""So, How Much Do LLMs Hallucinate on Low-Resource Languages?'’
A Quantitative and Qualitative Analysis

Kushal Trivedi !, Murtuza Shaikh!, Sriyansh Sharma?,
Indian Institute of Information Technology, Gwalior, India
2B.M.S College of Engineering, Bengaluru, India

Correspondence: kushal.trivedi.2110@gmail.com

Abstract

Language models have recently gained
significant attention in natural language
processing, showing strong performance
across a wide range of tasks such as text
classification, text generation, language
modeling, and question answering. De-
spite these advances, one of the most crit-
ical challenges faced by language models
is hallucination — the generation of fluent
and plausible responses that are factually
incorrect, fabricated or irrelevant. This
study presents preliminary work on analyz-
ing hallucinations in Q&A tasks for low-
resource languages. We evaluate model per-
formance on the Mpox-Myanmar and Syn-
DARIn datasets using three API-accessible
models: LLaMA 3.1 70B, LLaMA 3.1 8B,
and Gemini 2.5 and two monolingual lan-
guage models: HyGPT 10B for Armenian
and SealLLM for Burmese. Our work con-
tributes by systematically examining hallu-
cinations through quantitative analysis us-
ing Natural Language Inference and Se-
mantic Similarity metrics across different
model sizes and prompting strategies, as
well as qualitative analysis through human
verification. We further investigate whether
common assumptions about model behav-
ior hold consistently and provide explana-
tions for the observed patterns.

1 Introduction

Large language models (LLMs) have seen a
surge in both practical applications and re-
search developments in recent years (Hadi et al.,
2023). LLMs are trained on a vast diver-
sity of data and operate on the principle of
probabilistic outcomes (Brown et al., 2020).
Consequently, hallucination is an inherent phe-
nomenon in language models that cannot be
fully eliminated (Xu et al., 2025).

Hallucination occurs across all modalities -
text, image, video, and audio (Sahoo et al.,
2024). However, hallucination is not always
harmful. Hallucinations become problematic
when the generated statements are factually in-
accurate or conflict with universal human, soci-
etal, or cultural norms. The issue becomes crit-
ical in mission-specific, high-stakes domains
such as finance, medicine, and law, where even
a single biased or incorrect decision can pose
significant risks and, in some cases, become a
matter of life and death (Rawte et al., 2023).

Hallucination effects differ between high-
and low-resource languages (Rohera et al.,
2025). While high-resource languages (such as
English and Chinese) dominate model training
data, low-resource languages like Burmese and
Armenian, which are the focus of this study, are
represented at much smaller scales.
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2 Background
2.1 Hallucination in Early NLP Tasks

Hallucination as a problem was first studied in
neural machine translation (NMT) (Lee et al.,
2018), as well as in summarization (Cao et al.,
2022) and dialogue systems (Das et al., 2022;
Pan et al., 2024), before gaining attention in
domain-specific Q&A (Xu et al., 2024; Chen
et al., 2025). For example, in the case of
summarization, hallucinations are typically cat-
egorized as intrinsic, where the generated text
directly contradicts the source, or extrinsic,
where the output introduces facts not supported
by the source content. These early findings
highlighted that hallucination is not confined
to a single NLP task, but rather represents a
broader phenomenon inherent to probabilistic
sequence generation.

2.2 Hallucination in Domain-Specific
Q&A

Although hallucination is inherent in language
models, prior work shows that models can
sometimes correct their own incorrect claims
during explanation or justification (Zhang et al.,
2023). Such hallucinations occur across tasks
of varying complexity, from simple counting
to more complex reasoning problems (Zhang
et al., 2023). While errors in simple tasks may
have limited impact, hallucinations become crit-
ical in high-stakes domains such as medicine,
finance, and law, as well as in low-resource lan-
guage settings, where models are more likely
to produce plausible but factually incorrect out-
puts.

Medicine: Several studies highlight the risks
of LLMs in healthcare Q&A. (Siontis et al.,
2023) demonstrated that ChatGPT can halluci-
nate in cardiology-related queries. (Pal et al.,
2023) introduced Med-HALT, a benchmark

specifically designed to evaluate hallucinations
in medical reasoning and fact recall. (Zhuetal.,
2025) reviewed recent progress on hallucina-
tion detection in medical LLMs and LVLMs,
providing an overview of available benchmarks.
Further, (Jiang et al., 2025) showed that chain-
of-thought (CoT) prompting can reduce halluci-
nations in medical tasks.

Finance: Hallucinations in financial Q&A
often involve incorrect numerical values, fab-
ricated company data, or invalid market ex-
planations. (Kang and Liu, 2023) evaluated
LLMs on financial tasks and found hallucina-
tion rates particularly high when numerical rea-
soning was required.

Law: In legal Q&A, hallucinations can be es-
pecially damaging due to the reliance on case
law and statutes. (Mik, 2024) showed that
LLMs often invent legal precedents or misinter-
pret statutes, leading to legal hallucinations.

