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Abstract

Large language models (LLMs) are increasingly used as alternatives to traditional search
engines given their capacity to generate text that resembles human language. However, this
shift is concerning, as LLMs often generate hallucinations—misleading or false information
that appears highly credible. In this study, we explore the phenomenon of hallucinations
across multiple languages in free-form text generation, focusing on what we call multilingual
hallucination gaps. These gaps reflect differences in the frequency of hallucinated answers
depending on the prompt and language used. To quantify such hallucinations, we used the
FACTSCORE metric and extended its framework to a multilingual setting. We conducted
experiments using LLMs from the LLaMA, Qwen, and Aya families, generating biographies
in 19 languages and comparing the results to Wikipedia pages. Our results reveal varia-
tions in hallucination rates, especially between high- and low-resource languages, raising
important questions about LLM multilingual performance and the challenges in evaluating
hallucinations in multilingual free-form text generation.
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1. Introduction

Since the public release of ChatGPT, large language models (LLMs) have gained popularity.
They are increasingly being integrated into or even replacing traditional search engines, such
as the LLaMA model for Meta mobile applications or Gemma for Google. This trend shows
an increasing reliance on LLMs as sources of knowledge, due to their ability to generate
human-like text. However, such use is concerning as LLMs tend to produce hallucinations.

A hallucination occurs when a LLM generates false content (Rawte et al., 2023) with
respect to a specific reference. Based on the reference type, hallucinations can be classified
as follows (Zhang et al., 2023c): input-conflicting, where the generated content contradicts
the user’s input; context-conflicting, where it contradicts earlier outputs from the model;
and fact-conflicting, where it contradicts established external knowledge. This work focuses
exclusively on fact-conflicting hallucinations.
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Previous work (Hong et al., 2024; Lin et al., 2022)
focused on measuring hallucinations through benchmarks that require human annotations,
which can be costly and hard to scale for multilingual LLMs. These benchmarks are also
not suited for a free-form text generation setup. As a result, an automated evaluation
pipeline becomes highly desirable. Statistical measures like ROUGE fail to capture semantic
variations (Sellam et al., 2020) while NLI-based approaches transfer poorly to these tasks
(Falke et al., 2019). Among LLM-based methods, Chen et al., 2024 proposed an eigenvalue
metric to measure self-consistent hallucination. However, measuring this metric is costly
and might not be suitable for the evaluation of free-form generated text across multiple
languages.

Consequently, we explore FACTSCORE (Min et al., 2023), a different LLM-based method
to evaluate hallucinations. In particular, the FACTSCORE metric uses an LLM to fact-check
outputs of other LLMs against a knowledge source. As the FACTSCORE was only developed
and tested on English text, we extend the methodology to encompass different languages
by comparing to knowledge sources in various languages and leveraging translation.

We evaluate LLMs from the LLaMA, Qwen and Aya families. We prompt them to
generate biographies in 19 different languages and we then compute the FACTSCORE met-
ric for each answer by comparing it to an external knowledge source, Wikipedia for this
project. The computation is done through three different experimental setups. We finally
analyzed the results with respect to the target language, to the experimental setup and to
the LLM used for text generation. Our results show gaps in the FACTSCORE metric distri-
bution across the prompt languages, particularly between high, medium, and low-resource
languages. Our main contributions are:

1. Extending the FACTSCORE framework to a multilingual setting to quantify hallucination
gaps across languages, with a focus on the disparities between high-resource and low-
resource languages;
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2. Evaluating a range of open-source and multilingual models to investigate improvements
associated with different architectures and model sizes;

3. Assessing the robustness of the FACTSCORE framework across knowledge sources, prompt
languages, and prompt templates.

2. Related work

Evaluating hallucinations Previous research has concentrated on evaluating, explain-
ing, and mitigating hallucinations in language models (Ji et al., 2023; Zhang et al., 2023c).
All these efforts have been focused on detecting hallucinations in English-generated text.

There are several human-annotated benchmarks available for this purpose, including
those compiled in the unified benchmark on HuggingFace by Hong et al. (2024). Since
these benchmarks rely on human annotation, they usually focus on short answers and are
time-consuming to create, making them ill-suited for evaluating multilingual hallucinations
in free-form text generation.

Automatic metrics for measuring hallucinations encompass statistical and model-based
ones (Ji et al., 2023), many of which draw inspiration from summarization evaluation.
Statistical metrics like ROUGE can only handle lexical information and fail to deal with
syntactic or semantic variations (Sellam et al., 2020). NLI-based approaches are robust to
lexical variability, but NLI models transfer poorly to abstractive summarization (Falke et al.,
2019) and struggle to locate specific errors in generated content. Faithfulness Classification
metrics (Liu et al., 2022) address this issue, but they rely heavily on English-annotated
datasets.

