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Abstract

Machine Translation (MT) is a crucial technology that bridges language gaps, enabling seamless global com-

munication. Despite recent advancements in Large Language Models (LLMs), MT systems still face challenges

with translation accuracy, especially when critical errors occur that can distort the intended meaning of entire

sentences. This study addresses the detection of word-level critical errors in MT. We propose a novel approach

leveraging LLMs to detect these critical errors across multiple language pairs. Our method integrates a smaller-

scale language model to preemptively flag potential translation issues, subsequently refining the error detection

capabilities of LLMs. Through extensive experimentation with LLM, we demonstrate the superiority of our ap-

proach in accurately identifying critical errors. This research lays a foundational framework for the development

of more robust MT systems, ultimately enhancing global communication.
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1. Introduction

Machine Translation (MT) is a pivotal technology that
facilitates seamless communication across diverse languages
worldwide, effectively breaking down barriers to global com-
munication [Il 2]. In recent years, the remarkable advance-
ments in Large Language Models (LLMs) have significantly
improved the performance of MT systems. However, trans-
lation accuracy remains imperfect, with critical errors that
can severely distort the intended meaning of entire sentences,
sometimes leading to serious misunderstandings [3| @], [ [6].
Accurate detection of such errors is crucial for enhancing the
reliability and usability of MT systems, especially in high-
stakes domains such as legal documents, medical records,
and international communications.

Critical errors in machine translation are defined as those
that could result in a negative user experience, particularly
in contexts involving ethical, economic, or legal issues where
distortions of meaning could lead to financial losses or legal
liabilities. These errors often arise from subtle details in the
translated text, such as word choice or grammatical struc-
ture, making error detection at the word level particularly

important.
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This study explores methods for detecting word-level crit-
ical errors in MT using LLMs. We evaluate the performance
of LLMs in identifying critical errors across various language
pairs and propose strategies to enhance this capability effec-
tively. Specifically, we introduce an approach that involves
using a smaller-scale language model to preemptively detect
potential errors in translated documents, which are then used
as input for LLMs to improve their detailed error detection

performance.

To this end, we conducted experiments using the state-of-
the-art LLMs, GPT-3.5 [7] and GPT-4 [§], across multiple
multilingual language pairs. Our findings demonstrate that
our methodology offers a superior error detection capabil-
ity compared to existing LLMs. By clarifying the word-level
error detection potential of LLMs, this study provides a criti-
cal foundation for developing more accurate and reliable MT
systems. Such advancements contribute to smoother inter-
national communication and significantly enhance access to

information across diverse languages.

2. Related Work

MT has been an area of research for several decades, and

recently, Transformer-based approaches have gained signifi-



En-De Zh-En En-Ru
Method Model F1 Recall Presicion Recall Presicion F1 Recall Presicion
Zero-shot GPT-3.5 0.0332  0.0276 0.0771 0.0408  0.0388 0.0767 0.0153  0.0108 0.0412
GPT-4 0.1659  0.2117 0.1867 0.1399  0.1867 0.1276 0.0808  0.0909 0.0758
Few-shot GPT-3.5 0.0587  0.0687 0.0792 0.0341  0.0525 0.0464 0.0157  0.0138 0.0199
GPT-4 0.2151  0.2566 0.2292 0.1159  0.1481 0.1204 0.0895  0.0899 0.1047
Ours
Zero-shot GPT-3.5 0.1362  0.1206 0.2534 0.0910  0.0677 0.2042 0.1552 0.1130 0.4379
GPT-4 0.1770  0.2318 0.1778 0.1137  0.1572 0.1019 0.0111  0.0167 0.0083
Few-shot GPT-3.5 0.1899  0.2411 0.2427 0.1099  0.1250 0.1122 0.0646  0.0571 0.1167
GPT-4 0.2356 0.2898 0.2575 0.1758 0.2446 0.1622 0.1429  0.1000 0.2500

Table 1. Comparison of LLM performance with our method

cant attention for dramatically improving the performance
of MT systems [9, [I0]. Previous studies have proposed var-
ious evaluation methods for MT outputs to minimize errors
and enhance performance. These efforts have primarily fo-
cused on building sentence-level and word-level error detec-
tion frameworks, which have been further refined by lever-
aging the strong language understanding capabilities of pre-
trained language models [11] 12| [13]. Moreover, recent re-
search has particularly highlighted the potential of LLMs to
preemptively detect and correct errors in MT systems, which
is especially critical in high-risk domains where translation

accuracy is paramount [14) [15].

3. Our Method

This study explores a method for detecting critical word-
level errors in machine translation using LLMs. Our ap-
proach consists of two stages. First, we use a smaller, pre-
trained language model, XLM-RoBERTa [I6], to prelimi-
narily detect potential errors in translated documents. The
model takes both the source and translated sentences as
input and performs a binary classification to determine
whether an error is present.

Second, the preliminary error detection results are used as
input to the LLM, leveraging its advanced language under-
standing capabilities to identify more detailed errors. Specif-
ically, a prompt containing the definition of the error exis-
tence task and critical word-level error detection is provided
to the LLM. This allows the LLM to recognize the presence of

potential errors in advance and perform a more fine-grained

analysis, thereby enhancing its ability to analyze sentences

at a more detailed level.

4. Experiment

The experimental results of this study aim to evaluate the
performance changes when applying our proposed methodol-
ogy to LLMs. The experiments were conducted under zero-
shot and few-shot settings across various language pairs
(En-De, Zh-En, En-Ru). We use datasets from the WMT23
QE [I7], based on the MQM dataset [4].

Overall, the addition of our method improved the perfor-
mance of LLMs in most experimental settings. Our approach
led to performance gains for both GPT-3.5 and GPT-4 across
all language pairs in the few-shot setting. Notably, GPT-4
showed a significant increase in F1 score, rising to 0.2356
for the En-De language pair and achieving an F1 score of
0.1758 for the Zh-En language pair, demonstrating the high-
est performance improvements. Moreover, our methodology
exhibited substantial improvements in the zero-shot setting
with GPT-3.5 for the En-Ru language pair, demonstrating
that it enhances error detection capabilities even for LLMs

that typically show weaker performance in this area.

5. Conclusion

This study proposes a method for effectively detecting crit-
ical word-level errors in machine translation by leveraging
LLMs. Experimental results demonstrate that our method
offers a superior error detection capability compared to ex-

isting LLM-based systems. Future research will focus on eval-



uating the generalizability of the proposed approach across
various language pairs and translation document types and
exploring additional optimization techniques to further en-
hance the performance of LLMs. Such advancements are ex-
pected to facilitate smoother international communication

and maximize information accessibility.
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