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Abstract: Large language models (LLMs) exhibit remarkable capabilities in various natural language processing
tasks, such as machine translation. However, the large number of LLM parameters incurs significant costs during
inference. Previous studies have attempted to train translation-tailored LLMs with moderately sized models by
fine-tuning them on the translation data. Nevertheless, when performing translations in zero-shot directions that
are absent from the fine-tuning data, the problem of ignoring instructions and thus producing translations in
the wrong language (i.e., the off-target translation issue) remains unresolved. In this work, we design a two-
stage fine-tuning algorithm to improve the instruction-following ability of translation-tailored LLMs, particularly
for maintaining accurate translation directions. We first fine-tune LLMs on the translation data to elicit basic
translation capabilities. At the second stage, we construct instruction-conflicting samples by randomly replacing
the instructions with the incorrect ones. Then, we introduce an extra unlikelihood loss to reduce the probability
assigned to those samples. Experiments on two benchmarks using the LLaMA 2 and LLaMA 3 models, spanning
16 zero-shot directions, demonstrate that, compared to the competitive baseline—translation-finetuned LLaMA, our
method could effectively reduce the off-target translation ratio (up to −62.4 percentage points), thus improving
translation quality (up to +9.7 bilingual evaluation understudy). Analysis shows that our method can preserve
the model’s performance on other tasks, such as supervised translation and general tasks. Code is released at
https://github.com/alphadl/LanguageAware_Tuning.

Key words: Zero-shot machine translation; Off-target issue; Large language model; Language-aware instruction
tuning; Instruction-conflicting sample

https://doi.org/10.1631/FITEE.2400458 CLC number: TP391

1 Introduction

Large language models (LLMs) (Min et al., 2023;
Li B et al., 2024) have demonstrated excellent per-
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formance on a wide range of natural language pro-
cessing (NLP) tasks, including reasoning (Wei et al.,
2023), summarization (Wang YM et al., 2023; Huang
et al., 2024), translation (Hendy et al., 2023), under-
standing (Zhang HB et al., 2022; Zhong et al., 2023),
and evaluation (Lu et al., 2024). LLMs exemplified
by GPT-3 (Brown et al., 2020), OPT (Zhang SS
et al., 2022), LLaMA (Touvron et al., 2023a), and
LLaMA 2 (Touvron et al., 2023b), leverage large-
scale monolingual data through pre-training with the
causal language modeling task, and exhibit strong
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zero-shot capabilities with a few demonstration ex-
amples. Instruction tuning (Mishra et al., 2022; Wei
et al., 2022) further elicits the capacity of LLMs to
address general tasks directly with proper guidance,
such as task definition. However, due to the signif-
icant cost to call state-of-the-art proprietary LLMs,
such as GPT-4 (OpenAI, 2024), it is attractive to
explore strategies for effectively fitting suitably sized
LLMs into specific tasks, such as machine transla-
tion (Fu et al., 2023; Xu HR et al., 2024b).

In zero-shot translation (ZST) (Gu et al., 2019;
Chen et al., 2023; Zan et al., 2023), the objective
is to translate sentences from a source language to
a target language, where there is either a lack of
direct mapping between the source and target lan-
guages in the training data, or the target or source
languages are absent during training. Addressing the
ZST problem is both vital and challenging, especially
for low-resource languages. Recent research demon-
strates that building translation-tailored LLMs by
fine-tuning translation data can achieve superior
translation performance (Liu YJ et al., 2023; Xu
HR et al., 2024b; Zeng et al., 2024). However, as
illustrated in Fig. 1, our preliminary study shows
that when tackling zero-shot directions, translation-
tailored LLMs often encounter the off-target transla-
tion problem, where the generated translations are
in the wrong languages. For example, in De→Fr,
the off-target ratio reaches up to 95.0%. We at-
tribute this problem to the fact that pre-training
LLMs in the fashion of predicting the next token may
lead to overlooking the key information contained in
instructions.

Previous studies (Peng et al., 2023; Xu HR
et al., 2024b) indicate that introducing more informa-
tive prompts during inference, such as preemptively
translating prompts into the target language or in-
corporating few-shot demonstration samples, can be
beneficial. Sennrich et al. (2024) modified the decod-
ing process by introducing language-contrastive sam-
ples to constrain the decoding process, thus alleviat-
ing the off-target problem. Different from the above
approaches that focus on the inference stage, our mo-
tivation is to fundamentally improve the instruction-
following ability (especially the awareness of transla-
tion direction) of LLMs.

In this paper, we introduce a simple and effec-
tive two-stage fine-tuning algorithm to enhance the
effect of instructions in translation-tailored LLMs.
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Fig. 1 OTR scores in ZST of WMT benchmark. We
present a comparison between LLaMA 2-MT, the
LLaMA 2 model fine-tuned on machine translation
data, and our method. De: German; Fr: French; En:
English; Ja: Japanese; Cs: Czech; Uk: Ukrainian; Ru:
Russian

This is accomplished by introducing unlikelihood loss
(UL) on instruction-conflicting samples, in which the
translation sentence pairs deviate from the specified
tasks associated with the given instructions. Initially,
we fine-tune the LLMs using a multilingual transla-
tion dataset, unlocking the inherent translation ca-
pabilities of LLMs. Subsequently, we build upon the
pre-tuned model by incorporating translation data
along with instruction-conflicting samples. We cre-
ate instruction-conflicting samples by randomly re-
placing the task instruction with an incorrect one.
These data are used to fine-tune the model, lever-
aging the unlikelihood training paradigm. Our ap-
proach can be viewed as emphasizing the effect of
instructions, thereby guiding the model to produce
translation in the correct language.

