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Abstract
Hallucination is a persistent issue affecting all large language models (LLMs), particularly within low-resource
languages such as Persian. PerHalluEval (Persian Hallucination Evaluation) is the first dynamic hallucination
evaluation benchmark tailored for the Persian language. Our benchmark leverages a three-stage LLM-driven pipeline,
augmented with human validation, to generate plausible answers and summaries regarding QA and summarization
tasks, focusing on detecting extrinsic and intrinsic hallucinations. Moreover, we used the log probabilities of generated
tokens to select the most believable hallucinated instances. In addition, we engaged human annotators to highlight
Persian-specific contexts in the QA dataset in order to evaluate LLMs’ performance on content specifically related to
Persian culture. Our evaluation of 12 LLMs, including open- and closed-source models, using PerHalluEval, revealed
that the models generally struggle to detect hallucinated Persian text. We showed that providing external knowledge,
i.e., the original document for the summarization task, could partially mitigate hallucinations. Furthermore, there
was no significant difference in terms of hallucination when comparing LLMs specifically trained for Persian with others.
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1. Introduction

Large Language Models have rapidly achieved
global prominence due to their versatility in Nat-
ural Language Processing (NLP) tasks (Naveed
et al., 2023), driving extensive usage (Yang et al.,
2024b). However, despite their impressive capa-
bilities, a primary challenge affecting all LLMs is
their tendency to “hallucinate,” contextual misinter-
pretation, factual fabrication, specificity distortion,
incorrect inference, and unwarranted uncertainty
(Ji et al., 2023). Consequently, even prominent
state-of-the-art models—including GPT-4 (Achiam
et al., 2023), and Meta’s LLaMA (Touvron et al.,
2023)—have all exhibited instances of hallucina-
tions, highlighting that this issue persists even in
highly advanced systems (Bang et al., 2025).

On the other hand, although the performance of
LLMs on high-resource languages such as English
has advanced, more research is needed to thor-
oughly assess and enhance their performance on
low-resource languages, especially those with com-
plex structures and rich morphology. (Chataigner
et al., 2024; Zhang et al., 2025) Persian, due to
its extensive morphology, pro-drop syntax, Ezafe
construction, and right-to-left script, is also re-
garded as one of these demanding low-resource
languages (Shamsfard, 2019; Ghayoomi et al.,
2010; Khashabi et al., 2020).

Despite the datasets available for the Persian
language (Farsi et al., 2024; Sabouri et al., 2022),
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the language is not rich in resources. This limita-
tion, along with its grammatical and lexical com-
plexity, makes its study on LLMs, especially on
hallucination detection, more challenging. Nu-
merous benchmarks like HalluLens (Bang et al.,
2025), ANAH/ANAH-v2 (Ji et al., 2024), GraphE-
val (Cao et al., 2024), and FactBench (Bayat et al.,
2025) are available for assessing hallucinations,
yet they predominantly cater to English and other
well-resourced languages. The evaluation of hal-
lucinations in Persian has remained largely unad-
dressed. To date, comprehensive resources for
evaluating Persian LLM hallucinations do not virtu-
ally exist, underscoring a significant research gap
that needs to be addressed to make LLMs more
reliable and resilient.

To address this gap, we introduce PerHalluE-
val (Persian Hallucination Evaluation), the first dy-
namic hallucination detection benchmark specifi-
cally tailored for Persian. We propose a novel multi-
agent pipeline, augmented with human validation,
to generate diverse, challenging hallucinated exam-
ples by generating two hallucinated datasets based
on the PN-Summary (Farahani et al., 2021) and
PQuAD (Darvishi et al., 2023) datasets. Moreover,
to get more accurate data, we employ a competent
LLM in addition to a probabilistic verifier to rigor-
ously filter out low-quality instances. Our approach
distinctly categorizes intrinsic hallucinations, i.e.,
contradictions to the source, from extrinsic hallu-
cinations, i.e., unsupported content, and demon-
strates its effectiveness through extensive evalua-
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Figure 1: The pipeline of constructing PerHalluEval dataset, consisting of three stages: initial data
selection, generation, and filtering, which was augmented with human validation. The visualized prompts
are for the QA task, translated into English.

tions of various LLMs, underscoring their unique
challenges with Persian linguistic features (Bang
et al., 2025).

