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Abstract

In this study, we examine how large language models (LLMs) translate con-
fidence expressions. We purpose a framework for measuring confidence,
which we then use to assess and evaluate translations of confidence expres-
sions. As this is also a machine translation (MT) evaluation problem, we
are also curious whether LLMs perform better with certain high-resource
languages. To do so, we trained a regression model to score 3570 En-
glish back-translations of confidence sentences across 17 different pivot
languages, ranging in resource-level. Our results show that there is in fact
a significant increase in confidence scores with respect to translation. We
did, also, find that this wasn’t true for some individual languages (Chinese
in high-resource, Quechua for low-resource). We also found that these
changes in confidence scores that are not correlated with translation quality.
Our findings therefore demonstrate how LLMs being used for MT tasks are
also producing overconfident generations, therefore increasing for the risk
of user over-reliance on overconfident MT outputs.

1 Introduction

Large language models (LLMs) have been shown to generate overconfident responses,
which have resulted in higher reliance by users on these LLM responses (Zhou et al., 2024;
2023). Therefore, it is crucial that the confidence in these models’ outputs is accurate and
calibrated with the confidence expressed in the source text to prevent over-reliance, since
recent work has shown the harms that come about from users’ over-reliance on LLMs (Yang
et al., 2024; Kim et al., 2025).

With LLMs being used for machine translation (MT) (Zhu et al., 2024), this raises the
question of whether these overconfidence tendencies are also affecting the translation
outputs. This is further important to consider for low-resource languages contexts, where
there are already widely-studied performance disparities (Kumar et al., 2021; Merx et al.,
2024). These recurring issues with low-resource translation stem from the lack of widely
available resources in these languages, which in turn prevents the development of specified
translation models and translation evaluation benchmarks for these languages (Thakur,
2024).

Therefore, for this work, we critically examine whether confidence shift occurs in LLMs
doing MT tasks, and in particular seeing if this is impacted by resource-level of language. To
examine this we introduce a framework that maps confidence markers in English sentences
onto a percentage of user reliance from Zhou et al. (2024)’s work, what was obtained by
measuring what percentage of the users are willing to accept an LLM response using the
specified confidence phrase.

Motivated by work in multilingual MT evaluation of high and low-resource languages,
back-translations, i.e., where a text is translated from a language A to B and then back to A,
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Figure 1: Overview of metrics: C(S) and C(B) represent the confidence scores, ∆C represents
the difference in confidence scores.

are commonly used in multilingual research because of their ability to capture linguistic
characteristics resulting from translation (McNamee & Duh, 2023).

For our study, we generate round-trip translations (Figure 1), where the pivot translation is
from English into the pivot language seen in Table 1, and the back-translation is from the
pivot language back into English.

Overall, we perform 3570 round translations with 17 languages ranging from high-resource
(Arabic, Mandarin Chinese), to medium (Telugu, Finnish), to low-resource (Marathi,
Quechua). Our findings across these languages show that there is a significant change
in confidence scores in the positive direction, indicating that LLMs’ overconfidence indeed
affect their translations. Surprisingly, this remains true for both high- and low-resource
languages. Additionally, we found that across all the languages we observed, there is not a
correlation with quality.

2 Related Work

Measuring Confidence Current work in measuring the expressed confidence of epistemic
markers, or confidence phrases, from LLM outputs has largely focused on general-purpose
monolingual language models (Zhou et al., 2023; Mielke et al., 2022). And while there does
exist work that has looked at confidence in MT, this work has largely looked at inference-
time model confidence calibration (Wang et al., 2020), and is more focused on translation
accuracy and not on the confidence expressed in the source text. The concerns of using
purely computational metrics instead of considering human-AI interaction perspectives
have also been raised in MT (Liebling et al., 2022).

Additionally, work that has measured human perceived confidence specifically, as was
done by Zhou et al. (2024), has been strictly categorical. This leaves room to show more
fine-grained differences in confidence by use of a numerical score metric. This can be seen
in studies that measure MT tasks quantitatively for other metrics like translation quality
(Moghe et al., 2023).

LLMs for MT Additionally, the use of LLMs for MT evaluation problems has been increas-
ingly popular in recent years (Zeng et al., 2023; Tan et al., 2024).

However, the problem of LLM outputs being largely overconfident still persists (Zhou et al.,
2024). Recent work by Zhou et al. (2025) similarly demonstrates that this issue with LLM
outputs being overconfident is directly associated with user associated over-reliance. Given
these findings, it is unclear whether current fine-tuning approaches to LLMs are directly
targeting these and similar issues.