We apply our method in the experiments
to fine-tune the currently competitive open-source
LLaMA 2 and LLaMA 3 models. Compared with
fine-tuning on translation data, the results reveal
substantial reductions in the off-target translation
ratio (OTR), with 62.3% and 30.5% for the IWSLT
benchmark and 29.9% and 18.6% for the WMT
benchmark for LLaMA 2 and LLaMA 3 models, re-
spectively. This leads to notable enhancements in
the translation quality, as evidenced by the increases
of average +9.7/+6.2 and +6.2/+3.9 bilingual eval-
uation understudy (BLEU) score on the IWSLT and
WMT datasets, respectively. Moreover, our method
maintains the capability to perform other tasks, such
as supervised directions and general tasks. The main
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contributions are as follows:
1. We reveal the heavy off-target problem of

translation-tailored LLMs in ZST settings, and we
attribute this problem to the weak instruction (trans-
lation direction) following ability.

2. To fundamentally improve the translation
direction-following ability, we introduce a two-
stage fine-tuning algorithm for LLMs that leverages
instruction-conflicting samples.

3. Extensive experiments illustrate the effective-
ness of our approach in mitigating the off-target
translation problem and producing better transla-
tions. Analysis shows that our method will not affect
the ability of other tasks, e.g., the general task perfor-
mance on AlpacaEval and the supervised translation
performance.

2 Preliminary

1. Instruction tuning
Instruction tuning aims to refine LLMs by fine-

tuning a diverse collection of data characterized by
explicit instructions. This refinement process signifi-
cantly enhances zero-shot performance on previously
unseen tasks (Wei et al., 2022). Each instance in
the instruction tuning dataset comprises three fun-
damental components: (1) instruction, a textual rep-
resentation that describes NLP tasks in natural lan-
guage; (2) input (optional), supplementary contex-
tual information that provides additional context for
the given task; (3) output, the expected response
that LLMs should generate. During the tuning pro-
cess, the model is trained using a teacher-forcing ap-
proach (Cho et al., 2014). It models the distribution
of output tokens conditioned on the instruction and
optionally the input. This training methodology em-
powers the model to understand and follow instruc-
tions effectively. Subsequently, the instruction-tuned
model is capable of directly performing unseen tasks
by following the appropriate task instructions in a
zero-shot manner. In this study, our primary focus is
translation-tailored LLMs, where we fine-tune LLMs
on multilingual translation data.

2. Unlikelihood training
Welleck et al. (2019) explored a novel approach

that encourages the model to assign lower probabil-
ities to improbable generations, in contrast to the
traditional likelihood training which focuses on the
overall probability distribution of correct sequences.

The general training framework comprises two types
of updates:

(1) Likelihood update for maximizing the prob-
ability of the ground-truth sequence with likelihood
loss:

LMLE = −
∑

tn

lnP (tn | t0, t1, · · · , tn−1),

where tn is the ground-truth token at position n, and
MLE is the maximum likelihood estimation.

(2) Unlikelihood update for minimizing the
probability of negative samples (tokens that should
not occur) with UL:

LUL = −
∑

tn

∑

k∈Cn

ln (1− P (k | t0, t1, · · · , tn−1)) ,

where Cn is the set of negative candidate tokens at
position n.

We extend this approach to the domain of ZST
based on translation-tailored LLMs. We introduce
instruction-conflicting samples for unlikelihood up-
dates, emphasizing the impact of translation instruc-
tions (especially the translation direction and lan-
guage) and addressing off-target problems.

3 Methodology

3.1 Pre-tuning on multilingual translation
samples

To unlock the translation capabilities of LLMs,
we employ a pre-tuning stage using multilingual
translation examples. Given a collection of instruc-
tion samples D = {D1,D2, · · · ,DN} covering N lan-
guage pairs, where Di denotes a translation parallel
corpus of the ith language pair (i = 1, 2, ..., N). For
each sample Sij =

{
insij ,xi

j,y
i
j

}
in Di, the model is

trained with the common approach, i.e., MLE. As
depicted in Fig. 2, the instruction ins for the multi-
lingual translation sample is “Translate the following
sentences from Romanian to English,” and the cor-
responding input source sentence x is “Hai să fim
cinstiţi: mă autointitulez titan.” We train the model
to model the mapping from both ins and x to the
expected translation output y; i.e., “I mean, let’s be
honest, I call myself a titan.” Formally, the training
loss for each sample Sij is as follows:

LMLE
Si
j

(θ) = −
∑

tn

lnP (tn|insij ,x
i
j , t0, t1, · · · , tn−1; θ),
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where tn is the nth token of the translation sequence
y; for instance, the first token of y in the above
example is “I.” θ represents the trainable model pa-
rameters. Minimizing the loss of each token in the
translation output unlocks the ability of LLMs to per-
form translation tasks by following the provided in-
structions. Then, the final objective of our first fine-
tuning stage, pre-tuning on the multilingual transla-
tion dataset, can be formulated as follows:

LMLE
D (θ) = −

∑

Di∈D

∑

Si
j∈Di

LMLE
Si
j

(θ).

It is worth noting that the instruction ins is not
limited to translation task definition. Samples from
diverse NLP tasks can be formulated into this unified
format with proper instruction.

3.2 Unlikelihood training with instruction-
conflicting samples

At the second stage, our objective is to improve
the LLMs’ instruction-following ability and enhance
the ZST capability. We employ a dual optimization
approach which involves training the model with like-
lihood loss on multilingual translation samples and
UL on samples with conflicting instructions.

