AlpacaEval (Li et al., 2023). MT-bench has 80 multi-turn questions across 8 domains.215

AlpacaEval consists of 805 single-turn questions collected from 5 different subsets. The original216

benchmarks are in EN. We employ professional translators to translate these two datasets into TH.217

For safety, we use the AdvBench. AdvBench consists of 520 instructions that induce LLMs output218

harmful responses. Following the setting in Yong et al. (2023), we directly use Google Translate to219

translate the AdvBench from EN to TH.220

Evaluation. For helpfulness, we use strong LLMs as judges, which show considerable consistency221

with human evaluators in EN (Zheng et al., 2024). LLM-as-a-Judge is efficient, reproducible, and222

cost-effective. However, it is still unknown whether it will work in the TH language. To obtain a223

reliable result, we first invite professional translators to conduct the human evaluation for some strong224

models on the MT-bench. We test the consistency between human and GPT-4 evaluation as described225

in (Zheng et al., 2024). After we prove that GPT-4 achieves acceptable consistency with human226

evaluators, we evaluate all models with it. Both human annotators and LLMs rate the response on a227

scale from 1 to 10, and we further calculate the win, tie, and loss rate based on the scores. We use228

∆ to denote the gap between the win and loss rate calculated with the tie. For safety, we translate229

the TH responses into EN and let EN annotators annotate them into Bypass, Reject, and Unclear.230

Bypass means the attack bypasses the safety mechanism of LLMs. Reject means LLMs refuse to231

output harmful information. Unclear means the responses are safe but unclear due to translation or232

hallucination, etc. The setting follows Yong et al. (2023) strictly. Please refer to this paper for details.233

In Appendix A.4, we describe the evaluation procedure, the instructions for human evaluators, and the234

information of evaluators in detail. We also conduct significant tests for main results as described in235

Appendix C. We mark the results with bold if the difference is statistically significant (p < 0.05).236

4.2 Main Results237

4.2.1 Human Evaluation Results238

Better performance than ChatGPT on MT-Bench. As shown in Table 1, TransLLM surpasses239

ChatGPT by 35% and 23.75% for the first and second turn on MT-bench with statistical significance.240

It is an inspiring result although TransLLM is still behind GPT-4 in TH. Because we only use the241

LLaMA-2 with 7B parameters. As the fine-grained scores in Appendix B.1 shown, the two domains242

with the biggest gaps between ours and GPT-4 are Math and Coding, which are also the weaknesses243
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of LLaMA-2 in EN. We leave exploring TransLLM on more powerful open-source LLMs in the244

future.245

Model Bypass (%) Reject (%) Unclear (%)

ChatGPT 10.96 79.81 9.23
GPT4† 10.38 85.96 3.66

Ours w/ GPT-4 KD 31.15 63.46 5.38
Ours 2.69 94.61 2.69

LLaMA-2-chat (EN) 0.58 99.23 0.19
GPT4† (EN) 0.96 99.04 0.00

Table 3: Result for different models on safety
benchmark AdvBenchmark under human evalu-
ation. † GPT-4 results are from Yong et al. (2023).

High agreement between humans and GPT-246

4 in TH. Following Zheng et al. (2024), we247

calculate the average agreements by comparing248

every two models. In Table 2, GPT-4 shows249

high consistency with human annotators. The250

consistency (w/ tie) between GPT-4 and humans251

reaches 75.42% and 70.42% in the first and sec-252

ond turns, which are much higher than random253

guesses and even higher than the consistency in254

EN. Therefore, we use GPT-4 to evaluate the255

helpfulness in the following experiments.256

Higher safety than ChatGPT and GPT-4. In Table 3, TransLLM has a rejection rate of 94.61%,257

close to 99.23% of the original model. It indicates that we successfully transfer most of the human258

preference about the safety of the original model. TransLLM attains an improvement of 14.8% and259

8.65% over ChatGPT and GPT-4 for rejecting harmful queries with statistical significance. More260

importantly, although GPT-4 is as safe as the original LLM in EN, the performance of our w/ GPT-4261

KD is much below our w/ recovery KD. Later, we will demonstrate that this is because recovery KD262

successfully recovers the original knowledge.263

vs. Model First Turn (%) Second Turn (%)
Win Tie Loss ∆ Win Tie Loss ∆

PolyLM (Wei et al., 2023) 78.75 16.25 5.00 73.75 90.00 10.00 0.00 90.00
X-LLaMA (Zhu et al., 2023) 72.50 17.50 10.00 62.50 85.00 8.75 6.25 78.75

Typhoon (Pipatanakul et al., 2023) 75.00 18.75 6.25 68.75 62.50 30.00 7.50 55.00
PLUG (Zhang et al., 2023) 72.50 13.75 13.75 58.75 87.50 8.75 3.75 83.75

NLLB-bridge (Costa-jussà et al., 2022) 75.00 16.25 8.75 66.25 63.75 18.75 17.50 46.25
ChatGPT (OpenAI, 2022) 42.50 26.26 31.25 11.25 42.50 22.50 35.00 7.50

GPT4 (OpenAI, 2023) 26.25 28.75 45.00 -18.75 30.00 18.75 51.25 -21.75

Table 4: Comparison between our model and different methods on MT-Bench under GPT-4 evaluation.

4.2.2 GPT-4 Evaluation Results264

vs. Model Win (%) Tie (%) Loss (%) ∆ (%)

X-LLaMA 92.50 5.00 2.50 90.00
PLUG 87.50 8.75 3.75 83.75

NLLB-bridge 91.25 5.00 3.75 87.50
ChatGPT 72.50 13.75 13.75 58.75

GPT4 17.50 45.00 37.50 -20.00

Table 5: Comparison between our model and dif-
ferent methods on Alpaca-Eval under GPT-4 eval-
uation.