2.3 Hallucination in Low-Resource
Languages

Hallucination detection in low-resource lan-
guages for domain-specific Q&A remains un-
derexplored, with most existing research fo-
cused on high-resource settings. Some recent
work has begun to address this gap, includ-
ing NitiBench (Akarajaradwong et al., 2025)
for Thai legal Q&A systems, Better to Ask
in English (Jin et al., 2024) for evaluating
LLMs on healthcare queries, MedHalu (Agar-
wal et al., 2024), a medical hallucination bench-
mark covering diverse health-related topics,
and (Vazquez et al., 2025) for multilingual hal-
lucination evaluation.

Retrieval-augmented generation (RAG) mod-
els (Siriwardhana et al., 2023) improve domain-
specific Q&A by grounding responses in exter-
nal knowledge sources, thereby reducing hal-
lucinations and improving factual consistency.
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However, their effectiveness in low-resource
domains remains limited due to scarce parallel
corpora, language-specific fact-checking tools,
and annotated hallucination datasets.

3 Problem Statement

Large language models (LLMs) often halluci-
nate in Q&A tasks. Hallucinations can occur
in both cases: (i) when questions relate to in-
formation seen during training, as well as (ii)
when they concern previously unseen data.

Ideally, the model should indicate that it does
not know the answer; however, it frequently
produces responses that are factually incorrect.
This issue is critical in two scenarios:

1. Domain-specific Q&A in sensitive areas
such as medicine, finance, and law, where
incorrect information can be highly risky,
and

2. Q&A in low-resource languages, where
the training data is significantly smaller
than that available for high-resource lan-
guages.

To address this problem, we evaluate the per-
formance of large language models on two low-
resource datasets: a critical domain knowledge
dataset (MPox-Myanmar) (MinSiThu) and a
contextual information dataset (SynDARin)
(Ghazaryan et al., 2025).

Concisely, we aim to answer the following
research questions:

e RQ1: What is the baseline hallucination
rate of current LLMs when answering
questions in Burmese and Armenian?

* RQ2: How do different prompting
strategies (zero-shot, one-shot, few-shot,
and chain-of-thought) affect hallucination

rates in low-resource Q&A tasks across
specific domain knowledge and general
knowledge?

¢ RQ3: Can semantic similarity—based eval-
uation and Natural Language Inference
(entailment, contradiction, and neutral
classification) reliably detect hallucination
in multilingual contexts, or is further qual-
itative analysis required?

* RQ4: Do LLMs struggle only with
specific domain knowledge, or do they
also hallucinate when answering general
knowledge questions too?

* RQS5: What patterns of hallucination
(both quantitative and qualitative) emerge
as supporting material in the form of con-
textual background information is progres-
sively removed from the LLM input?

4 Methodology

4.1 Datasets

We have utilized two datasets, namely the
Mpox-Myanmar dataset and the SynDARin
dataset, for the purpose of our study.

The Mpox-Myanmar dataset is a domain-
specific question-answering dataset containing
99 question-answer pairs about Mpox (monkey-
pox) in the Burmese language. The dataset con-
tains questions ranging from factual inquiries
(symptoms, transmission) to procedural knowl-
edge (prevention measures, treatment guide-
lines).

Additionally, the SynDARin dataset is a
Q&A dataset with 1.2K samples for the Arme-
nian language. The dataset provides a para-
graph, a question, and four multiple-choice op-
tions as input for the LLM. Only one option is
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correct. The paragraph provides background in-
formation for the LLM to choose the correct op-
tion.

These datasets represent a critical use case
for evaluating LLM performance on:

¢ Low-resource languages: Burmese and
Armenian have limited training data com-
pared to high-resource languages.

* Domain-specific content: The Mpox-
Myanmar dataset contains medical and
healthcare information requiring factual
accuracy.

* Contextualized information: The Syn-
DARIin dataset contains questions that are
asked on the basis of a supporting con-
text paragraph and include specific topic-
related questions.

4.2 Models, APIs, Token Size and
Temperature

For Experiment 1, we evaluate Llama 3.1 8B
and 70B (Grattafiori et al., 2024), Gemini 2.5
(Comanici et al., 2025), and SeaLLM (Zhang
et al., 2025), covering both open-source and
proprietary models. To comply with API rate
limits, we introduce a 0.5-second delay for the
Groq API (30 RPM) and a 4.5-second delay for
Gemini and Gemma models (15 RPM). Search
is disabled for all API calls.

For Experiment 2, we use Llama 3.1 70B,
Gemini 2.5, and HyGPT 10B, following sim-
ilar API constraints as in Experiment 1 (Sec-
tion 4.3.3). Due to rate limits, evaluation is con-
ducted on the first 50 test examples, with search
disabled for all models.

The temperature is fixed at 0.10 to allow min-
imal creativity and focus on plain facts. The
maximum token size is set to 1024 tokens.