1. Instruction-conflicting samples

Although LLMs can achieve impressive perfor-
mance on tasks within the multilingual translation
tuning dataset, they may encounter issues such as
ignoring instructions and generating translations in
a wrong language during ZST, commonly referred
to the off-target problem. To address the off-target
issue with unlikelihood training, we define the nega-
tive candidate samples by substituting the instruc-
tion with a different one while keeping the input
and output unchanged. We call this type of sam-
ples (instruction-conflicting samples) as the transla-
tion pairs deviating from the task associated with
the given instructions. As shown in Fig. 2, given a
multilingual translation sample Sij =

{
insij ,xi

j ,y
i
j

}

from the instruction tuning dataset D, we randomly
select a sample with different instruction ĩns

i

j ; e.g.,
“Translate the following sentences from English to
Italian.” Then, we replace the original correct insij
to obtain the instruction-conflicting sample S̃ij ={
ĩns

i

j ,x
i
j ,y

i
j

}
; e.g., “[Instruction]: Translate the fol-

lowing sentences from English to Italian; [Input]: Hai
să fim cinstiţi: mă autointitulez titan; [Output]: I
mean, let’s be honest, I call myself a titan.” in the
example. The instruction-conflicting samples con-
tain incorrect outputs, and do not align with the
task defined by the instruction.
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Multilingual translation prompt
[Instruction]: Translate the following Multilingual translation samples

sentences from Romanian to English.
[Input]: Hai să fim cinstiţi: mă Multilingual translation
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[Input]: Hai să fim cinstiţi: mă Voglio
autointitulez titan.

Italian translation: Voglio dire, siamo sinceri, io mi autodefinisco un titano.

Fig. 2 Overview of our fine-tuning framework for ZST. At the first stage, we pre-tune LLMs on multilingual
translation samples, focusing on unlocking the translation ability of LLMs. Subsequently, we introduce
instruction-conflicting samples by randomly substituting the instruction component with a different one. We
then train the model with LMLE on translation data and incorporate a UL LUL on the instruction-conflicting
samples to assign lower probabilities to wrong language tokens
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2. Unlikelihood training with instruction-
conflicting samples

Unlikelihood training aims to reduce the
probability assigned by the model to negative can-
didate tokens. Based on the previously defined
instruction-conflicting samples, we can extend the
unlikelihood training to translation-tailored LLMs,
and enhance their ability to follow instructions for
translation tasks.

In each update, we optimize the UL for
instruction-conflicting samples S̃ij :

LUL
˜Si
j

(θ)

= −
∑

tn

ln (1− P (tn|ĩns
i

j ,x
i
j , t0, t1, · · · , tn−1; θ)),

where tn represents the nth token of the output. Due
to the relatively small difference between ins and ĩns,
such as only two different words in the example, the
model pre-tuned on multilingual translation samples
usually tends to assign high probability on the out-
put. As shown in Fig. 2, the first token “I” has a high
probability, and the model is more confident to gen-
erate “I” rather than the correct word “Voglio.” The
objective of UL on the whole dataset is as follows:

LUL
D (θ) = −

∑

Di∈D

∑

˜Si
j∈Di

LUL
˜Si
j

(θ).

To prevent the potential overfitting on the un-
likelihood objective while maintaining the supervised
translation ability, we incorporate multilingual trans-
lation samples to simultaneously train the model
with likelihood loss. The overall objective function in
unlikelihood training involves a mixture of likelihood
loss and UL, defined as

LD(θ) = LMLE
D (θ) + αLUL

D (θ),

where α is the mixing hyper-parameter.

4 Experiments and results

In this section, we conduct a series of experi-
ments spanning 16 ZST directions to assess the effec-
tiveness of our algorithm.

4.1 Experimental setup

1. Datasets
We consider the following two widely used

datasets:

(1) WMT. Following Jiao et al. (2023) and Liu
YJ et al. (2023), we use the development sets from
WMT2017 to WMT2020 for instruction tuning. This
includes four language directions: En↔Zh (Zh: Chi-
nese) and En↔De, encompassing a total of 51 000
translation sentence pairs. Then, we assess the trans-
lation performance on WMT22 test sets, including
En↔Cs, En↔Ja, En↔Ru, En↔Uk, and Fr↔De. All
these translation language pairs do not exist in the
training sets, thus allowing for the evaluation of ZST
performance.

(2) IWSLT. Following Qu and Watanabe (2022),
we use the IWSLT-17 dataset to evaluate the perfor-
mance of the models. We consider the four languages
(En, Ro, It, and Nl) from MMCR4NLP (Dabre and
Kurohashi, 2019). For training, we randomly select
12000 sentence pairs from the training sets, spanning
six directions: En↔Nl, En↔It, and En↔Ro (Nl:
Dutch; It: Italian; Ro: Romanian). The evaluation
is conducted on the test set of IWSLT-17, including
Ro↔Nl, Ro↔It, and Nl↔It. All these translation
language pairs do not exist in the training sets.

2. Base models
We employ both the 7B size LLaMA 2 (Tou-

vron et al., 2023a) and the 8B size LLaMA 3
(https://llama.meta.com/llama3/) as the base mod-
els. LLaMA 2 is a robust language model that has un-
dergone training on 2 trillion tokens, with less than
2% non-English data. In contrast, LLaMA 3 rep-
resents a significant advancement, having been pre-
trained on more than 6× pre-training data used for
LLaMA 2, specifically 14 trillion tokens. This con-
sists of more multilingual data (over 5% non-English
data). Moreover, LLaMA 3 has a larger vocabulary
than LLaMA 2. These setups ensure that LLaMA 3
models have better capability to process multilingual
tasks.

3. Baselines
We consider the following baselines:
(1) LLaMA. We employ the pre-trained LLMs

directly for inference. The prompt is the same as
those used by the below machine translation (MT).

(2) MT. Following previous works (Jiao et al.,
2023; Xu HR et al., 2024b; Zeng et al., 2024), we fine-
tune the LLMs on multilingual translation samples,
establishing this configuration as our main baseline.
We format translation sentence pairs into a unified
translation template.

(3) Post-instruction (Post-ins). Following
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Liu YJ et al. (2023), we switch the positions of in-
struction and input, where the model pays more at-
tention to the instruction. Other settings remain
consistent with MT.

(4) Prompt in target language (PTL). Instead
of using the English prompt during inference, we
translate the prompt into the target language dur-
ing inference, which could potentially provide more
guidance information for generating target language
words. This setup uses the MT models for inference.