Among LLM-based methods, Chen et al. (2024) proposed an eigenvalue-based metric
for detecting self-consistent hallucinations. However, this approach is not well-suited for
free-form text generation, where repeated prompts can produce different, yet correct, re-
sponses, leading to lower scores despite valid outputs. More relevant to long-form text
generation are the methods proposed by Min et al. (2023) and Farquhar et al. (2024), both
of which decompose answers into atomic facts. Min et al. (2023) employs a LLM to fact-
check these facts against a knowledge source, while Farquhar et al. (2024) uses semantic
entropy probabilities. In this study, we adopt the FACTSCORE (Min et al., 2023) approach,
computationally less expensive.

Multilingual LLM Several studies have focused on evaluating language generation mod-
els within a multilingual framework. Some of these datasets include M3Exam (Zhang et al.,
2023a) for performance on human exam and Flores-101 (Goyal et al., 2022) for translation
abilities. For the performance of the LLMs we used on these datasets, refer to Annex B.
We can note that these evaluation metrics are still not consistently disclosed in technical
reports or widely-recognized benchmarks. Despite covering a broad range of applications,
these datasets do not cover hallucinations. However, they do provide evidence that LLMs
exhibit different performance across different languages.

An additional open research question concerns how multilingual abilities in these models
are acquired (Zhang et al., 2023b; Wendler et al., 2024), as some models demonstrate
proficiency in languages that are not officially supported. This observation motivated our
decision to test models across a wide range of languages, even those not explicitly supported.
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Hallucination metrics for multilingual generation Kang et al. (2024) examine auto-
matic hallucination detection metrics across different languages, including ROUGE, Named
Entity Overlap, and the NLI-based SUMMAC score. Their findings show that these metrics
do not correlate. Previous studies have suggested that these metrics may not be reliable for
assessing hallucinations (Ji et al., 2023), which motivates our investigation into LLM-based
metrics, specifically the FACTSCORE metric, to evaluate hallucinations across languages on
a range of open-source models.

The most related work to ours is Shafayat et al. (2024), as the authors also study how
to extend the FACTSCORE metric to a multilingual context. However, their methodology
revolves around prompting in the original language and then translating generated content
before assessing factuality. We broaden our investigation by adding an experiment that
prompts in English while requesting answers in another language, as well as another exper-
iment that directly compares generations to the original language Wikipedia page. Further,
we investigate the reliability of this choice of knowledge source. We also explore a wider
range of languages, a different set of entities beyond politicians, as well as multilingual
open-source models instead of ChatGPT. Additionally, our work critically examines the
robustness of the metric itself and identifies areas for improving its reliability.

3. Measuring factuality

To evaluate factual hallucinations in multilingual free-form text generation, we use the
FACTSCORE metric (Min et al., 2023). This metric is particularly suited for our goal
because it offers an intuitive, automated evaluation pipeline that can be easily adapted to
different languages. By breaking down responses into atomic facts, FACTSCORE not only
provides a more precise measure of factuality but also provides two key pieces of information:
the factuality rate and the number of facts in the response.

Let’s suppose we have a response R generated by an LLM, hereinafter referred to as
LMgygp;. The FACTSCORE metric for this response R then consists of the following steps:

1. Decompose R into a set of atomic facts A(R). An atomic fact is a short sentence con-
veying a single piece of information. This is achieved by prompting an LLM, hereinafter
referred to as LMpgy,,, to ”Please breakdown the following sentence into independent
facts” after showing it some decomposition examples.

2. Compare each fact a € A(R) with an external knowledge source C. To do so, we retrieve
the proper passage from the source C. We then construct a prompt by concatenating
the retrieved passage, the given atomic fact and “True or False?”. We then feed this
prompt to an LLM. We use the same LLM that was used to decompose atomic facts,
the LMgy,.. The answer gives us:

Supported(a,C) = 1{a supported by C}
3. (Optional) Add a length penalty p depending on a hyperparameter + if our response R
does not contain enough facts:

1-— )
p=ew (157) AR <+
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For instance, without applying this penalty, a response containing only one correct fact
would receive a 100% FACTSCORE score, while a response with hundreds of facts, 99 of
which are accurate, would get 99%. We set the default parameter to v = 10, meaning
responses with fewer than 10 facts are subject to a penalty.