4.3 Experimental Setup 1 —
Mpox-Myanmar Dataset

4.3.1 Experiment Overview

The overview of this experiment is to evalu-
ate the language models capabilities on two
tasks: (i) pre-training knowledge and (ii) an-
swering capability in a low-resource language.
We query the LLM on the 99 questions present
in the Mpox-Myanmar dataset and compare the
responses against the ground truth. The eval-
uation is conducted using both quantitative as
well as qualitative methods. Quantitative met-
rics include NLI, which involves determining
the inference relationship between the ground
truth and the LLMs response and classifying it
into entailment, neutral, or contradiction. Qual-
itative analysis includes human verification and
the citation of examples that are adversarial or
contradictory in automatic evaluation.

4.3.2 Prompting Strategies

We employed the following prompting strate-
gies in our experiments:

¢ Zero-shot prompting:
* One-shot prompting:

* Few-shot prompting (three-shot)

Chain-of-thought prompting combined
with few-shot prompting

4.3.3 Experiment Details

e Semantic Similarity: We calculate the
semantic similarity between the gen-
erated and expected responses using
the paraphrase-multilingual-MiniLM-L12-
v2 transformer (Reimers and Gurevych,
2019). This model was selected for
its high computational efficiency to map
semantically similar multilingual phrases
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into a shared 384-dimensional vector
space. Based on this score, responses
are classified as Correct (> 0.75), Par-
tially Correct (> 0.50), or Hallucinated
(< 0.50). To the best of our knowledge,
there is no prior work that defines standard
thresholds for this task; therefore, we set
these thresholds empirically based on qual-
itative inspection of Burmese paraphrases
in the dataset. A score above 0.75 indi-
cates that the response is closely aligned in
meaning with the ground truth. The 0.50
threshold for partial correctness allows for
answers that capture the main idea but dif-
fer in wording or style. Scores below 0.50
generally reflect a large deviation from the
reference answer, indicating weak factual
support.

Natural Language Inference: We em-
ploy Natural Language Inference (NLI)
(Bowman et al., 2015) as our primary mea-
sure of logical consistency. A response
is categorized as Entailment if it logically
follows from the correct answer, Contra-
diction if it conflicts with it, and Neutral
if the logical relationship cannot be deter-
mined. For this classification, we use the
mDeBERTa-v3 model (He et al., 2021),
chosen for its support for the Burmese lan-
guage. Based on these classifications, we
define the Hallucination Rate (H) as:
Ne¢

5 [ — 1
N, + N, + N, 1

where N., N,, and N, represent counts
of Contradictions, Neutral, and Entailment
classifications, respectively.

Sentence Language Classification: Lan-
guage distribution is determined by calcu-
lating the ratio of Burmese characters to

275

total characters in the response. In the
absence of established thresholds in prior
work, a response is classified as Burmese
if the ratio exceeds 0.80, and as Mixed if it
falls between 0.50 and 0.80. Responses be-
low 0.50 are categorized as Language Fail-
ures and excluded from similarity analysis.
These values are not pre-established and
were selected based on empirical observa-
tion.

Prompting Templates: Fixed prompting
templates each strategy were chosen for
uniformity. The detailed structural layouts
for these templates are provided in Fig-
ures 4 and 5.

Note 1: Comparing smaller models such
as SeaLLM 1.5B and HyGPT 10B with
larger models, although less directly justi-
fied, is practical for both Experiment 4.3.3
and Experiment 4.4.5. This is because re-
gional models are typically trained on a
single language, and the limited availabil-
ity of large low-resource corpora restricts
the development of large monolingual lan-
guage models. As a result, we eval-
uate the available monolingual models,
which, although they underperform com-
pared to LLMs trained on larger corpora,
still achieve comparable performance.

Note 2: Semantic similarity is used only
as a surface-level signal to capture general
overlap between the generated response
and the ground truth. However, similar-
ity scores do not guarantee factual cor-
rectness, as responses can be semantically
similar yet contradictory. This limitation
is more pronounced in low-resource lan-
guages with high paraphrasing variability.
Therefore, we use Natural Language In-



ference (NLI) as a more reliable metric,
as it explicitly models factual consistency
through entailment, neutral, and contradic-
tion labels.

4.4 Experimental Setup 2 —
SynDARin Dataset

4.4.1 Experiment Overview

This experiment examines hallucination trends
in language models as supporting contextual in-
formation is progressively removed. The task
is similar to Experiment 1, but uses more gen-
eral questions. We conduct both quantitative
and qualitative analyses across three experimen-
tal settings. The same four prompting strategies
used in Section 4.3.2 are also applied in the sec-
ond and third parts of this experiment. How-
ever, we observe that changing the prompting
strategies results in negligible variation in the
outcomes, unlike in the first experiment. This
is due to the lower subjectivity of the ground-
truth answers in this dataset.

4.4.2 Part 1: Paragraph and Options
Provided

In the first part, the LLM is provided with both
the supporting paragraph and four answer op-
tions. Performance is evaluated quantitatively
by computing the percentage of correct an-
swers.