(5) K-shot. In-context learning (Brown et al.,
2020) has proven to be an effective way to improve
the performance of LLMs. We report the few-shot
performance for comprehensive comparison, includ-
ing 1-shot and 5-shot. MT models are used for
inference.

(6) Csrc+lang. Following Sennrich et al. (2024),
we employ the decoding method by contrasting the
translation sentence with language-contrastive input
and λlang = 0.5 (λlang is the hyper-parameter in-
volved in this comparison method). The inference
relies on MT models and uses a greedy decoding
strategy.

4. Model training

We conduct experiments on the Hugging Face
Transformers (Wolf et al., 2020) toolkit. During the
pre-tuning phase, we set the learning rate to 2e−5,
warmup ratio to 0.03, and batch size to 128. For
the IWSLT benchmark, we perform training over 3
epochs, while for the WMT dataset, training is con-
ducted for 1 epoch. During the second stage of train-
ing, we set the mixing parameter α to 0.05, learning
rate to 2e−6, batch size to 8, and the number of
training steps to 100. We use the final model for
evaluation.

5. Evaluation

We adopt SacreBLEU (Post, 2018) to eval-
uate the translation accuracy, where transla-
tions are generated with a beam size of 4.
Besides, we compute the ratio of wrong lan-
guage translation in the generated outputs,
i.e., OTR with a publicly available language
detector (https://fasttext.cc/docs/en/language-
identification.html) (Joulin et al., 2016a, 2016b).
We use vLLM (Kwon et al., 2023) to accelerate
during inference. Unless otherwise stated, we report
results in the ZST direction.

4.2 Main results

We compare the ZST performance of our
method and other baseline methods on the WMT
and IWSLT benchmarks, as depicted in Tables 1
and 2. Obviously, our method generates more trans-
lations in the expected languages with the lowest av-
erage OTR scores across 16 directions for both base
models. What is especially notable is the perfor-
mance of our method with the LLaMA 2 base model,
which demonstrates a significant average OTR gain
of −62.4 percentage points (PPs) on the IWSLT
benchmark compared with MT. We attribute this
improvement to the better translation direction in-
struction following the ability of our method. The
more the model tends to omit the instruction of
language, the greater the benefit from our method.
Furthermore, our method outperforms baseline ap-
proaches that mitigate off-target problems during
inference, such as PTL, K-shot, and Clang. Our
method achieves improvements of up to +14.2/+14.3
average BLEU scores and −21.0/−63.3 PPs average
OTR scores on the WMT/IWSLT benchmarks com-
pared with these methods, respectively. Regarding
the baseline adjustments during the tuning stage, our
method achieves improvements over Post-ins, up to
+1.8/+6.9 average BLEU and −9.4/−55.6 PPs aver-
age OTR on the WMT/IWSLT benchmarks, respec-
tively. On IWSLT, we also observe that our method
shows a slightly lower average BLEU score than that
of Post-ins (15.9 vs. 16.1) when LLaMA 3 is used as
the base model. Additionally, our method surpasses
other robust baseline models in these evaluations.

5 Analysis

To provide a deeper insight into the proposed
algorithm, we investigate the following issues: (1)
Can increasing the number of training steps lead to
greater benefits? (2) What is the impact of the mix-
ing hyper-parameter? (3) How does the size of the
translation data in pre-tuning affect the outcome?
(4) What role does the model size play? (5) Can
continuing training with instruction-conflicting sam-
ples maintain supervised translation performance?
(6) What is the source of the observed improve-
ments? (7) If we introduce additional general task
tuning data, can the model still retain its general
task ability?
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Table 1 ZST performance on the WMT benchmark

Base model Method BLEU score↑ Avg
Cs←En Cs→En Ja←En Ja→En Ru←En Ru→En Uk←En Uk→En Fr←De Fr→De

LLaMA 2

LLaMA 0.2 1.3 0.1 0.4 0.3 1.3 0.2 1.9 0.8 0.6 0.7
MT 18.2 39.0 9.6 16.1 21.2 36.4 9.6 34.3 4.3 3.2 19.2
Post-ins 18.8 38.0 12.4 15.8 22.1 36.5 14.6 34.1 30.7 5.3 22.8
PTL 17.6 39.0 10.6 16.1 20.0 36.4 17.8 34.3 24.7 24.6 24.1
1-shot 18.8 37.2 11.4 15.5 20.9 34.9 17.7 32.9 3.9 3.2 19.6
5-shot 18.3 37.0 12.2 15.1 20.9 34.2 18.4 31.8 3.7 3.2 19.5
Csrc+lang 3.6 35.5 2.6 13.1 3.2 33.9 2.1 31.8 1.4 0.7 12.8
Ours 18.8 38.9 12.8 16.3 20.9 35.8 18.0 32.6 29.8 19.4 24.3

Base model Method OTR score (%)↓ Avg
Cs←En Cs→En Ja←En Ja→En Ru←En Ru→En Uk←En Uk→En Fr←De Fr→De

LLaMA 2

LLaMA 90.0 24.2 98.7 16.7 86.6 20.0 90.8 14.9 84.0 85.6 61.2
MT 10.7 0.3 27.9 2.1 6.7 0.3 60.4 0.1 90.8 99.3 29.9
Post-ins 6.3 1.9 9.7 2.7 2.5 0.4 25.1 0.0 4.0 87.4 14.0
PTL 18.5 0.3 16.0 2.1 13.1 0.3 6.2 0.1 19.7 11.4 8.8
1-shot 10.1 0.4 12.6 4.0 6.5 0.5 7.6 0.1 97.7 99.4 23.9
5-shot 13.8 0.6 11.8 4.9 8.3 0.4 7.1 0.1 98.9 99.6 24.6
Csrc+lang 3.1 0.3 19.2 1.4 2.4 0.5 12.5 0.0 87.5 97.9 22.5
Ours 6.6 0.3 2.3 1.9 2.6 0.3 3.2 0.1 6.7 31.7 5.6