4. Compute the FAcTSCORE F(R,C):

= P u orted(a
F(R,C) = AR ag(:ms pported(a, C) (1)

4. Methodology

In this section, we explain and discuss the experimental settings, i.e. the choices of LMgy,4p,
LMgyg;, content to be generated and knowledge source, then detail the experimental process.

4.1. Experimental settings

Experiments are built following the methodology of the FACTSCORE paper (Min et al.,
2023). We prompt a LMgyg; to generate content in different languages and compute the
FACTSCORE metric [1] with an LMgy,, for each answer, by comparing it to an external
knowledge source, specifically Wikipedia for this project.

Choice of the LM,,; Our objective is to evaluate open-source models with strong
multilingual capabilities and developed in various countries. We also want to include for
each model at least two different sizes to assess the impact of model size on the FACTSCORE.
The final choice was set on LLaMA-3 (8B and 70B parameters), Aya-23 (8B and 35B
parameters) and Qwen2 (7B and 72B parameters). Refer to Annex B for more details on
the LLMs chosen. In the rest of the paper, we will refer to these models without specifying
their versions.

Choice of the LMgya1 To reduce bias in the evaluation process, we opt to use a different
LMgya, than the LMgyg; models selected for the study. We use Mistral-7B-Instruct-v0.3 as
the LMgyar, and first compute the error rate and F1,,cr, metrics (as detailed in Min et al.,
2023) by computing FACTSCORE with Mistral on human annotated data. In Min et al.,
several methods are employed:

e No-context LM: Prompt ” <atomic-fact> True or False?”;

e Retrieve—LM: Retrieve passages from a knowledge source, concatenate these with the
atomic fact and ”True or False?” and prompt the concatenated result;

e Nonparametric Probability (NP): Mask each token in the atomic fact, calculate its like-
lihood with a nonparametric masked LM, average probabilities, and make a prediction
based on thresholding;

e Retrieve—LM + NP: Assign ”Supported” only if both Retrieve—LM and NP assign
”Supported”.

Based on their findings, we limit our experiments to the methods involving retrieval,
comparing both Retrieve—Mistral and Retrieve—Mistral4+-INP. The results, presented in Ta-
ble 3 in Annex C, show that Mistral performs competitively compared to the models used in
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Min et al., validating our choice of Mistral as LMyy,,. However, unlike with the model Inst-
LLaMA, adding NP did not enhance performance. We will thus use the Retrieve—Mistral
method for all subsequent experiments.

Prompts The FACTSCORE metric can be applied to any task, provided an appropriate
knowledge source is available. We choose biographies because their factuality is easier to
assess, as they generally include verifiable details such as birth dates and significant events,
and they cover a wide range of nationalities. Besides, Wikipedia offers a multilingual
knowledge source for this task, with biographies available in multiple languages.

We now have to choose the people whose biographies we will ask for and in which lan-
guages. For language selection, our goal is to cover a range of languages that includes
high-resource, medium-resource, and low-resource languages. We define languages cate-
gories, i.e. high, medium and low, based on their data ratios from the Common Crawl
corpus,drawing inspiration from Lai et al., 2023. For example, Spanish and Chinese are
high-resource languages, Persian and Hindi fall under medium-resource, and Tamil and
Swahili are examples of low-resource languages.

We also want to include as many language families as possible, while keeping the world’s
most widely spoken languages. Since we will be using Wikipedia as the knowledge source,
it is also important to ensure that all selected languages have sufficient Wikipedia coverage,
which we measure by the number of Wikipedia pages available in each language. Table 4 in
Annex D provides details on the 19 languages chosen, including the key statistics used to
perform the selection. We do not take into account the languages supported by the LMgyg;
in this selection, as some models demonstrate proficiency in languages that are not officially
supported (Zhang et al., 2023b; Wendler et al., 2024). We then proceed to select a set of
notable figures with Wikipedia pages available in all these languages, resulting in a list of
485 individuals. This selected set of entities is interestingly biased. Figures 5 and 6 in
Annex D illustrate their top 15 countries of citizenship and languages spoken, respectively.
The distribution is largely skewed towards the American citizenship and English language.

Wikipedia as a knowledge source We retrieve Wikipedia summaries in every language
for the 485 notable figures to serve as the knowledge source. Recognizing that Wikipedia
content quality can vary across languages, we start by comparing these summaries to each
other. For a given language, we translate the Wikipedia pages with GPT-4o-mini and we
compute the FACTSCORE comparing to the English Wikipedia. We choose the English
Wikipedia because the FACTSCORE indicates whether an atomic fact is supported by the
knowledge source, rather than giving information on its presence in the knowledge source.
Our assumption is that English Wikipedia is more comprehensive than other language
versions. We also compute FACTSCORE for the English Wikipedia pages, i.e. comparing
them against themselves. Results are presented in Figure 8 in Annex E.