Better performance than strong baselines. As265

shown in Table 4, TransLLM significantly out-266

performs baselines that are built on open-source267

resources. Notably, we specifically build the268

baseline NLLB-bridge which uses the power-269

ful translation model NLLB-3B (Costa-jussà270

et al., 2022) as the bridge between LLaMA-2-271

chat-7B and the TH language. Using the multi-272

turn ability of LLaMA-2-chat-7B, NLLB-bridge273

achieves good performance in the second turn.274

Although NLLB-bridge uses more parameters and more translation resources, it still loses to275

TransLLM. We will explain in detail why TransLLM is better than translation-as-a-bridge in the276

analysis. Typhoon with TH pre-training achieves sub-optimal second-turn performance among277

baselines. It is probably because the TH documents teach the LLM how to model long context in TH.278

Under GPT-4 evaluation, we slightly outperform ChatGPT without statistical significance. It seems279

difficult for GPT-4 to compare two strong LLMs on small datasets in TH. We select the baselines that280

perform well on the first turn of the MT-bench, for further evaluation on Alpaca-Eval. On the larger281

dataset, TransLLM outperforms baselines and ChatGPT by a large margin with statistical significance282

as shown in Table 5.283

5 Analysis284

5.1 All Components Work Together285
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vs. Model 1st ∆ (%) 2nd ∆ (%)

w/o chat model 36.25 67.50
w/o TH pre-train 41.25 35.00

w/o translation pre-train 8.75 23.75
w/ GPT-4 KD 17.50 45.00

w/o LoRA 62.50 66.25
w/ TH history - 23.75

Table 6: Comparison between our model and abla-
tion models.

We conduct comprehensive ablation studies286

on MT-Bench to investigate the impact of287

TransLLM’s components and present results288

in Table 6. The results confirm our hypothe-289

sis that transforming chat LLMs could provide290

better conversational ability than base LLMs.291

Pre-training on TH documents helps TransLLM292

output fluency in TH response with long con-293

text. Thus, TransLLM without TH pre-training294

is less satisfying on both the first and second295

turn. Since TH pre-training and transfer fine-296

tuning also provide some translation knowledge, the improvement of the translation pre-training is297

not as significant as other components. Beyond safety, the high-quality GPT-4 KD data also leads to298

performance degradation for helpfulness. That is because our goal is not to inject more knowledge299

but to preserve the original knowledge. We also examine the contribution of LoRA. Specifically,300

we merge the LoRA parameters with full parameters before transfer fine-tuning. We are unable to301

conduct full fine-tuning for per-training, but the merged model is a good approximation according to302

Eq. 3. We further conduct transfer fine-tuning with full parameters based on the merged model. In303

most tasks, full fine-tuning is better or comparable with LoRA. However, in our case, full fine-tuning304

wipes the original knowledge from parameters, and therefore its performance is much lower than305

TransLLM with LoRA. When using the history in TH, TransLLM is also capable of multi-turn306

conversation with small performance degradation. That means TransLLM can handle TH context307

well, this ability could be further developed for retrieval augmentation in TH.308

5.2 TransLLM Recover the Original Knowledge309

Model P (y|x) Difference

LLaMA2-Chat (EN) 0.2363 -
Ours w/o transfer fine-tuning 0.1666 0.0697

Ours w/ GPT-4 KD 0.1972 0.0391
Ours 0.2352 0.0055

Table 7: The difference of generation probabilities.

Knowledge is forgotten and recovered. To310

measure how much original knowledge is forgot-311

ten by the chat LLM, we calculate the generation312

probabilities on the hold-out validation set of re-313

covery KD data in EN. We also calculate the314

average difference between the generation prob-315

abilities of the target LLM and different models.316

As shown in Table 7, after pre-training, which317

has been proven to be necessary, the LLM sig-318

nificantly forgets the conversation knowledge. GPT-4 KD, which is widely used in previous works,319

can provide high-quality knowledge. However, this kind of knowledge is quite different from and320

competes with the original knowledge. As a result, the LLM still forgets much original knowledge321

using GPT-4 KD. Meanwhile, TransLLM successfully recovers the original knowledge.322

LoRA also helps. LoRA keeps the original parameters unchanged. The LLM can fit the recovery323

KD data easily when using knowledge from these frozen parameters. This easy pattern is a “shortcut”324

that prompts the LLM to learn to use the original knowledge for EN and new knowledge for TH. To325

confirm this assumption, on the TCOT validation data, we calculate the cosine similarity between326

the last layer’s hidden states of the original model h̃ and LoRA updated model ĥ as defined in Eq. 3.327

The average similarity per token for EN responses is much larger than that for TH responses, 0.6191328

vs. 0.2522. That means TransLLM successfully learns the “shortcut” using LoRA and recovery KD329

together.330

5.3 Why TransLLM is better than translation-as-a-bridge?331

Model EN-TH TH-EN
COMET BLEU COMET BLEU

ChatGPT 85.47 31.26 86.29 23.47
NLLB 83.88 28.53 87.14 30.78
Ours 86.96 35.04 86.97 27.68

Table 8: Translation performance on Flores-200.