4.4.3 Part 2: Paragraph Only

In the second part, the answer options are re-
moved and the LLM is prompted to generate
the correct answer objectively based only on the
paragraph. Evaluation includes semantic simi-
larity and NLI-based metrics. In addition, qual-
itative analysis is performed via human annota-
tion using the labels TRUE, FALSE, and DOES
NOT KNOW.

4.4.4 Part 3: No Paragraph, No Options

In the final part, both the paragraph and answer
options are removed. The LLM responds with-
out any contextual support, and evaluation fol-
lows the same semantic similarity, NLI, and hu-
man annotation procedures as in Part 2.

4.4.5 Experiment Details

¢ Semantic Similarity, NLI and Other De-
tails: Since Armenian is not supported
with the MiniLM tokenizer, we have used
the BERT multilingual base model (De-
vlin et al., 2018) for this experiment. The
temperature is fixed at 0.10 for minimal
creativity and focus on plain facts. The to-
ken size is varied across different parts of
the experiment to keep the LLM responses
concise. For Part 1 of the experiment, the
maximum token size is set to 50 tokens,
whereas for Parts 2 and 3, the maximum
token size is set to 256 tokens.

5 Results and Discussion

The results for Experiments 1 and 2 have been
explained and discussed below:

5.1 Experiment 1:

1. Table 1 shows the hallucination and aver-
age semantic similarity across all combi-
nations of language models and prompt-
ing strategies. It is observed that
SealLLM 1.5B performs the best, with the
least hallucination percentage reported for
zero-shot and chain-of-thought few-shot
(three-shot) prompting. It is interesting
to note that a monolingual model with
1.5B parameters can perform comparably
or seldom outperform models trained with
a higher number of parameters, such as
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Model Prompting  Hallucination (%) Avg. Semantic Similarity

Llama 3.1 8B Zero-shot 19.20 0.543
Llama 3.1 8B One-shot 13.10 0.562
Llama 3.1 8B Few-shot 7.60 0.631
Llama 3.1 8B CoT-few-shot 6.20 0.535
Llama 3.3 70B Zero-shot 8.10 0.560
Llama 3.3 70B One-shot 5.60 0.626
Llama 3.3 70B Few-shot 17.10 0.620
Llama 3.3 70B  CoT-few-shot 9.10 0.530
Gemini-2.5 Zero-shot 11.40 0.612
Gemini-2.5 One-shot 9.20 0.597
Gemini-2.5 Few-shot 8.30 0.614
Gemini-2.5 CoT-few-shot 5.00 0.521
SealLLM 1.5B Zero-shot 5.05 0.447
SealLLM 1.5B One-shot 6.06 0.508
SealLLM 1.5B Few-shot 9.09 0.456
SealLLM 1.5B  CoT-few-shot 5.05 0.421

Table 1: Performance comparison of different models and prompting strategies on Burmese MPox Q&A in
Experiment 1 .

Model Accuracy (P1%) Hall. (P2 %)/S.S. Hall. (P3 %)/ S.S.
Llama 3.1 70B 64.00 26.00/ 0.427 32.00/0.417
Gemini-2.5 76.00 30.00/ 0.458 42.00/ 0.544
HyGPT 10B 64.00 24.00/ 0.606 56.00/ 0.488

Table 2: Performance comparison of different models on Armenian SynDARin Q&A. Abbreviations P/,
P2, P3, Hall., S.S. stand for Part 1, Part 2, Part 3 of Experiment 2, Hallucination, and Semantic Similarity,
respectively.

Llama 3.1 70B. The model sizes can be ob- tion percentage increases during one-shot
served in Fig. 3. or few-shot prompting and drops again for
chain-of-thought few-shot prompting. The
first behaviour can be explained by the fact
that providing more examples allows the
language models to better understand how
to answer the questions, especially dur-
ing chain-of-thought few-shot prompting,
which, although primarily used for logical
reasoning tasks, proves to be effective for
language tasks as well. The second be-

2. Across all models, it can be observed
from Table 1 that the percentage of hal-
lucination drops from zero-shot to one-
shot to few-shot to chain-of-thought few-
shot prompting. This trend is observed
smoothly for Llama 3.1 8B and Gem-
ini 2.5, as seen in Fig. 1. However, an ab-
normality is observed for Llama 3.1 70B
and SealLLM 1.5B, where the hallucina-
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Model Neutral, T Neutral, F Unknown Contra.,T Entail., F
Llama 3.1 70B 21 5 5 9 4
Gemini-2.5 17 7 0 17 2
HyGPT 10B 6 9 0 2 7

Table 3: Comparison of NLI responses of each model with the Human Verification Annotation for Experi-
ment 2, Part 2, i.e., without options but with paragraph.

Model Neutral, T Neutral, F Unknown Contra.,T Entail., F
Llama 3.1 70B 15 9 1 11 11
Gemini-2.5 17 10 1 12 5
HyGPT 10B 2 2 7 0 9

Table 4: Comparison of NLI responses of each model with the Human Verification Annotation for Experi-
ment 2, Part 3, i.e., without options and without paragraph.

haviour is abnormal and requires further
investigation.