3 Framework & Methodology

MT for Low-Resource Languages Here, we present our framework which uses back-
translations and confidence scoring to measure this confidence change due to LLMs. This
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Resource Level Language Syntactic Distance Genetic Distance Writing System

High-Resource

Arabic 0.349 1.000 Arabic
Mandarin Chinese 0.287 1.000 Chinese
Russian 0.188 0.833 Cyrillic
Portuguese 0.158 0.900 Latin
Japanese 0.499 1.000 Hiragana, Katakana, Kanji

Medium-Resource

Finnish 0.289 1.000 Latin
Telugu 0.479 1.000 Telugu
Latvian 0.246 0.808 Latin
Greek 0.217 0.851 Greek
Kazakh 0.5523 1.000 Latin, Cyrillic
Indonesian 0.274 1.000 Latin, Arabic

Low-Resource

Marathi 0.435 0.864 Devanagari, Modi
Kannada 0.466 1.000 Kannada
Quechua 0.486 1.000 Latin
Belarusian 0.214 0.833 Cyrillic
Nepali 0.474 0.833 Devanagari
Scottish Gaelic 0.243 0.874 Latin

Table 1: Breakdown of 17 languages analyzed, with URIEL Distance Scores calculated in
relation to English.

process requires the pivot translation and back-translation LLM-translated epistemic mark-
ers: A → B and B → A.

Using our confidence scorer, we compute C(S) and C(B), i.e. the confidence scores for
the source and back-translated sentences respectively. Lastly, we then compute ∆C =
C(S)− C(B) for each round-trip translation in the test set (see Figure 1).

Confidence Scoring To build our confidence scorer we use a logistic regression using
Support Vector Regression (SVR)(Drucker et al., 1996) and pre-trained word embeddings
from E5-Mistral-7B (Wang et al., 2023). This SVR is then given user sentence completions of
phrases for training. These are generated additionally by transforming Zhou et al. (2024)’s
paired dataset with epistemic markers into full sentences (see Appendix A).

The regressor is then trained using behavioral reliance percentages, where the data is put
into a an 80% training and 20% test split split. We also ensure the split does not have any
overlapping confidence markers between the training and test sets.

For this regressor, we observe low error rates of (mae = 0.314, mse = 0.124), and a Pearson’s
correlation of (r = 0.907, p < 0.001). These values indicate that the regressor has good
performance for scoring confidence phrases, and therefore we decided to utilize it as our
confidence scorer.

Selected Pivot Languages For pivot languages, we selected a diverse set of languages
spanning different language families, writing systems, and resource levels (Table 1). This
allowed us to observe a snapshot of the larger language diversity and assess how writing
system, genetic distance, and syntactic distance (as measured by URIEL scores (Littell et al.,
2017)) influence translation. Language resource levels (high, medium, low) were determined
based on existing NLP literature. Mandarin Chinese, Portuguese, Japanese, Arabic, and
Russian were classified as high-resource (Wang et al., 2025; Nicholas & Bhatia, 2023). Greek,
Kazakh, and Latvian have received moderate NLP attention (Loukas et al., 2025; Maxutov
et al., 2024; Paikens et al., 2022). Finnish and Indonesian are higher-resourced than Quechua
(Chen & Fazio, 2021), while Telugu is better resourced than Kannada and Nepali (Mukherjee
et al., 2025). Lastly: Belarusian, Marathi, and Scottish Gaelic are considered low-resource
(Kumar et al., 2021; Jain et al., 2021; Lamb et al., 2025).

We first translate the source sentences into the pivot language, followed by a translation
back into English for the back translation. The pivot translation prompt and back-translation
prompts can be seen in Appendix B. The translations of the texts were generated using a
state-of-the-art LLM: GPT-4o (Hurst et al., 2024).
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Figure 2: Distribution of Confidence Change (∆C) with respect to Language. Here, the
significant increases and decreases thresholds are determined by the Standard Deviations of
each language’s ∆C distribution. An ∗ denotes significance.

By compiling these translation and confidence scores for each of the 17 languages, we
assemble a dataset that contains both the pivot translations and back-translations (as seen
in Figure 1). We then compute the differences in confidence scores ∆C, and make holistic
as well as language specific observations that answer. Finally, we observe if or confidence
scorer was associated with a similar MT metric for translation quality.

4 Results

Research Questions For each of these languages, our work aims to look into how epistemic
markers (EMs), i.e. expressions of confidence, change when translated change the confidence.
Hence, we aim to address the following questions:

• RQ1: How does confidence of a phrase change as a result of MT and how does pivot
language choice impact this change?

• RQ2: Is the measurement of expressed confidence that we use related to translation quality?

4.1 RQ1: MT Effect on Confidence Change

For RQ1, we observed that while confidence generally does not change much during
translation. If it does change significantly it is much more often to be for an increase, or for
a higher user confidence score.