Comparable translation performance. The332

translation performance is critical for both333

TransLLM and translation-as-a-bridge. There-334

fore, we test them on the widely used benchmark335

Flores-200 (Goyal et al., 2022). As shown in336

Table 8, benefiting from translation and TH pre-337

training, TransLLM outperforms ChatGPT and338

NLLB on EN-TH and achieves competitive per-339
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formance on TH-EN. We also ask the naive TH speaker to provide a fluency score for each model340

on MT-Bench in Table 9. The fluency of NLLB is as poor as its translation performance on EN-TH.341

NLLB usually translates the responses literally. For example, NLLB translates “I see” into “I see342

something” instead of “I understand” in TH. Surprisingly, the response of GPT-4 is not very fluent and343

natural. GPT-4 often uses full-stops and commas which are not used in TH. ChatGPT and TransLLM344

are generally fluent, with translationese to a certain degree. For example, TH speakers do not use345

“sure” or “of course” at the beginning of responses, but ChatGPT and TransLLM do.346

Model Score

NLLB-bridge 5
GPT4 6

ChatGPT 7
Our 7

Table 9: Fluency on MT-Bench.

TransLLM is more than translation. Translation perfor-347

mance is important but not the whole story. TransLLM outputs348

an EN query, EN response, and TH response at once. It means349

that TransLLM can use all previous information for TH re-350

sponses and therefore achieve better performance. To verify351

it, we use TransLLM to translate its EN responses in another352

round of inference. The performance is worse than the stan-353

dard response with ∆ = 13.75% and ∆ = 18.75% on first and354

second turn. The attention map of TransLLM in Appendix B.2355

shows that TransLLM outputs the TH response mostly based on the TH response itself and then the356

EN response. However, the TH response also pays a little attention on the TH query and EN query.357

Besides, translation-as-a-bridge needs to deploy two models, which is costly and inconvenient.358

6 Related Works359

Recently, there have been many works that attempt to transfer knowledge from English to non-English360

for LLMs. For example, Chinese LLaMA (Cui et al., 2023) and Typhoon(Pipatanakul et al., 2023)361

directly perform continuous pre-training and instruct tuning with extended vocabulary using LoRA.362

PloyLM (Wei et al., 2023) adopts multilingual pre-training based on the curriculum learning strategy363

that gradually exposes more low-resource corpus. ChatGPT (OpenAI, 2022) and GPT-4 (OpenAI,364

2023) are also well-known multilingual LLMs. Zhu et al. (2023) focus on building semantic alignment365

with cross-lingual instruct tuning and translation training. Bansal et al. (2024) augment LLMs by366

combining the English-dominated LLM with the non-English model. Some other works focus on367

transfer reasoning abilities: Qin et al. (2023) introduce cross-lingual prompting to improve zero-shot368

chain-of-thought reasoning across languages; She et al. (2024) propose multilingual alignment-as-369

preference optimization to align reasoning abilities across languages. PLUG (Zhang et al., 2023) only370

uses the TCOT data to train the base LLMs directly. Different from PLUG, we propose a systematic371

framework for transforming chat LLMs. We highlight that the TCOT highly relies on the performance372

of its sub-tasks and introduce how to preserve the knowledge of the chat LLM.373

7 Conclusion374

Chat LLMs have been specifically optimized for chat usage and therefore are helpful and safe in the375

dominant language. In this paper, we propose a framework for transforming an off-the-shelf chat376

LLM to other languages. In this framework, we utilize TCOT to transfer chat knowledge and further377

enhance the TCOT’s sub-tasks using publicly available data. To recover the original knowledge, we378

propose the recovery KD method supplemented with LoRA. The experiments in TH show that we379

transfer desired abilities to TH and outperform ChatGPT in both helpfulness and safety. Overall, we380

hope that this work can become the foundation for developing safe LLMs in many languages other381

than English.382

Limitations and future works. Due to limited resources, we only conduct experiments that383

transform LLaMA-2-chat-7B to TH. However, we conduct comprehensive experiments and in-depth384

analysis to reveal the mechanism of the proposed TransLLM. For now, TransLLM is still highly385

dependent on translation. Consequently, TransLLM can not handle the queries related to TH text, e.g.386

word games in TH. A simple solution is to enable TransLLM, through training, to choose whether387

respond to with TH mode or TCOT mode. Due to the TCOT, the inference overhead of TransLLM is388

much longer than other baselines. Recently, Goyal et al. (2023) and Deng et al. (2023) show that389

the implicit chain-of-thought achieves similar performance on reasoning tasks without additional390

inference overhead. We would like to explore TransLLM with implicit TCOT in the future.391
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A Experiment Details511

A.1 Models512

We list backbone, training data, and model size in Table 10. Due to the huge consumption of513

multilingual (MTL) pre-training, we directly use the model PolyLM-MultiAlpaca-13B released514

in Wei et al. (2023) for PolyLM. PolyLM uses ChatGPT to generate the Alpaca data while other515

baselines use the Alpaca data generated by GPT-4. We use the gpt-3.5-turbo-0125 and gpt-4-0613 for516

ChatGPT and GPT-4 in all experiments (including evaluation) through OpenAI API. We re-implement517

other baselines by strictly following their papers and using the same data as our model. To reduce the518

impact of randomness, we use greedy search for all experiments. We set the temperature as 0 for519

ChatGPT and GPT-4 through API to approximate the greedy search.520

Please refer to Touvron et al. (2023) for model structures of LLaMA-2. We only list the LoRA521

parameters here. We set the rank to 64, alpha to 128, and dropout to 0.05 for LoRA. These parameters522

are applied to the q_proj, v_proj, k_proj, o_proj, gate_proj, down_proj, and up_proj modules of the523

original model. Besides, the embed_tokens and lm_head are also trainable.524

Name Backbone Pre-train Data Fine-tune Data Size

PolyLM From Scratch MTL + Translation Alpaca-MTL 13B
X-LLaMA LLaMA2-base - Alpaca-EN + Alpaca-TH + Translation 7B
Typhoon LLaMA2-base TH Alpaca-TH 7B
PLUG LLaMA2-base - TCOT 7B