. Intuition suggests that the hallucination re-
ported should be inversely proportional to
the average semantic similarity. If LLM
responses match the ground truth answers
more closely at a semantic level, hallucina-
tion should be low. However, Fig. 2 empir-
ically suggests that this relationship is not
strict, but rather weak. Therefore, high se-
mantic similarity does not necessarily im-
ply low hallucination.

4. While SeaLLM 1.5B demonstrates a sig-

nificantly low factual hallucination rate, it
has been observed that this lack of factual
inaccuracy comes at the cost of informa-
tiveness. The responses in 40-50 (%) of ex-
amples were very generic. Factual inaccu-
racy in SeaLLM 1.5B was mainly seen in
short question-answers, requiring a yes or
no type of output with short explanations,
where the LLM made the wrong choice.
In questions requiring in-depth medicine-
related facts, SeaLLLM was unable to re-
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spond in a detailed format. This highlights
the requirement of more factual training
in the form of domain-specific datasets in
Burmese. The SeaLLM model demon-
strates an over-reliance on a few domain-
specific keywords (like disease and symp-
toms) across unrelated contexts, suggest-
ing lack of understanding of word inter-
relationships. The hallucination patterns
observed in LLM responses are shown in
Table 6.

. As defined in Eq. 1, vague responses in-

crease N, in the denominator, thereby
mathematically reducing the hallucination
rate . Qualitative analysis from Exper-
iment 1 shows that SeaLLM often pro-
duces neutral, low-information responses,
effectively reducing hallucinations by say-
ing less rather than by providing correct
answers. This suggests that a low hallu-
cination rate is not always indicative of
stronger factual reliability, but may instead
reflect a conservative strategy of avoiding
erTors.



5.2 Experiment 2:

1. The statistics of human verification on top
of the quantitative metrics are shown in Ta-
bles 3 and 4 for Parts 2 and 3 of Exper-
iment 2, respectively. The main conclu-
sion drawn from these tables is that only
a very small percentage of examples are
labelled as <Entailment, TRUE> or <Con-
tradiction, TRUE>, while the majority of
examples are marked as Neutral by the
NLI model. This indicates that the confi-
dence of identifying hallucination through
NLI is low, highlighting the need for more
robust and reliable evaluation metrics.

2. For the first part of Experiment 2 (shown
in Table 2), i.e., choosing one correct op-
tion out of four for a question with a back-
ground paragraph, Gemini 2.5 gives the
best performance, achieving an accuracy
of 76.00%. However, when the options
and the paragraph are progressively re-
moved in Parts 2 and 3 of the experiment,
Llama 3.1 70B shows more stable perfor-
mance. It is worth noting that there is a
drastic increase in the hallucination rate
for HyGPT 10B when the supporting para-
graph is removed. This may imply that
Llama 3.1 70B has been trained on a larger
knowledge base compared to HyGPT 10B.

3. The qualitative analyses for the Armenian
and Burmese datasets are shown in Ta-
bles 5 and 6 respectively.

6 Conclusion

This paper evaluates hallucination in multi-
lingual LLMs (Llama 3.1 8B/70B and Gem-
ini 2.5) and regional monolingual models
(HyGPT 10B and SealLLM 1.5B) using low-
resource Burmese and Armenian datasets. A

hybrid evaluation framework combining seman-
tic similarity, NLI, and human verification is
employed. Results across multiple prompting
strategies reveal distinct hallucination patterns,
with Experiment 2 showing increased halluci-
nation as supporting context is removed, partic-
ularly for HyGPT 10B. Notably, smaller mono-
lingual models achieve performance compara-
ble to larger multilingual models despite lim-
ited training data, underscoring the need for
more low-resource datasets to improve model
reliability.

Limitations

Although we considered the entire Mpox Myan-
mar dataset (consisting of 99 samples), we
evaluated only the first 50 samples from the
test split of the SynDARin dataset (out of a
total of 1.2K samples) due to API limits on
non-premium accounts. Owing to the lack
of external funding, we restricted the sample
size used for testing. This study could be ex-
tended to include more languages; however, di-
rect question—answer (Q&A) datasets are very
scarce for low-resource languages, particularly
for domain-specific knowledge. Consequently,
dataset pre-processing would be required to
construct Q&A pairs from the original data,
which is time-consuming and demands manual
effort. Future work will remove the English-
language scaffolding used in our prompting
strategies and instead present prompts directly
in the low-resource language, reflecting realis-
tic user behavior. We will then compare model
performance under both methodologies.
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A Qualitative Analysis: LLM
Responses to Armenian Questions

Table 5 presents two examples for each
of the five possible combinations of NLI
labs and human annotation, namely (Neu-
tral, TRUE), (Neutral, FALSE), (DOES NOT
KNOW), (Contradiction, TRUE), and (Entail-
ment, FALSE).

B Qualitative Analysis: LLM
Responses to Burmese Questions

Table 6 illustrates the observed failure modes
in Burmese, providing two representative exam-
ples for each of the three manually identified
categories: short-answer questions, domain-
specific knowledge gaps, and semantic col-
lapse.

