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Motivation 
1. Proprietary large language models (LLMs) demonstrate strong 
translation capabilities. However, their practical application is 
limited by significant operational costs. 
2. Fine-tuning smaller LLMs on translation data has emerged as a 
cost-effective strategy to achieve superior performance. However, 
these models frequently encounter a critical “off-target translation” 
problem in zero-shot settings, generating output in an incorrect 
language.  
3. Existing approaches attempt to mitigate this off-target issue by 
modifying the inference process. Nevertheless, these methods fail 
to fundamentally improve the models’ core instruction-following 
ability and awareness of translation direction.  
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1. The paper proposes a two-stage fine-tuning algorithm to 
enhance the instruction-following ability of translation-tailored 
LLMs, thereby alleviating the off-target translation problem. 
2. The first stage fine-tunes the LLM on a multilingual translation 
dataset to unlock and establish its foundational translation 
capabilities. 
3. The second stage introduces instruction-conflicting samples 
and leverages unlikelihood loss to actively penalize the model 
for generating translations that deviate from the specified task, 
thereby forcing it to strictly adhere to the correct translation 
direction. 
  
 

Main idea 
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Method 
1. To unlock the translation capabilities of LLMs, a pre-tuning 
stage is employed, where the model is trained on a collection of 
multilingual translation samples using the common maximum 
likelihood estimation (MLE) approach. 

 
2. To address the off-target issue and improve the LLMs’ 
instruction-following ability, instruction-conflicting samples are 
created by substituting the original instruction with a different 
one while keeping the input and output unchanged.  
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Method (Cont’d) 
3. To prevent potential overfitting on the unlikelihood objective 
while maintaining the supervised translation ability, multilingual 
translation samples are incorporated to simultaneously train the 
model with likelihood loss. 
 

4. To enhance the ability to follow instructions for translation 
tasks, unlikelihood training is used, which aims to reduce the 
probability assigned by the model to the output tokens of the 
instruction-conflicting samples. 
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Method (Cont’d) 
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Major results 
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Major results (Cont’d) 
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Major results (Cont’d) 

Ablation study 
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Major results (Cont’d) 
Results with different sizes of LLMs 
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Major results (Cont’d) 

Results with different amounts 
of translation data 
 

Performance on supervised 
translation 
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Major results (Cont’d) 
Performance after combining general tasks 
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Conclusions 

1. A two-stage fine-tuning strategy is proposed to enhance 
LLM’s instruction-following for translation by training on 
instruction-conflicting samples.  

2. The method proves to be effective, significantly reducing the 
off-target translation ratio and improving translation quality on 
the IWSLT and WMT benchmarks.  

3. The proposed approach has a negligible negative impact on 
the model’s standard translation capabilities and general task 
performance.  
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