NLLB bridge LLaMA2-chat + NLLB - - 7B + 3B
ChatGPT Unknown Unknown Unknown ≫ 7B

GPT4 Unknown Unknown Unknown ≫ 7B
Ours LLaMA2-chat TH / Translation + EN TCOT + Recovery KD + Translation 7B

Table 10: Model details.
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A.2 Training525

We train the TransLLM model on 8 A100 GPUs as follows.526

TH Pre-Training We train the TransLLM using a warm-up ratio of 0.0005, a maximum sequence527

length of 512 tokens, and a weight decay of 0.01. The training was conducted with each GPU528

managing 128 batches and utilizing a gradient accumulation step of 1. The peak learning rate is set at529

2e-4 with a cosine learning rate decay (max_epoch=100), and training operated under bf16 precision530

facilitated by deepspeed, employing ZeRO stage 2.531

We only run 1 epoch for this stage, which spends 168 × 8 GPU hours. As shown in Figure 3, the532

initial training loss is approximately 7.8, which converges to below 1.7 after around 0.1 epochs of533

training. The final loss reaches around 1.42.534

Figure 3: TH Pre-Training loss.

Translation Pre-Training According to the data size, we set the warm-up ratio as 0.05, the535

max_epoch=10 for the cosine learning rate decay. We use 0.1% examples as the validation set and536

calculate valid loss every 400 steps. The best model has been trained for about 3 epochs, which537

spends 40× 8 GPU hours. The remaining configurations remain consistent with the first stage.538

Transfer Fine-Tuning Our max_seq_length is set to 2048 for fine-tuning, and when batching data,539

we pad sentences with “<PAD>” tokens. The peak learning rate is set to 1e-4, the warmup ratio is540

set to 0.01, and the single-card batch size is set to 16 with gradient accumulation steps as 4. We set541

weight decay as 0. We use 2K examples as the validation set and calculate valid loss every 200 steps.542

The best model has been trained for about 1 epoch, which spends 6× 8 GPU hours. The remaining543

configurations remain consistent with the first stage.544

A.3 Inference545

We provide the whole multi-turn prompt in Table 11, where “<s> </s>”, “<<SYS>> <<SYS>>”, and546

“[INST] [\INST]” denote the whole instance, system prompt, and instruction respectively.547

<s>[INST] <<SYS>>
You are a helpful assistant. <<SYS>>

qα1 [/INST] aα
1 </s>

<s>[INST] qα2 [/INST] aα
2 </s>

...
<s>[INST] qαn [/INST] aα

n </s>
<s>[INST] qβn+1 [/INST]

Table 11: The multi-turn prompt template used in our experiments.

13



A.4 Evaluation548

A.4.1 Human Evaluation549

For helpfulness, the results are evaluated by three annotators. Annotator A is a professional translator550

expert in EN and TH. Annotator B is a computer engineer who is an expert in EN, Math, Coding,551

and Extraction. Annotator C is a native TH speaker while also an expert in EN. The three annotators552

cooperate with each other to complete the whole evaluation process as follows. Annotator A is the553

major annotator who is responsible for annotating most of the queries except for the Math, Coding,554

and Extraction domains. For these three domains, annotator A first translates the results from TH to555

EN. Annotator B then annotates these three domains in EN translations. Meanwhile, Annotator C556

helps annotator A evaluate the fluency of all responses. To obtain consistent annotations between557

evaluators and questions, we define comprehensive instructions for annotators in Table 12.558

Score Performance Level Adherence to Instructions; Expression Fluency; Style

1-2 Very Poor Does not follow the query; be not applicable due to nonsensical expres-
sion; has incomprehensible style

3-4 Poor Does not follow the query but has some relevant content; lacks fluency,
coherency, and clarity; has largely inappropriate style

5-6 Fair Partially meets the requirements and addresses some issues; has some
fluency and clarity though minor flaws; has occasionally appropriate style

7-8 Good Mainly follows the query though some minor flaws; be largely fluent and
coherent; has generally appropriate style

9-10 Excellent Strictly follows the query with appreciated content; has a high degree of
fluency and clarity; is perfectly matched in style

Table 12: Rating criterion.

For safety, the responses are first translated from TH to EN and then evaluated by three professional559

translators who are experts in EN. However, one response is only annotated by one translator due to a560

limited budget. Please refer to the annotation instruction in Yong et al. (2023).561

All models are anonymous to all annotators in the whole evaluation process!562

A.4.2 Automatic Evaluation563

We follow the setting of LLM-as-a-Judge in Zheng et al. (2024). For Reasoning, Math, and Coding564

domains, we provide the EN responses of GPT-4 as references. Note that, these three domains are565

different from human evaluation because annotator A is good at Reasoning instead of Extraction.566

We modify the evaluation prompts provided in Zheng et al. (2024) to inform GPT-4 that the queries567

and responses are in TH. Please refer to Zheng et al. (2024) for the details of how to calculate the568

agreement.569

We use the default wmt22-comet-da model 5 for COMET (Rei et al., 2022). We use570

the BLEU (Papineni et al., 2002) implemented in the scarebleu6, whose signature is571

"BLEU|nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|version:2.4.0".572

A.5 Licenses573

Our experiments use open-source resources. We list their licenses in Table 13. We have properly574

cited their papers and strictly followed their licenses.575

B Other Results576

B.1 Results in Scores577

We provide evaluation scores on different benchmarks in Table 14, 15, 16 , and 17.578