C Prompting Templates for Burmese
Hallucination Detection

Figures 4 and 5 depict the prompting templates
used for zero-shot, one-shot, few-shot, and
chain-of-thought prompting strategies.

D Key Plots

Figure 1 illustrates the variation in hallucina-
tion rates across two parameters, model choice
and prompting strategy, in Experiment 1. Fig-
ure 2 demonstrates the weak relationship be-
tween hallucination and semantic similarity ob-
served in Experiment 1. Figure 3 depicts the
sizes of the language models evaluated in this
study.
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Table 5: Examples of LLM Responses in Armenian with English Translations in Experiment 2

[ Label

Armenian

English Translation

1. Neutral, TRUE

Question: 1°p dwpquadlnid £ Euwnnbhwib
tjuat) hp ojhdyhwlwb dhnuyobph do dw-
up:

Question: In which sport has Estonia won the
majority of its Olympic medals?

Ground Truth: Cupjwiwpun

Ground Truth: Wrestling

LLM’s Response: Euwnnthwd hp ohuwhw-
Jub dhnuiatph 4o dwup dduadby £ pdpow-
dwpunnid:

LLM’s Response: Estonia has won most of its
Olympic medals in wrestling

Question: bPoywhu £ dhjwmnphw 9pdhdp nu-
uwlupgynid wpfuwphh 9pygtdatinh by yuthb-
nny:

Question: How is Victoria Falls classified
among the world’s waterfalls by size?

Ground Truth: Ujbt wpuwphh wdbbwdbo
9nytdatiphg vty £

Ground Truth: It is one of the world’s largest
waterfalls

LLM’s Response: Cuw ywithbph wpluwphh
snytdbbiph uby Lhfwnphw 9pdbdp nuuw-
Juipgymu k...

LLM’s Response: According to size Victoria
Falls is classified among the world’s largest wa-
terfalls

2. Neutral, FALSE

Question: &°pp L unbnodty Euwmnbhwh
wqquyht ojhdyhwlwb Yndhwnbi:

Question: When was the Estonian National
Olympic Committee founded?

Ground Truth: 1933 p

Ground Truth: 1933

LLM’s Response: Uju untnoyh £ 1923 pjuw-
Juwibh niwnkdptph 8-hi:

LLM’s Response: It was established on De-
cember 8, 1923.

Question: bPbywhuh” Egnhudwlupg E
hwjnbwpbpyty  <hyunphw 9pdtdh opyw-
Juypnud:

Question: What kind of ecosystem was found
around Victoria Falls?

Ground Truth: Utunwnuyhtt wiwnwn

Ground Truth: Rainforest

LLM’s Response: Eynhwdwljupgp huyjmbow-
pbpyty £ dhlunphw spybdh opgwljuypnu:

LLM’s Response: An ecosystem was found
around Victoria Falls.

3. DOES NOT
KNOW

Question: O"u L adhpduo «Ubgpuy ghotin
Unhnynui»-n:

Question: To whom is ’Last Night in Soho’
dedicated?

Ground Truth: “+hwbw (thg U Uwpqupbp
Lnpub

Ground Truth: Diana Rigg and Margaret
Nolan

LLM’s Response: Stpuuni yh fipynid, pb nud
L oyhpjwo «Uagjuy ghptipn Unhnynid» $hiuin:

LLM’s Response: The text does not mention
to whom the film ’Last Night in Soho’ is dedi-
cated.

Question: "0y [ tpwbwynid Uwynynd hnbw-
ntéa Koing-nu:

Question: What does Apollon mean in Greek
Koin?

Ground Truth: Gnpowibhy

Ground Truth: Destroyer

LLM’s Response: @Unid £ mbnGiuwnynipjnib
sbw Uwnynbh dwuhb, wyn wquwnmdwnny phd
Jupnn wwwwuluwbdb] wyu hwpghé wmpgwo
wnbipunh hhdwb Ypuw:

LLM’s Response: It seems there is no infor-
mation about Apollonius, therefore I cannot an-
swer this question based on the provided text.

4. Contradiction,
TRUE

Question: (°pd L (+hywpnuno-Fnpdwi
ELlwnh wyp wdguanuip:

Question: What is another name for the
Richardson-Dushman effect?

Ground Truth: Ptpihnbuyhd wpunwdbund

Ground Truth: Thermionic Emission

LLM’s Response:  (‘Fhywpnuni-“Fnipdwi
EdEYunh wyp wbjuwanuda £ gbpdwkbljupnaw-
Jhtt Edhuhw:

LLM’s Response: Another name for the
Richardson-Dushman effect is thermionic emis-
sion

Question: Opunb’n L wbgiugyty 1980 pyw-
Juih wdwnuyhtt ojhiwhwlwd fuwnbpn:

Question: Where were the 1980 Summer
Olympics held?