Base model Method BLEU score↑ Avg
Cs←En Cs→En Ja←En Ja→En Ru←En Ru→En Uk←En Uk→En Fr←De Fr→De

LLaMA 3

LLaMA 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
MT 20.6 39.7 11.5 17.3 25.2 35.9 19.7 34.2 15.3 4.8 22.4
Post-ins 21.7 39.7 12.0 16.4 24.9 35.9 18.6 34.1 33.4 11.8 24.9
PTL 20.6 39.7 5.8 17.3 24.6 35.9 19.6 34.2 15.4 10.1 22.3
1-shot 21.5 38.4 11.7 15.4 24.6 34.0 19.2 32.7 19.1 5.6 22.2
5-shot 22.0 38.0 13.1 14.9 24.1 33.7 19.8 32.4 24.6 8.4 23.1
Csrc+lang 3.0 35.1 2.2 14.5 2.6 31.6 3.0 29.4 1.4 1.7 12.5
Ours 23.5 39.6 15.6 17.7 24.9 34.8 19.6 33.3 31.0 27.1 26.7

Base model Method OTR score (%)↓ Avg
Cs←En Cs→En Ja←En Ja→En Ru←En Ru→En Uk←En Uk→En Fr←De Fr→De

LLaMA 3

LLaMA 100.0 0.1 100.0 0.2 100.0 0.0 100.0 0.0 99.2 99.3 59.9
MT 10.8 0.4 17.9 2.9 3.3 0.5 5.8 0.0 62.7 95.0 19.9
Post-ins 8.8 0.3 20.6 3.4 2.8 0.5 8.8 0.0 1.3 62.7 10.9
PTL 12.8 0.4 58.7 2.9 4.0 0.5 5.8 0.0 60.2 79.5 22.5
1-shot 10.8 0.4 10.6 3.1 3.5 0.5 4.8 0.1 48.6 92.6 17.5
5-shot 11.1 0.8 10.2 3.3 4.2 0.5 6.3 0.2 27.6 79.9 14.4
Csrc+lang 2.2 0.1 8.1 1.8 0.5 0.3 0.8 0.0 24.4 71.3 11.0
Ours 3.6 0.3 1.9 2.2 1.8 0.5 2.2 0.1 0.7 1.5 1.5

The best results are in bold, except for the OTR scores of LLaMA. ↑: the higher the better; ↓: the lower the better;
Avg: average score obtained for all directions

5.1 Effect of the number of unlikelihood train-
ing steps

To provide insight into the impact of the num-
ber of unlikelihood training steps at our second fine-
tuning stage, Fig. 3a presents the ZST performance
of our LLaMA 2-based method on the IWSLT bench-
mark. As observed, the method produces fewer
wrong language translations and higher quality trans-
lations with more unlikelihood training steps. From
the figure, it can be seen that the method achieves
its best performance, denoted by near-zero OTR
score, after about 40 updates, and this performance
is consistently maintained even with further train-
ing extending up to 100 steps. This shows that our
method can improve the ZST performance without
a significant number of updates.

5.2 Effect of α

As mentioned in Section 3.2, our algorithm in-
corporates a mixing hyper-parameter α to balance
the MLE loss and UL. This is an ablation to eval-
uate the effect of different α values. Fig. 3b shows
the ablation results of our LLaMA 2-based methods
on the IWSLT benchmark. As expected, a higher
α places greater emphasis on the UL, resulting in
fewer wrong language translations. Our method fine-
tuned with α exceeding 0.02 is unlikely to produce
translations in the wrong languages. However, when
α increases, there is a slight decrease in the trans-
lation quality as reflected by the BLEU score. This
decline may be attributed to the potential overfitting
on the UL. Future research efforts could aim to alle-
viate the effects of this potential overfitting issue. In
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Table 2 ZST performance on the IWSLT benchmark

Base model Method
BLEU score↑

Avg
It→Nl Nl→It It→Ro Ro→It Nl→Ro Ro→Nl

LLaMA 2

LLaMA 0.9 0.5 0.5 1.0 0.3 0.7 0.7
MT 7.9 8.3 2.3 4.8 2.8 4.2 5.1
Post-ins 9.0 11.2 5.6 7.7 8.1 5.1 7.8
PTL 10.2 9.4 6.8 7.8 5.3 6.6 7.7
1-shot 11.5 10.8 3.0 8.5 3.0 6.9 7.3
5-shot 8.5 9.4 1.7 6.8 1.4 4.5 5.4
Csrc+lang 2.3 2.0 0.7 1.7 0.7 1.8 1.5
Ours 17.5 16.2 15.4 12.8 12.0 14.5 14.7

Base model Method
OTR score (%)↓

Avg
It→Nl Nl→It It→Ro Ro→It Nl→Ro Ro→Nl

LLaMA 2

LLaMA 86.2 85.5 91.3 84.3 94.7 88.7 88.5
MT 49.8 39.8 85.8 65.7 80.1 68.8 65.0
Post-ins 56.8 32.4 71.3 64.7 46.2 77.7 58.2
PTL 34.4 34.2 49.7 50.2 60.0 52.3 46.8
1-shot 32.0 26.7 82.2 47.1 81.8 50.1 53.3
5-shot 46.2 34.4 95.1 57.5 92.3 69.8 65.9
Csrc+lang 31.8 46.0 85.4 65.4 82.8 56.0 61.2
Ours 2.7 1.5 3.8 1.5 3.8 2.5 2.6