5https://huggingface.co/Unbabel/wmt22-comet-da
6https://github.com/mjpost/sacrebleu
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Resource License

MC4 (Xue et al., 2020) ODC-BY 1.0
Pile (Gao et al., 2020) MIT License

CCAligned (Chaudhary et al., 2019) Unknown
Tatoeba Challenge Data (Tiedemann, 2020) CC-BY-NC-SA 4.0

OpenSubtitles (Lison et al., 2018) Unknown
Flores-200 (Goyal et al., 2022) CC-BY-SA 4.0

Alpaca (Taori et al., 2023) CC BY-NC 4.0
Alpaca-eval (Li et al., 2023) Apache License 2.0

MT-bench (Zheng et al., 2024) Apache License 2.0
Chinese-Alpaca-2 (Cui et al., 2023) Apache License 2.0

Transformers (Wolf et al., 2020) Apache License 2.0
SentencePiece (Kudo and Richardson, 2018) Apache License 2.0

PolyLM (Wei et al., 2023) Apache License 2.0
LLaMA-2 (Touvron et al., 2023) LLaMA 2 Community License Agreement

Table 13: Licenses of open source resources.

Model Writing Roleplay Reasoning Math Coding Extraction STEM Humanities All

First
Turn

ChatGPT 5.30 4.70 5.20 4.60 7.80 7.20 6.80 6.40 6.00
GPT4 7.40 6.70 4.80 6.00 8.80 8.30 7.40 7.70 7.14
Ours 7.30 6.50 5.20 4.20 6.50 5.70 7.60 7.90 6.36

Second
Turn

ChatGPT 3.00 5.00 3.40 2.90 7.40 7.90 5.60 5.70 5.11
GPT4 4.70 6.70 5.00 4.00 8.60 7.60 6.80 7.50 6.36
Ours 6.10 6.50 3.10 3.00 6.70 5.10 6.60 7.00 5.51

Table 14: Human evaluation scores on MT-Bench for different models.

B.2 Attention Map of the TransLLM Output579

As shown in Figure 4, the TH response focuses on the TH response, EN response, EN query, and TH580

query, in order from high to low.581

Model Writing Roleplay Reasoning Math Coding Extraction STEM Humanities All

Fi
rs

tT
ur

n

PolyLM 4.00 4.00 3.40 1.10 1.00 2.80 2.80 3.10 2.78
X-LLaMA 4.10 2.80 4.10 2.20 3.10 3.00 4.00 4.10 3.42
Typhoon 5.90 5.40 2.90 1.10 2.90 2.80 6.40 6.10 4.19
PLUG 6.60 3.90 3.70 2.60 2.90 2.90 5.90 7.60 4.51

NLLB-bridge 5.50 4.90 3.90 2.90 1.00 3.10 4.80 5.20 3.91
LLaMA2-Chat (EN) 9.60 7.80 5.40 3.20 3.60 7.30 9.55 9.55 7.00

ChatGPT 7.70 7.80 6.00 6.00 5.70 7.50 8.90 8.60 7.28
GPT4 9.00 8.90 6.10 7.10 6.20 9.30 9.30 9.20 8.14
Ours 8.50 7.50 6.40 3.10 4.40 5.80 9.60 9.60 6.86

Se
co

nd
Tu

rn

PolyLM 1.30 1.00 1.50 1.10 1.00 1.20 1.00 1.10 1.15
X-LLaMA 2.60 3.60 2.50 1.20 1.80 1.70 3.20 2.90 2.44
Typhoon 3.00 5.20 4.10 1.70 2.70 1.80 5.90 4.80 3.65
PLUG 2.20 2.60 1.40 0.50 2.10 1.30 2.90 3.90 2.11

NLLB-bridge 5.30 4.20 4.10 2.80 2.30 3.50 4.20 6.30 4.09
LLaMA2-Chat (EN) 6.80 7.10 4.20 3.70 3.30 3.80 7.30 9.70 5.74

ChatGPT 3.50 7.90 5.20 3.50 5.10 7.20 6.70 8.80 5.99
GPT4 8.30 8.50 4.70 4.80 7.00 8.80 8.00 8.60 7.34
Ours 7.50 7.30 5.60 2.10 5.20 4.80 8.20 8.70 6.18

Table 15: GPT-4 evaluation scores on MT-Bench for different models.

C Statistical Methods582

C.1 Confidence Interval583

We first calculate the standard deviation for proportion p on n examples as:584

sp =

√
p(1− p)

n
. (4)
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low                                                                        h ighlow                                                                        h igh

Figure 4: Attention map of the TransLLM output. We mark the attention scores of TH responses
with red rectangles. Rectangles from top to bottom indicate attention scores of TH response for TH
query, EN query, EN response, and TH response respectively.