We can directly see that the evaluator is not perfect. Indeed, comparing the English
Wikipedia to itself does not always yield a 100% FACTSCORE, even if it typically falls within
a high range of 90-100%. For the other languages, cross-checking with English yields much
lower FACTSCORE. This suggests that content in different languages can either contradict
or diverge from what is found in English Wikipedia. These observations are important for
the rest of our analysis. We will compare a generated biography with both its original
language Wikipedia version and the English one. This may give us insight on how the
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LLM captures and represents knowledge in a multilingual setting, depending on whether
the FACTSCORE is different when using these two different knowledge sources. It is also
important to consider both for a more precise analysis.

4.2. Experiments

In this section, we outline the experimental process, detailing the steps from data generation
to FACTSCORE evaluation, with intermediate sanity checks.

Data generation To ensure robustness in measuring the hallucination gaps, we use three
established prompt templates for generating biographies from the literature: ”Tell me a
biography of {}”, ”Give me a biography of {}” and ”Please give me a biography of {}”.
We use two prompting methods:

e lang-prompt: Translate the template in the target language lang and use the translated
prompt;

e en-prompt: Use the English template but add ”in {lang}” at the end (e.g., " Tell me a
biography of {} in French”).

We use these methods for our six models LMgyg;, resulting in a total of 12 text generation
setups. Each setup produces 485 x 19 x 3 generated responses.

Sanity checks Once the biographies are generated, we carry out some sanity checks to
ensure we have good enough generated answers to compute FACTSCORE with. For each
answer, we verify that it is in the correct target language with the module py3langid. We
set a threshold of 20 distinct words to remove outputs with same words repeated infinitely.
We do not compute FACTSCORE for generated answers that do not pass sanity checks.

FActScore evaluation We perform three experiments depending on the knowledge source
and prompting method used. We will refer to these experiments as (prompt language,
Wikipedia language):

1. (lang, lang): Compare the response produced with a lang-prompt to the lang Wikipedia
page;

2. (lang, en): Translate the response produced with a lang-prompt to English and compare
to the English Wikipedia page;

3. (en, en): Translate the response produced with an en-prompt to English and compare
to the English Wikipedia page.

Recall that we generated three answers for each notable figure and language. We thus
compute the FACTSCORE score for each answer and then average these three scores to
obtain a single final score per entity. We also report the standard deviation. This process
is repeated across all three experiments: (lang, lang), (lang, en) and (en, en).

Translation All translation steps, including prompt translations, generations, and Wikipedia
pages, were performed with GPT-4.
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5. Results

5.1. Sanity checks

The percentages of generated answers that passed sanity checks for each LMgyg; are shown
in Table 5 in Annex F. These initial results already demonstrate whether the LMgyg; is
able to generate multilingual text, including in languages stated as not supported. Figure
2 shows the percentage of generated responses produced in the correct target language,
for each LMgyg; and prompt setting. As expected, the models generally perform better in
generating text in high-resource languages compared to low- and very low-resource ones. For
very low-resource languages like Javanese (jv) and Malay (ms), the models rarely generate
text in the correct target language.

The best performance overall is achieved with Qwen7 both in English (en) and original
language (lang) prompting. We can note that for all models prompting in English tend to
decrease the percentages of generated responses in the correct target language. Interestingly,
for the LLaMA and Qwen families of models, increasing the number of parameters does not
always lead to better performance, especially when prompted in English.

We also observe poorer performance in the Japanese, Chinese, and Korean languages
for the LLaMA models compared to others. When examining generated answers that failed
the sanity checks, we notice that the LLaMA models often produced Romaji (writing in
Roman characters) instead of Kanji (writing using Chinese characters).

5.2. FActScore

The LMy,; studied show different trends in hallucination gaps. Figure 3 illustrates
the mean FACTSCORE per model and per language for the (en, en) experiment. For results
from the two other experiments, see Annex G. The model Qwen72 performs the best overall.
This aligns with the models’ multilingual performance on other benchmarks, where Qwen72
also ranks highest (see Table 2).