Base model Method
BLEU score↑

Avg
It→Nl Nl→It It→Ro Ro→It Nl→Ro Ro→Nl

LLaMA 3

LLaMA 0.0 0.0 0.0 0.0 0.1 0.0 0.0
MT 12.0 15.1 3.5 15.9 3.1 8.2 9.6
Post-ins 17.7 17.9 13.5 19.9 12.1 15.6 16.1
PTL 14.5 17.3 8.7 18.4 8.9 10.4 13.0
1-shot 15.4 17.3 4.0 19.3 8.3 12.6 12.8
5-shot 15.0 17.8 1.3 19.3 9.6 14.3 12.9
Csrc+lang 1.3 1.5 1.2 2.3 1.1 2.5 1.7
Ours 18.2 17.9 15.6 18.4 10.5 14.7 15.9

Base model Method
OTR score (%)↓

Avg
It→Nl Nl→It It→Ro Ro→It Nl→Ro Ro→Nl

LLaMA 3

LLaMA 99.0 99.2 98.9 98.1 99.9 99.7 99.1
MT 27.4 4.5 80.7 5.7 53.3 30.4 33.7
Post-ins 5.1 3.6 13.2 4.0 11.7 5.4 7.2
PTL 19.4 7.4 45.3 5.9 32.1 25.6 22.6
1-shot 16.3 4.9 79.4 5.7 34.1 19.9 26.7
5-shot 16.8 3.5 97.5 3.5 32.5 13.9 28.0
Csrc+lang 21.7 2.4 49.9 4.7 34.2 25.6 23.1
Ours 2.5 1.5 4.8 1.7 6.4 2.1 3.2

The best results are in bold. ↑: the higher the better; ↓: the lower the better; Avg: average score obtained for all
directions

summary, our experimental results indicate that our
method exhibits robustness to varying values of α.

5.3 Results with different sizes of LLMs

To examine the influence of model size, we
fine-tune the 13B size LLaMA 2 on the IWSLT
benchmark, employing the same experimental setup
as the 7B size model. We report the results of
MT and our method in Table 3. The 13B model

consistently outperforms the 7B model in terms of
both reducing the wrong language translation ratio
(−7.1 PPs average OTR score) and improving trans-
lation quality (+2.7 average BLEU score). This find-
ing is consistent with prior research (Kaplan et al.,
2020), which suggests that increasing the number of
training parameters yields benefits. However, the off-
target problem still exists in the 13B size LLaMA 2-
MT method. Additionally, our method achieves a
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Fig. 3 Ablation studies: (a) number of unlikelihood training steps; (b) the mixing hyper-parameter α

Table 3 Impact of the model size on BLEU and OTR scores on the IWSLT benchmark

Method Size BLEU score↑ Avg
It→Nl Nl→It It→Ro Ro→It Nl→Ro Ro→Nl

LLaMA 2-MT 7B 7.9 8.3 2.3 4.8 2.8 4.2 5.1
13B 11.2 9.2 7.0 6.7 4.8 7.6 7.8
7B 17.5 16.2 15.4 12.8 12.0 14.5 14.7Ours 13B 15.5 18.8 13.8 20.4 12.9 17.4 16.5

Method Size OTR score (%)↓ Avg
It→Nl Nl→It It→Ro Ro→It Nl→Ro Ro→Nl

LLaMA 2-MT 7B 49.8 39.8 85.8 65.7 80.1 68.8 65.0
13B 38.9 55.1 57.3 69.0 67.1 59.7 57.9
7B 2.7 1.5 3.8 1.5 3.8 2.5 2.6Ours 13B 3.4 1.1 4.6 1.2 4.3 2.7 2.9

The better results are in bold. Avg: average score obtained for all directions; ↑: the higher the better;
↓: the lower the better

significantly lower OTR (2.9% vs. 57.9% average
OTR score), leading to a higher quality translation
(16.5 vs. 7.7 average BLEU score). The results
demonstrate that our algorithm remains effective
with larger LLMs.

5.4 Results with different amounts of transla-
tion data

Fig. 4 illustrates the ZST performance of
LLaMA 2-based method, as measured by BLEU and
OTR scores, with multilingual translation datasets
of varying size, denoted as n samples. Four settings
are considered, with dataset sizes of 12000, 24000,
48000, and 96000. Although the focus is on ZST per-
formance, increasing the translation dataset size also
yields improvements. For LLaMA 2-MT method,
tuning with 96000 samples achieves the best per-
formance (14.2 BLEU score and 24.7% OTR score).

Our method attains its peak performance with 96000
training samples (18.5 BLEU score and 2.7% OTR
score). Furthermore, our method demonstrates ro-
bustness across different translation dataset sizes
and consistently achieves OTR scores close to zero
across all four settings, resulting in significantly
high BLEU scores. This confirms that our method
remains effective with various sizes of fine-tuning
dataset.

5.5 Performance on supervised translation

Our algorithm primarily enhances ZST perfor-
mance through unlikelihood training on instruction-
conflicting samples. It raises a question: Does
the supervised translation ability persist even after
unlikelihood training? As shown in Table 4, we re-
port the performance of MT and ours on the IWSLT
and WMT benchmarks. Remarkably, our method
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successfully retains the supervised translation abil-
ity after unlikelihood training with instruction-
conflicting samples. Specifically, our final model
achieves comparable results compared with LLaMA-
MT for LLaMA 2-based (28.0 vs 28.5 in BLEU score)
and LLaMA 3-based (28.9 vs. 29.3 BLEU score)
models.
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Fig. 4 Impact of the fine-tuning translation dataset
size. We report the BLEU and OTR scores on the
IWSLT benchmark

Table 4 Supervised translation performance

Base Method IWSLT WMT Avg
MT 29.4 27.6 28.5LLaMA 2
Ours 28.8 27.1 28.0
MT 29.5 29.1 29.3LLaMA 3
Ours 29.4 28.3 28.9

The better results are in bold. Avg: average BLEU score.
Our method successfully achieves the goal of improving
ZST performance without compromising the effectiveness
of supervised translation

5.6 Comparison with MT models

To provide more insights into the improvements
brought by our method, we introduce model-based
translation evaluation metrics to compare MT with
our method. The model-based metrics evaluate the
semantic similarity of model generations and human
translations, including reference-based XComet
(https://huggingface.co/Unbabel/XCOMET-XL)
and reference-free CometKiwi (https://huggingface.
co/Unbabel/wmt23-cometkiwi-da-xl). Both of these
metrics achieve better correlations with human
evaluation than SacreBLEU. As they may assign
high scores to language-mismatch translations,

such as directly copying the source sentence or
incorrectly translating the source sentence into
another language, we split the test set into two
parts: those where MT models translate the source
text into the correct language and those where it
translates the source text into an incorrect language.
We report the scores for the former, and provide a
case study for the latter.