Model Helpful-Base Koala Oasst Self-Instruct Vicuna All

X-LLaMA 2.80 3.86 3.95 3.90 4.80 3.82
PLUG 4.88 5.47 5.23 5.32 6.90 5.41

NLLB-bridge 4.36 4.97 5.04 4.49 4.78 4.72
ChatGPT 7.39 7.32 7.49 7.77 8.06 7.59

GPT-4 9.53 9.17 9.19 8.90 9.44 9.18
Ours 8.72 7.91 7.87 7.61 8.71 8.02

Table 16: GPT-4 evaluation scores on Alpaca-Eval for different models.
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Model First Turn Second Turn

Ours 6.86 6.18
w/ base model 5.56 3.08

w/o TH pre-train 5.55 4.44
w/o translation pre-train 6.55 5.04

w/ GPT-4 KD 5.96 4.68
w/o LoRA 4.58 3.34

w/ TH history - 5.43

Table 17: GPT-4 evaluation scores for ablation studies on MT-bench.

vs. Model p

First
Turn

ChatGPT .000
GPT4 .111

Second
Turn

ChatGPT .018
GPT4 .005

Table 18: Binomial test for Table 1.

vs. Model p

Fi
rs

tT
ur

n

PolyLM .000
X-LLaMA .000
Typhoon .000
PLUG .000

NLLB-bridge .000
ChatGPT .297

GPT4 .063

Se
co

nd
Tu

rn

PolyLM .000
X-LLaMA .000
Typhoon .000
PLUG .000

NLLB-bridge .000
ChatGPT .526

GPT4 .046

Table 19: Binomial test for Table 4.

Then we use the normal approximation method to calculate the CI for ratio p as585

(p− usp, p+ usp), (5)

where u denote the critical value, for the two-tailed 95% confidence interval used in this paper586

u = 1.96.587

C.2 Significant Test588

We conduct a two-sided binomial test for the win rate without tie pwin = nwin/(nwin + nloss). The589

null hypothesis is that the win rate is not different from the loss rate, i.e. H0 : pwin = ploss = 0.5,590

alternative hypothesis H1 : pwin ̸= 0.5. For the test results of Table 1 and 4, please see Table 18 and591

19. The difference between TransLLM and others in Table 5 are all significant with p < 0.001.592

We conduct the χ2 test for safety results in Table 3, the difference between TransLLM and others are593

all significant with p < 0.001.594
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NeurIPS Paper Checklist595

1. Claims596

Question: Do the main claims made in the abstract and introduction accurately reflect the597

paper’s contributions and scope?598

Answer: [Yes]599

Justification: We have discussed our contributions and scope in detail in the Abstract and600

Introduction chapters.601

Guidelines:602

• The answer NA means that the abstract and introduction do not include the claims603

made in the paper.604

• The abstract and/or introduction should clearly state the claims made, including the605

contributions made in the paper and important assumptions and limitations. A No or606

NA answer to this question will not be perceived well by the reviewers.607

• The claims made should match theoretical and experimental results, and reflect how608

much the results can be expected to generalize to other settings.609

• It is fine to include aspirational goals as motivation as long as it is clear that these goals610

are not attained by the paper.611

2. Limitations612

Question: Does the paper discuss the limitations of the work performed by the authors?613

Answer: [Yes]614

Justification: We have discussed the limitations in Sec. 7.615

Guidelines:616

• The answer NA means that the paper has no limitation while the answer No means that617

the paper has limitations, but those are not discussed in the paper.618

• The authors are encouraged to create a separate "Limitations" section in their paper.619

• The paper should point out any strong assumptions and how robust the results are to620

violations of these assumptions (e.g., independence assumptions, noiseless settings,621

model well-specification, asymptotic approximations only holding locally). The authors622

should reflect on how these assumptions might be violated in practice and what the623

implications would be.624

• The authors should reflect on the scope of the claims made, e.g., if the approach was625

only tested on a few datasets or with a few runs. In general, empirical results often626

depend on implicit assumptions, which should be articulated.627

• The authors should reflect on the factors that influence the performance of the approach.628

For example, a facial recognition algorithm may perform poorly when image resolution629

is low or images are taken in low lighting. Or a speech-to-text system might not be630

used reliably to provide closed captions for online lectures because it fails to handle631

technical jargon.632

• The authors should discuss the computational efficiency of the proposed algorithms633

and how they scale with dataset size.634

• If applicable, the authors should discuss possible limitations of their approach to635

address problems of privacy and fairness.636

• While the authors might fear that complete honesty about limitations might be used by637

reviewers as grounds for rejection, a worse outcome might be that reviewers discover638

limitations that aren’t acknowledged in the paper. The authors should use their best639

judgment and recognize that individual actions in favor of transparency play an impor-640

tant role in developing norms that preserve the integrity of the community. Reviewers641

will be specifically instructed to not penalize honesty concerning limitations.642

3. Theory Assumptions and Proofs643

Question: For each theoretical result, does the paper provide the full set of assumptions and644

a complete (and correct) proof?645

Answer: [NA]646
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Justification: This paper does not include theoretical results.647

Guidelines:648

• The answer NA means that the paper does not include theoretical results.649

• All the theorems, formulas, and proofs in the paper should be numbered and cross-650

referenced.651

• All assumptions should be clearly stated or referenced in the statement of any theorems.652

• The proofs can either appear in the main paper or the supplemental material, but if653

they appear in the supplemental material, the authors are encouraged to provide a short654

proof sketch to provide intuition.655

• Inversely, any informal proof provided in the core of the paper should be complemented656

by formal proofs provided in appendix or supplemental material.657

• Theorems and Lemmas that the proof relies upon should be properly referenced.658

4. Experimental Result Reproducibility659

Question: Does the paper fully disclose all the information needed to reproduce the main ex-660

perimental results of the paper to the extent that it affects the main claims and/or conclusions661

of the paper (regardless of whether the code and data are provided or not)?662

Answer: [Yes]663

Justification: We have tried our best to provide the details of our experiments in Sec. 4.1 and664

Appendix A. We also provided our code and datasets in supplementary materials.665