Ground Truth: Swyht

Ground Truth: Tallinn

LLM’s Response: Ujt wbaglugyty & Swyih-
tnud:

LLM’s Response: It was held in Tallinn.

5. Entailment,
FALSE

Question: G np wjwpuybghtt nwuhqu-
pnipuithquh nuunwyupnipyniaabpn:

Question: When did the racism-turanism trials
end?

Ground Truth: 1947 pyulubdh dwpwn

Ground Truth: March 1947

LLM’s Response: “}nwbip wjwpunybght
1945 pywuih dwpwnhb:

LLM’s Response: They ended in March 1945

Question: (0°p dwpquadlnd £ Euwnnbhwib
tjuab) hp ojhdwyhwlwb dhnuybobph dbo dw-
up:

Question: In which sport has Estonia won most
of its Olympic medals?

Ground Truth: Cupyudwpun

Ground Truth: Wrestling

LLM’s Response: Owbpwiwpunnid

LLM’s Response: In weightlifting
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Table 6: Examples of LLM Failure Modes in with English Translations in Experiment 1

[ Failure Observed

Burmese

English Translation

1. Hallucination in
Short
Question-Answer

Question: mecosco&ﬂos eeﬂan&;aﬂorfgeq}rﬂ

Cs OC 2
mz@m@q&cmz.
il 1

Question: Can children get Monkeypox?

Correct Answer: mc;c\):cofx{p:ooé

C C C =] C
ogecbepguiqpisé cgloBrqpicons
sepolcoman 83@5"0000)9 302392 SloonSi

QTJO@C [T ° ‘?Oo C"ﬂl C@

eep(ﬂozoo@ 20680008 VYWD CY:MNCID

: C ° C g(‘ lO OC
m@m:ccoaeg:(gozoac@:{agﬁ O.BG;JL)OO
ee°m0°omcm°cw%°m“ msp:

O’)CU)UDOOGO’)@C O)OJ@UDG (YJ ®0’S§&ﬂo&én

Correct Answer: Yes, and they may experi-
ence more severe symptoms than adults. Trans-
mission can occur to a fetus in the womb, during
birth, or through initial close contact after birth.

L
LLM Output: cocoo: cooqp 0P
eqpmerv:ﬂom@q)(ﬂ na:o)maeﬁc@é: e%nﬂn

LLM Output: Children cannot get infected by
Monkeypox

2. Domain-Specific

. C
Questlor\l. eqpanempPmEspol comameom
oooeogco?

Question: What are the symptoms of Monkey-
pox?

Correct Answer: eep(ﬂmmamgaejs@é

Correct Answer: Symptoms include fever, se-

o C Cc oc¢ C o C O C
%%G%GOJ)ZQL)OCQ{PZ?(E QOCI0MNAVVWMODDO

. Co OC o N C ¢
(rlfuo)maq&lce@ 000Vl

Knowledge Gap ‘{P:@ & 69(162326155(‘8 (YS@&l vere headache, muscle aches, back pain, low en-
< Qe ‘,]D c. ergy, swollen lymph nodes, and skin rashes or
@mw“‘?)d{lc@c“' ° ”‘?D@c“' lesions. Rashes usually appear 1-3 days after
C (S C C¢ c ocC . .
322:3CM QGZ@CZI @§q§3aoqu fever starts, progressing from flat spots to fluid-
Ggpéﬂé'?@&&é mealoreTond 39%“'30’8%]9 filled or pus-filled blisters before crusting over
c~e "o ¢ °© °© and falling off.
oom@cz 020UI00 FWI0S QS
C 9§ . c O O
apS{mpdeqpiognifgticiad
wq_p:ageogﬂcloooo(ﬂoo@n
LLM Output: c;etp(\r()@(\q_pmeep(ﬂogé LLM Output: Monkeypox disease has many
qpigoeon GGP(;]C\)(T)CUDE{I’)Z %wé” symptoms.  Mainly, fever and skin-related
o° r~co Qcc o “oc symptoms usually occur. If there are contacts,
%ems@on@g %P“?O@C"‘?? 33@61@)°aolc one should be careful of the symptoms and per-
coM@NYP: @ogeonoSooélw form what is necessary for health.
ogeogﬁa{p qcﬂm esp(ﬂcommq_p 22
oeﬁo&ng@: rv%ﬁzeo@q:zaogm
C\i%sfaéoa@q_pa(?f\l)oeai’)coagooén .
Question: eﬁpmerfﬂom@epof] oq:@m%ce@ Question: Who are most at risk of catching
D bu[:c ¢ 0 Monkeypox?
. qPi90:|80DEM DLOREPA]
3. Semantic Correct Answer: oy$:aoeep0sco5iap: Correct Answer: Health workers, household
Collapse orrect Answer: 0|$:026€:05000:q:! orrect Answer: Health workers, househo

members, and sexual partners are at higher risk
of infection.