As shown in Table 5, we observe that our
method’s generated translations achieve comparable
semantic similarity to those of MT models when eval-
uated using model-based metrics. Moreover, our
method achieves higher CometKiwi scores (+0.5) in
both LLaMA 2- and LLaMA 3-based experiments.

Table 5 Evaluation with XComet and CometKiwi on
samples translated into correct language by MT

Base Method
XComet

Avg
IWSLT WMT

MT 88.6 88.2 88.4
LLaMA 2 Ours 88.4 88.3 88.4

MT 85.6 89.1 87.4
LLaMA 3 Ours 85.7 89.3 87.5

Base Method CometKiwi Avg
IWSLT WMT

MT 63.1 66.9 65.0LLaMA 2
Ours 63.1 67.8 65.5
MT 64.0 68.8 66.4LLaMA 3
Ours 64.3 69.4 66.9

The better results are in bold. Avg: average score

In Table 6, we present a case study analyz-
ing incorrect language translations by LLaMA 3-
based models on the WMT En→Ja translation task.
Compared to the MT method, our method generates
translations that are more consistent with human
translations, and are presented in the correct target
language.

These observations demonstrate that our
method enhances the model’s ability to follow
language-specific translation instructions, while pre-
serving its existing translation capabilities.

5.7 Effect on the general task performance

Inspired by Jiao et al. (2023), we examine
LLMs fine-tuned on a mixed-task dataset, en-
compassing both the general task and the trans-
lation task. Our objective is to investigate
whether our approach can enhance ZST capabilities
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without compromising the general task perfor-
mance. We construct the instruction tuning dataset
by combining Alpaca (https://github.com/tatsu-
lab/stanford_alpaca) with the IWSLT translation
dataset, and denote models tuned on this dataset
as Alpaca-(*)-MT. The Alpaca dataset consists of
52000 samples generated by self-instruct (Wang YZ
et al., 2023) across various task types. For the second
fine-tuning stage of our method, only the translation
data part is used. For fine-tuning, we use the same
hyper-parameters as the main IWSLT experiments.
We use the BLEU and OTR scores on the IWSLT test
set for translation evaluation. Following AlpacaE-
val (https://github.com/tatsu-lab/alpaca_eval), we
assess the general task performance with an LLM-
based metric. Specifically, we use OpenAI Chat-
GPT (GPT-3.5-turbo) to perform the judgment

automatically while taking LLaMA 2-7B tuned on
Alpaca data as the reference model to compute the
winning rate on the AlpacaEval dataset. The higher
winning rate is the better. The responses are gen-
erated with a temperature of 0.3 and a repetition
penalty of 1.2.

As shown in Fig. 5a, both Alpaca-7B-MT and
Alpaca-13B-MT achieve better ZST performance
than models solely fine-tuning with translation sam-
ples (10.9/12.8 vs 5.0/7.7 BLEU score and 26.3/24.7
vs. 65.0/57.9 OTR score). This aligns with
prior findings (Chung et al., 2024), which suggests
that more training tasks bring gains for tasks not
present in the training data. By tuning with
UL, our method achieves better ZST performance
than Alpaca-7B-MT/Alpaca-13B-MT (14.8/16.2 vs.
10.9/12.8 BLEU score and 3.1/2.8 vs. 26.3/24.7

Table 6 Case study of LLaMA 3-based methods on the WMT En→Ja translation task

Sentence Sentence

Input
Critics say he remains inseparable from apartheid-
era crimes and could have been held accountable
for them had he lived longer.

Input
Sources have told The Age and The Sydney Morn-
ing Herald that the Gabba is the only major sta-
dium in Australian cricket where ...

Human

家によると、同氏はアパルトヘイト代の犯罪とは

切っても切れないにあり、もっとく生きていればそ

の任をわれていたかもしれない。
Human

情筋は、世界模の映像配信に必要な膨大な数の中や

デバイスを充分に稼させる会の主源の力供が不十分

なのは、オストラリアの大模スタジアムでもガバだ

けだと· · · · · ·

MT
批判家表示，他始终与种族隔离时期的罪行

不可分割，倘若他活得更长一点，就可能被

追究责任。 (Translation in Chinese)

MT
Sources have told The Age and The Sydney

Morning Herald that the Gabba is the only

major stadium · · · (Copy the Input)

Ours
批家によると、彼はアパルトヘイト代の犯罪かられ

られず、もし生存していたならば任を担する必要が

あった。

Ours
《The Age》と《Sydney Morning Herald》(SMH)
の取材によると、ガバはオストラリアの主要なクリ

ケットスタジ· · · · · ·
We present translation examples for MT generating incorrect language translations, which are highlighted in
yellow. “Input” and “Human” indicate the source English sentences and the ground-truth target Japanese sentences,
respectively. References to color refer to the online version of this table
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LLaMA2-13B-MT
Alpaca-7B-MT

Ours-7B
Alpaca-13B-MT

Ours-13B

BLEU↑ OTR (%)↓

Alpaca-13B-MT

0

(a) (b)

20 40 60

40.0%

40.8%

43.0%

42.8%

Win Tie Lose

26.6%

31.1%

32.6%

36.9%

30.6%

25.9%

26.6%

23.1%

80 100

Ours-7B

5.0

7.7
10.9

14.8
12.8

16.2

65.0

57.9
26.3

3.1
24.7

2.8
Ours-13B

Winning rate (%)

Fig. 5 Performance after combining with general tasks: (a) ZST performance; (b) comparative winning rate.
We combine the Alpaca and IWSLT benchmarks for fine-tuning. We report the ZST performance on the
IWSLT test set. The better results are in bold. We also present the winning rate on the AlpacaEval dataset.
The higher winning rate the better
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OTR score). For general tasks, as depicted in
Fig. 5b, our method achieves a comparable general
task performance with Alpaca-7B-MT/Alpaca-13B-
MT. These results confirm the effectiveness of our
algorithm in addressing off-target translation issues
without compromising general task performance.