Guidelines:666

• The answer NA means that the paper does not include experiments.667

• If the paper includes experiments, a No answer to this question will not be perceived668

well by the reviewers: Making the paper reproducible is important, regardless of669

whether the code and data are provided or not.670

• If the contribution is a dataset and/or model, the authors should describe the steps taken671

to make their results reproducible or verifiable.672

• Depending on the contribution, reproducibility can be accomplished in various ways.673

For example, if the contribution is a novel architecture, describing the architecture fully674

might suffice, or if the contribution is a specific model and empirical evaluation, it may675

be necessary to either make it possible for others to replicate the model with the same676

dataset, or provide access to the model. In general. releasing code and data is often677

one good way to accomplish this, but reproducibility can also be provided via detailed678

instructions for how to replicate the results, access to a hosted model (e.g., in the case679

of a large language model), releasing of a model checkpoint, or other means that are680

appropriate to the research performed.681

• While NeurIPS does not require releasing code, the conference does require all submis-682

sions to provide some reasonable avenue for reproducibility, which may depend on the683

nature of the contribution. For example684

(a) If the contribution is primarily a new algorithm, the paper should make it clear how685

to reproduce that algorithm.686

(b) If the contribution is primarily a new model architecture, the paper should describe687

the architecture clearly and fully.688

(c) If the contribution is a new model (e.g., a large language model), then there should689

either be a way to access this model for reproducing the results or a way to reproduce690

the model (e.g., with an open-source dataset or instructions for how to construct691

the dataset).692

(d) We recognize that reproducibility may be tricky in some cases, in which case693

authors are welcome to describe the particular way they provide for reproducibility.694

In the case of closed-source models, it may be that access to the model is limited in695

some way (e.g., to registered users), but it should be possible for other researchers696

to have some path to reproducing or verifying the results.697

5. Open access to data and code698

Question: Does the paper provide open access to the data and code, with sufficient instruc-699

tions to faithfully reproduce the main experimental results, as described in supplemental700

material?701
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Answer: [Yes]702

Justification: We have provided open access to the data and code, with sufficient instructions703

provided to faithfully reproduce the main experimental results. Please refer the README704

file in code.705

Guidelines:706

• The answer NA means that paper does not include experiments requiring code.707

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/708

public/guides/CodeSubmissionPolicy) for more details.709

• While we encourage the release of code and data, we understand that this might not be710

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not711

including code, unless this is central to the contribution (e.g., for a new open-source712

benchmark).713

• The instructions should contain the exact command and environment needed to run to714

reproduce the results. See the NeurIPS code and data submission guidelines (https:715

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.716

• The authors should provide instructions on data access and preparation, including how717

to access the raw data, preprocessed data, intermediate data, and generated data, etc.718

• The authors should provide scripts to reproduce all experimental results for the new719

proposed method and baselines. If only a subset of experiments are reproducible, they720

should state which ones are omitted from the script and why.721

• At submission time, to preserve anonymity, the authors should release anonymized722

versions (if applicable).723

• Providing as much information as possible in supplemental material (appended to the724

paper) is recommended, but including URLs to data and code is permitted.725

6. Experimental Setting/Details726

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-727

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the728

results?729

Answer: [Yes]730

Justification: We have tried our best to provide the details of our experiments in Sec. 4.1 and731

Appendix A.732

Guidelines:733

• The answer NA means that the paper does not include experiments.734

• The experimental setting should be presented in the core of the paper to a level of detail735

that is necessary to appreciate the results and make sense of them.736

• The full details can be provided either with the code, in appendix, or as supplemental737

material.738

7. Experiment Statistical Significance739

Question: Does the paper report error bars suitably and correctly defined or other appropriate740

information about the statistical significance of the experiments?741

Answer: [Yes]742

Justification: Please refer Appendix C.743

Guidelines:744

• The answer NA means that the paper does not include experiments.745

• The authors should answer "Yes" if the results are accompanied by error bars, confi-746

dence intervals, or statistical significance tests, at least for the experiments that support747

the main claims of the paper.748

• The factors of variability that the error bars are capturing should be clearly stated (for749

example, train/test split, initialization, random drawing of some parameter, or overall750

run with given experimental conditions).751

• The method for calculating the error bars should be explained (closed form formula,752

call to a library function, bootstrap, etc.)753
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• The assumptions made should be given (e.g., Normally distributed errors).754

• It should be clear whether the error bar is the standard deviation or the standard error755

of the mean.756

• It is OK to report 1-sigma error bars, but one should state it. The authors should757

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis758

of Normality of errors is not verified.759

• For asymmetric distributions, the authors should be careful not to show in tables or760

figures symmetric error bars that would yield results that are out of range (e.g. negative761

error rates).762

• If error bars are reported in tables or plots, The authors should explain in the text how763

they were calculated and reference the corresponding figures or tables in the text.764

8. Experiments Compute Resources765

Question: For each experiment, does the paper provide sufficient information on the com-766

puter resources (type of compute workers, memory, time of execution) needed to reproduce767

the experiments?768

Answer: [Yes]769

Justification: Please refer Appendix A.2.770

Guidelines:771

• The answer NA means that the paper does not include experiments.772

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,773

or cloud provider, including relevant memory and storage.774

• The paper should provide the amount of compute required for each of the individual775

experimental runs as well as estimate the total compute.776

• The paper should disclose whether the full research project required more compute777

than the experiments reported in the paper (e.g., preliminary or failed experiments that778

didn’t make it into the paper).779

9. Code Of Ethics780

Question: Does the research conducted in the paper conform, in every respect, with the781