To examine how often confidence increases, is preserved, or decreases, we categorize each
back-translation using a χ2 test to compare the number of instances in the threshold, which
was set as the standard deviation (sdv = 0.0321) of the total distribution. This was done to
see whether there is a higher amount of phrases becoming more or less confident. For our
entire list of 3570 ∆Cs observed, 74.6% of them did not significantly change, 15.2% became
increasingly more confident, and 10.2% became significantly less confident. Across the ∆Cs
that significantly changed, we observed a chi-squared value of (χ2 = 39.984, p < 0.005).

Overall, the confidence is more likely to remain similar to the original sentence, but when
it is changed, it is more likely to be increased than decreased. An example of one of these
significant changes can be seen in Figure 1 with a Kannada example where ’I’m pretty
certain it’s’ has a significant decrease in confidence and becomes a less confident ’it may be
surprising that’.

In addition, we also look at each individual pivot language (Figure 2): estimating a new
standard deviation threshold for each within-language distribution. We re-categorize based
on language specific confidence standard deviation and ultimately found that 7 of our 17
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languages (Mandarin Chinese, Japanese, Telugu, Kazakh, Indonesian, Quechua, and Nepali)
did not have a significant likelihood of choosing (p > 0.05) a response with an positive
change in confidence score. While these languages appear across both high, middle, and
low-resource, we do observe that 6 of them (all besides Nepali) have the greatest Genetic
Distance from English, and all 7 have at least a Syntactic Distance of 0.25 (see Table 1).

4.2 RQ2: Similarity between MT Confidence Change and Translation Quality

Finally, to explore if ∆C is aligned with translation quality for RQ2, we also calculate
translation quality for the forward translations using CometKiwi, which is available for all
languages we are looking except for Quechua (Rei et al., 2022). This is to observe how our
confidence framework measurement is associated with a metric for translation quality, and
to see if the ∆C change in confidence score is also a translation quality metric.

For this specific study we look at 6 languages, two from each resource category (high,
medium, and low). For each of these pairs, one language observed a significant increase in
positive phrases, while one did not. Here, we found that there is all-round no significant
association between confidence scores and translation quality of phrases (Table 2).

Language Confidence Diff (r) Absolute Diff (r)

Arabic −0.020 (n.s.) 0.091 (n.s.)
Japanese −0.022 (n.s.) 0.115 (n.s.)
Kazakh −0.060 (n.s.) 0.071 (n.s.)
Latvian −0.053 (n.s.) 0.050 (n.s.)
Nepali 0.079 (n.s.) 0.099 (n.s.)
Scottish Gaelic −0.045 (n.s.) 0.015 (n.s.)

Table 2: Pearson correlation (r) between CometKiwi scores and confidence scores. Signifi-
cance ∗: p < 0.05, No Significance (n.s.): p > 0.05.

5 Conclusion

In summary, we look at 17 languages varying in resource level and approximation to English
to see if MT impacts how perceived confidence of phrases changes as a result of the machine
translation (MT) process. We find that overall there is a significant trend of increasingly
more confident outputs.

While these findings are inconclusive on what specific languages have increased confidence
outputs, it does go to show that this is a phenomenon observed in languages of all resource,
and more likely to occur in languages with less similarities to the source language (in this
case English).

Therefore, our work demonstrates how overconfidence and the risk of over-reliance on
LLMs extends to translation. While this we didn’t find which specific linguistic attributes
related to this change, we do see how this is a pattern across both high and low-resource
languages in NLP.

Limitations

These findings do, however, leave room for more exploration in the field of LLM confidence
evaluation.

In this study, we only observed GPT-4o outputs. One option would be to look at more
open and closed LLM models, like Qwen, as well as sequence-to-sequence models, like T5,
optimized for translation and see if other models Additionally, we would look into more
languages beyond just these 17, as they only offer a small glimpse and do not account for all
the language variation available.
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A Completion Prompt
Can you convert the following 10 phrases into full sentences containing a
fun fact that aren’t too geographically or culturally specific. For approx-
imately half the completions, add context before the phrase as well. But
do not add any additional certainty or uncertainty expressions. Follow the
examples below.
Examples:

1. I’m not sure, maybe it’s → I’m not sure, maybe it’s the case that honey
actually never spoils.

2. I’m 100% certain that the answer is → When it comes to fruit classifica-
tion, I’m 100% certain that bananas are in fact berries.

3. It’s likely that the answer is → I was thinking about which animal has
three hearts, and it’s likely that the answer is the octopus.

4. ...

Do this for the following phrases:
1. {input phrase}
2. {input phrase}
3. {input phrase}
4. {input phrase}
5. {input phrase}
6. {input phrase}
7. {input phrase}
8. {input phrase}
9. {input phrase}
10. {input phrase}

B Translation Prompts

Please translate the following text into {language}: {input phrase} Please
only respond with the translation, no additional greetings, comments, or
explanations.

Please translate the following {language} text into English: {input phrase}
Please only respond with the translation, no additional greetings, com-
ments, or explanations.
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