LLM Output: m:@o*géqgée[g 33%96303 HEp)
IL L J L IL ]
eep(ﬂqp:l eq)(ﬂm(gm&{p:?é 33[;}3:@0:0

GGP(';]OgGOg’JGLqP‘ZOJ) @é(ﬂ@éll

LLM Output: The people most at risk are
diseases, symptoms, and other disease contacts
only...
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Hallucination Rates Across Models and Prompting Strategies

Prompting Strategy
Zero-shot
One-shot
Few-shot
CoT-few-shot

175

Hallucination Rate (%)
[

w o~ 5 & G

& & & u o

~
n

°
o

Llama 3.1 88 Llama 3.3 708 Gemini-2.5 SealLM 1.5B
Model

Figure 1: Bar chart for hallucination rate comparison across all models and prompting conditions in Exper-
iment 1.

Hallucination vs Semantic Similarity Across Models and Prompts

xL\ama 318B

18 7 Llama 3.3 7pB
— 16 1
g
& 14 | Prompting Strategy
m
x % Zero-shot X Llama 3.1 8B
c
g 124 X Oneshot Gemini-2.5
[ Few-shot X
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T a4 xLIama 3.370B Liabna 3.1 88

Llama 3.1 8B
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Figure 2: Scatter plot for hallucination vs. semantic similarity trade-off in Experiment 1.

Figure 12: Size of utilize large language models
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Figure 3: This bar graph shows the size (number of parameters) of the large language models we have
utilized for our experiments
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One-shot Prompting Template

Prompt:

You are being asked questions about Mpox (monkey-
pox). Answer accurately in Burmese language based
on the information you have.

Important guidelines:

» For factual questions with definite answers:
Be specific, detailed, and descriptive.

Zero-shot Prompting Template * For questions about preventive measures or
recommendations: Only provide information
Prompt: you are certain about.

Question: {question} Answer the
question in Burmese language. Be tion.
accurate and concise.

* Do not guess or provide uncertain informa-

Example:
. CcC C
Question: Gmmo)e(ﬂmeep(ﬂ@ﬁ COMAMYPiED

3’900()5‘?@(:”
Answer: G@')(‘fS(BGL;](éGQT)(;]@'ﬁ 3’38(‘0(\)0303’)’) Z(J:D
C o C O CN C cC o ¢C C C
({PZ%’D@CZI rfeoa@g’)(rem@@c:l G@r]CZ(YJ(Y)@CZ‘?g
%Gq@DiGoTO’)é 320908 GUTC\D@C(;ZO% @@O wéu
o L 13

A

Now answer this question:

Question: {question}

Answer:

N\ J

Figure 4: Prompting templates used in Experiment 1.
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Few-shot Prompting Template

Prompt:

You are being asked questions about Mpox (monkey-
pox). Answer accurately in Burmese language based
on the information you have.

Important guidelines:

* For factual questions with definite answers:
Be specific, detailed, and descriptive.

» For questions about preventive measures or
recommendations: Only provide information
you are certain about.

* Do not guess or provide uncertain informa-
tion.

Examples:

. CC C C

Question: emm@eaﬂmeep(ﬂoa@
C o B CcoC (‘O

o o%(?bom‘%coo‘?gqu . ]

Answer: 325:0P000C0R0I Gsp(ﬂe]oogﬁ

- & rlO"Jl © LTS c

33@61[;[)332([9&{]’)5 O\B@U?CO BBQ?ZCDGQ(DCEI&.PZ?O’)GX)CE

2005300005
i’ 1 =

Question: Guorrgogeé]rygeeprﬂrrg
opSBmmmus8Eaospsii ‘
& P o T ‘? °
Answer: C\)(YSE{P:(’YO? © moacmeaoze@ao@ézl
eep(ﬂé)]oo 28 w%:m&eogeoo@&og ¢

1L 1 e O e °
oS8 dlasgSi

L

Now answer this question:
Question: {question}
Answer:

- J

Chain-of-Thought Template

Prompt:

You are being asked questions about Mpox (monkey-
pox). Answer accurately in Burmese language based
on the information you have.

Important guidelines:

* Show your reasoning process step by step be-
fore giving the final answer.

For factual questions with definite answers:
Be specific, detailed, and descriptive.

* For questions about preventive measures or
recommendations: Only provide information
you are certain about.

* Do not guess or provide uncertain informa-
tion.

Example with reasoning:
. C C

Question: emm@ecﬂmcep(ﬂoo@ Ve mo%
COoC

(vl?:o)m%c&oacm:n

Reasoning:

cC C C
1. Gmm@@(ﬂm@ep(ﬂw@

o C Q coc '] [«
3. OLBG anC C\DQJQ C\DO‘P (Y)ZO)(Y)%CO O\)@II

Answer: 0050100051 cer056cUlSeePnlodS u
C & 9P 2 RS

o 2] C O C coC ’] C
QOO0 39%20’)()@@0)880)@0 MIOMKCOL O\)@II
[ Oell 1 ° L L

Now answer the following question by first showing
your reasoning and then providing the final answer:
Question: {question}
Reasoning:
Answer:

& J

Figure 5: Prompting templates used in Experiment 1.
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