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?782

Answer: [Yes]783

Justification: We have carefully checked our paper. Our paper conforms, in every respect,784

with the NeurIPS Code of Ethics.785

Guidelines:786

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.787

• If the authors answer No, they should explain the special circumstances that require a788

deviation from the Code of Ethics.789

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-790

eration due to laws or regulations in their jurisdiction).791

10. Broader Impacts792

Question: Does the paper discuss both potential positive societal impacts and negative793

societal impacts of the work performed?794

Answer: [Yes]795

Justification: We have discussed the potential positive societal impacts in Sec. 7, and it796

seems that this work does not exert obviously negative societal impacts.797

Guidelines:798

• The answer NA means that there is no societal impact of the work performed.799

• If the authors answer NA or No, they should explain why their work has no societal800

impact or why the paper does not address societal impact.801

• Examples of negative societal impacts include potential malicious or unintended uses802

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations803

(e.g., deployment of technologies that could make decisions that unfairly impact specific804

groups), privacy considerations, and security considerations.805
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• The conference expects that many papers will be foundational research and not tied806

to particular applications, let alone deployments. However, if there is a direct path to807

any negative applications, the authors should point it out. For example, it is legitimate808

to point out that an improvement in the quality of generative models could be used to809

generate deepfakes for disinformation. On the other hand, it is not needed to point out810

that a generic algorithm for optimizing neural networks could enable people to train811

models that generate Deepfakes faster.812

• The authors should consider possible harms that could arise when the technology is813

being used as intended and functioning correctly, harms that could arise when the814

technology is being used as intended but gives incorrect results, and harms following815

from (intentional or unintentional) misuse of the technology.816

• If there are negative societal impacts, the authors could also discuss possible mitigation817

strategies (e.g., gated release of models, providing defenses in addition to attacks,818

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from819

feedback over time, improving the efficiency and accessibility of ML).820

11. Safeguards821

Question: Does the paper describe safeguards that have been put in place for responsible822

release of data or models that have a high risk for misuse (e.g., pretrained language models,823

image generators, or scraped datasets)?824

Answer: [Yes]825

Justification: Our work aims to transfer the safeguards of chat large language models from826

English to non-English.827

Guidelines:828

• The answer NA means that the paper poses no such risks.829

• Released models that have a high risk for misuse or dual-use should be released with830

necessary safeguards to allow for controlled use of the model, for example by requiring831

that users adhere to usage guidelines or restrictions to access the model or implementing832

safety filters.833

• Datasets that have been scraped from the Internet could pose safety risks. The authors834

should describe how they avoided releasing unsafe images.835

• We recognize that providing effective safeguards is challenging, and many papers do836

not require this, but we encourage authors to take this into account and make a best837

faith effort.838

12. Licenses for existing assets839

Question: Are the creators or original owners of assets (e.g., code, data, models), used in840

the paper, properly credited and are the license and terms of use explicitly mentioned and841

properly respected?842

Answer: [Yes]843

Justification: Please refer Appendix A.5.844

Guidelines:845

• The answer NA means that the paper does not use existing assets.846

• The authors should cite the original paper that produced the code package or dataset.847

• The authors should state which version of the asset is used and, if possible, include a848

URL.849

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.850

• For scraped data from a particular source (e.g., website), the copyright and terms of851

service of that source should be provided.852

• If assets are released, the license, copyright information, and terms of use in the853

package should be provided. For popular datasets, paperswithcode.com/datasets854

has curated licenses for some datasets. Their licensing guide can help determine the855

license of a dataset.856

• For existing datasets that are re-packaged, both the original license and the license of857

the derived asset (if it has changed) should be provided.858
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• If this information is not available online, the authors are encouraged to reach out to859

the asset’s creators.860

13. New Assets861

Question: Are new assets introduced in the paper well documented and is the documentation862

provided alongside the assets?863

Answer: [Yes]864

Justification: Please refer the README file in code.865

Guidelines:866

• The answer NA means that the paper does not release new assets.867

• Researchers should communicate the details of the dataset/code/model as part of their868

submissions via structured templates. This includes details about training, license,869

limitations, etc.870

• The paper should discuss whether and how consent was obtained from people whose871

asset is used.872

• At submission time, remember to anonymize your assets (if applicable). You can either873

create an anonymized URL or include an anonymized zip file.874

14. Crowdsourcing and Research with Human Subjects875

Question: For crowdsourcing experiments and research with human subjects, does the paper876

include the full text of instructions given to participants and screenshots, if applicable, as877

well as details about compensation (if any)?878

Answer: [NA]879

Justification: This paper does not involve crowdsourcing nor research with human subjects.880

Guidelines:881

• The answer NA means that the paper does not involve crowdsourcing nor research with882

human subjects.883

• Including this information in the supplemental material is fine, but if the main contribu-884

tion of the paper involves human subjects, then as much detail as possible should be885

included in the main paper.886

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,887

or other labor should be paid at least the minimum wage in the country of the data888

collector.889

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human890

Subjects891

Question: Does the paper describe potential risks incurred by study participants, whether892

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)893

approvals (or an equivalent approval/review based on the requirements of your country or894

institution) were obtained?895

Answer: [NA]896

Justification: This paper does not involve crowdsourcing nor research with human subjects.897

Guidelines:898

• The answer NA means that the paper does not involve crowdsourcing nor research with899

human subjects.900

• Depending on the country in which research is conducted, IRB approval (or equivalent)901

may be required for any human subjects research. If you obtained IRB approval, you902

should clearly state this in the paper.903

• We recognize that the procedures for this may vary significantly between institutions904

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the905

guidelines for their institution.906

• For initial submissions, do not include any information that would break anonymity (if907

applicable), such as the institution conducting the review.908
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