Studying different subject models shows the impact of training sets, architectures, and
model sizes on the FACTSCORE results. Aya and Qwen models, with extensive multilin-
gual training data, have good performance in supported languages (see Annex B), outper-
forming LLaMA models, which are not optimized for multilingual tasks. Notably, Qwen
models achieve the highest performance in Chinese, benefiting from tokenizers specifically
designed for Chinese characters. Furthermore, within each model family, a higher number
of parameters correlates with higher FACTSCORE. These findings reveal that multilingual
hallucination gaps are influenced not only by high- versus low-resource language distinctions
but also by factors like tokenizer design and language distribution in training data.
Hallucination rates differ across languages. Table 1 presents the average results
across all models and entities, grouped by language category. We observe multilingual
hallucination gaps, with both factuality and the number of facts decreasing as the language
resource level decline. Due to high standard deviations within these categories, we examine
the FACTSCORE distribution at a finer level, for each language.

Figure 4 shows these distributions across all models and entities, broken down by lan-
guage and experiment. See Annex I for the same results per LMgyg;. Aside from Malay (ms)
and Javanese (jv) in all experiments, and Japanese (ja) and Chinese (zh) languages in the
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Figure 3: FACTSCORE per language and
per model for the (en, en) experiment

Language Category FActScore (%) # of Facts

(en, en) (lang, en) (lang, lang) (en, en) (lang, en) (lang, lang)
Very-High 73.7 (£ 10.1) 718 (+9.9) 70.3 (+ 9.7) 79 82 103
High 70.2 (£ 12.6) 69.3 (+ 13.4) 585 (£ 164) 68 73 65
Medium 64.7 (+ 16.0) 61.3 (£ 19.5) 47.8 (+194) 54 59 49
Low 56.9 (+ 18.9) 47.6 (£ 234) 44.4 (£204) 38 34 53

Table 1: Mean FACTSCORE (£ STD) and Mean number of facts by Language Category
and Experiment for all models
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Figure 4: FactScore Mean distribution by Language and Experiment for all models
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(lang, lang) experiment, we can observe the same trend as FACTSCORE distributions are
more spread out and shifted toward lower values as the language resource level decline. It
should be noted that after filtering out unsane answers that were in the incorrect language,
we have less data points for the Malay and Javanese languages (see Figure 2). On the
contrary, only for the (lang, lang) experiment, Japanese and Chinese show distributions
that are more spread out and shifted toward lower values compared to other high-resource
languages. This raises the question of why different experimental setups affect the results.

Different pipelines show different results. Table 1 and Figure 4 highlight differences
in results across the (lang, lang), (lang, en), and (en, en) experiments, showing that the
choice of knowledge source and prompt language can influence the FACTSCORE outcomes.

Regarding the prompt language, we gain insights into the performance of the LMgyg;. As
shown in Figure 2, models respond differently to prompts given in English versus the target
language lang. When comparing (lang, en) and (en, en) — where the knowledge source
remains the same but the prompt languages differ — we observe the highest results with
the (en, en) setting. This raises concerns, as we would want models to respond accurately
to prompts in original languages.

The impact of the knowledge source presents more significant challenges, as it directly
affects the evaluator. In comparing (lang, lang) and (lang, en), where the prompt language
remains the same but the knowledge source differs, we see a decrease in FACTSCORE for the
(lang, lang) experiment, and more dispersed distributions. This trend may be attributed
to the quality of Wikipedia pages in their original languages, as highlighted in Figure 8.

The performance of (lang, lang) compared to (lang, en) and (en, en) is also influenced
by the respective multilingual capabilities of the LMgy,, and the translator (GPT-4). The
(lang, lang) experiment is the only one that involves prompting the LMgy,;, in languages
other than English. We noticed that for most languages, while breaking down a genera-
tion into atomic facts, the LMgy,;, also translated these facts into English even when not
instructed to do so. Addressing this behavior might improve results in the (lang, lang)
setting. The (lang, en) approach seems to be the most suitable option, as it allows us to
maintain prompts in their original languages.

FActScore’s robustness depends on the language. Table 6 in Annex H presents
FACTSCORE standard deviations across three prompt templates per entity. Averaging
these by language category and experiment reveals that lower-resource languages exhibit
higher FACTSCORE variability, indicating less consistency across prompt templates.

6. Conclusion

Our research shows multilingual hallucination gaps in LLMs: models tend to hallucinate
more in low-resource languages and show greater factual accuracy in high-resource ones.
Larger models generally perform better but still show hallucinations in low-resource lan-
guages. Even models with strong multilingual capabilities hallucinate in such languages, and
struggle to generalize effectively to unsupported languages, suggesting that simply increas-
ing model size or expanding training data is not a complete solution. This raises important
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concerns about the equitable performance of LLMs across different linguistic groups and
the broader implications for fairness in Al technologies.

Code availability

The code and data are accessible at the GitHub repository: https://github.com/cleachataig/
Multilingual_Hallucination_Gaps.
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