6 Related works

1. Translation-tailored LLMs
Due to the huge cost to call state-of-the-

art LLMs, such as GPT-4 (OpenAI, 2024), there
is a need to investigate how to effectively fit a
smaller LLM into specific tasks, e.g., machine
translation. Note that although there are some
powerful sequence-to-sequence-style large-scale pre-
trained machine translation models (Liu YH et al.,
2020; Zan et al., 2022), this paper mainly focuses
on the decoder-only LLMs due to their flexible in-
teraction modes and rich world knowledge. In the
field of LLM-based translation, various approaches
have been proposed to optimize translation perfor-
mance (Jiao et al., 2023; Liu YJ et al., 2023; Feng
et al., 2024; Li JH et al., 2024; Stap et al., 2024; Xu
HR et al., 2024a, 2024b; Zeng et al., 2024; Zhang
HB et al., 2024). ParroT (Jiao et al., 2023) proposes
fine-tuning the model on machine translation data
with a hint that incorporates extra requirements to
regulate the translation process. TIM (Zeng et al.,
2024) introduces translation samples in comparisons
to compute additional preference loss for regulariza-
tion, exhibiting superior translation ability in both
supervised and zero-shot directions. ALMA (Xu HR
et al., 2024b) proposes a two-stage approach that
first fine-tuned on monolingual data of downstream
languages followed by fine-tuning on high-quality
translation data, which achieves significant improve-
ment of translation quality. ALMA-R (Xu HR et al.,
2024a) aligns the ALMA models with the preferences
of translation evaluators using contrastive preference
optimization, achieving better performance than hu-
man translation on the test set. Liu YJ et al. (2023)
presented the position of instruction matters, and
that just moving the location of the instruction closer
to the output can alleviate the instruction forgetting
issue. Zhang HB et al. (2024) showed the overlook-
ing of source sentences in LLMs, and proposed both
unsupervised and supervised approaches to improve
this issue.

In contrast, we focus on the off-target problem
of ZST, where the model fails to follow translation
instructions, generating sequences not in the target
language. Additionally, we show how instruction-
conflicting samples can enhance the influence of in-
struction, thus mitigating the off-target problem.

2. Unlikelihood training
Unlikelihood training (Welleck et al., 2019) aims

to force the model to assign a lower probability to un-
likely tokens. This method has been further explored
in dialog tasks by Li M et al. (2020), who demon-
strated its effectiveness in generating more consistent
and coherent human-like dialog. Nogueira dos San-
tos et al. (2020) used the UL for ranking, and pro-
posed a generative information retrieval approach.
Hosseini et al. (2021) proposed the combination
of an unlikelihood objective with a reference-based
setup for input sentences to model negation with pre-
trained BERT (Devlin et al., 2019). Hu et al. (2023)
took the semantically-similar or ambiguous tokens as
negative information and acquired them via inherent
uncertainty for the ASQP task. Zan et al. (2023) pro-
posed a method to alleviate the off-target problem
in translation models trained on multilingual trans-
lation corpora, which consist of millions of sentence
pairs. They analyzed the impact of exposure bias
on the off-target translation issue and used incorrect
language ID sentences as negative samples.

In this work, we focus on translation-tailored
LLMs that reduce the reliance of translation models
on expensive, large-scale parallel corpora. We take
the instances where translation pairs conflict with
the given instructions as negative samples for ZST.
Furthermore, we consider a new case that enhances
the ability of LLMs to better follow translation in-
structions and generate translations in the correct
language.

7 Conclusions and future work

7.1 Conclusions

We propose a simple two-stage fine-tuning strat-
egy to enhance the instruction-following ability of
LLM for translation. The core procedure consists of
two main steps: (1) creating instruction-conflicting
samples by replacing the translation directions with
incorrect ones; (2) training these samples using an
additional UL. Experimental results on IWSLT and
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WMT, spanning 16 ZST directions, demonstrate the
effectiveness of the proposed method, which reduces
the OTR and produces translations of higher qual-
ity. Furthermore, our approach exerts a negligible
influence on other aspects of LLMs, such as su-
pervised translation performance and general task
performance.

7.2 Future work

The proposed method contains a mixing hyper-
parameter α to balance MLE loss and UL in unlikeli-
hood training on instruction-conflicting samples, and
the high α may overfit the model on UL. In fu-
ture work, we may focus on how to balance them
adaptively.

This work only focuses on the off-target prob-
lem in the ZST of LLMs, which could be seen as a
specific type of input-conflicting hallucination. In
future work, we will continue to explore the ap-
plication of the unlikelihood training on general
tasks, such as programming, math, and dialog, and
more types of hallucinations (Zhang Y et al., 2023),
such as fact-conflicting hallucinations and context-
conflicting hallucinations. Furthermore, we will ap-
ply our method to enhance the instruction-following
abilities of different interesting LLM-based scenar-
ios, e.g., safety (Miao et al., 2024; Zhang YQ et al.,
2024; Zhong et al., 2024), debiasing (Xu ZY et al.,
2024), multimodal analysis (Wang WB et al., 2024),
healthcare (Ren et al., 2024), and difficult code
generation (Wang S et al., 2024).
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