Following that, we perform a benchmark task
to evaluate 12 LLMs on our crafted hallucination
dataset—to evaluate their performance in gener-
ating reliable outputs in Persian—using our three
metrics: Hallucination Recall, Factual Recall, and
Hamming Score, which will be described in more
detail subsequently. To contextualize these aggre-
gate results, we additionally provide representative
qualitative error-analysis cases in Appendix D. Our
evaluation of different varieties of models, including
models explicitly fine-tuned for Persian and main-
stream model families, shows that they struggle to
detect hallucinated Persian content.

Our findings aid researchers in identifying hal-
lucinations in models, particularly for the Persian
language, and pave the way for future studies as a
comprehensive hallucination evaluation benchmark
designed for Persian.

2. Related Work

In recent years, hallucinations in LLMs have be-
come a major concern (Huang et al., 2023; Brown
et al., 2020). The propensity for hallucination is
further exacerbated in specialized domains charac-
terized by high expertise requirements and limited
training data, such as circuit design (Petersen et al.,
2025; Cassidy et al., 2025; Fayyazi et al., 2024)
and network analysis (Hao et al., 2024; Tarzjani
and Krishnamachari, 2025). Researchers distin-

guish between intrinsic hallucinations—when out-
puts contradict the source—and extrinsic halluci-
nations, where generated content seems plausible
but cannot be verified (Ji et al., 2023; Maynez et al.,
2020). While intrinsic errors are often easy to spot,
extrinsic ones are much subtler, arising from the
model’s knowledge gaps or mistaken assumptions
(Ji et al., 2023).

To address these challenges, a range of bench-
marks has emerged (Huang et al., 2023), includ-
ing HaluEval (Li et al., 2023), HalluQA (Cheng
et al., 2023), ANAH (Ji et al., 2024), HalluDial
(Luo et al., 2024), and others (Dziri et al., 2021).
These resources reveal weaknesses of LLMs in
fact-checking, dialogue, and QA. Newer tools, such
as HalluLens, refine the distinction between factu-
ality and hallucination and enable more effective
evaluation (Bang et al., 2025). Recent benchmarks
like RAGTruth and FactCHD focus on retrieval-
augmented and complex reasoning settings (Chen
et al., 2023; Kryscinski et al., 2019).

Mitigation strategies now include methods like
SelfCheckGPT and contrastive learning (Manakul
et al.). QA-based evaluation protocols (QAGS
(Wang et al., 2020), FEQA (Durmus et al., 2020))
and correction models (Span-Fact (Dong et al.,
2020), FASum (Zhu et al., 2021)) further improve
factual consistency.

Despite these advances, most progress has cen-
tered on high-resource languages. In contrast,
Persian NLP lags behind (Mehrban and Ahadian,
2023; Sadjadi et al., 2024; Abbasi et al., 2023;
Rostami et al., 2024). Commonly Persian bench-
mark resources, such as ParsiNLU (Khashabi et al.,
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2020), Persian in a court (Farsi et al., 2025b),
Khayyam Challenge (Ghahroodi et al., 2024) and
Melac (Farsi et al., 2025a), do not address halluci-
nation (Jolfaei and Mohebi, 2025).

Approaches that work for English or Chinese typi-
cally require extensive external datasets, which are
unavailable for Persian. To bridge this gap, we intro-
duce PerHalluEval, a fresh, dynamic benchmark de-
signed specifically for Persian. PerHalluEval goes
beyond static testing, enabling more effective hallu-
cination detection in both question answering and
summarization tasks. By drawing on multiple LLMs
and considering the distinct features of the Persian
language and culture, our benchmark paves the
way for a more reliable evaluation and helps set the
stage for future progress in low-resource NLP.

3. PerHalluEval Benchmark

The main goal of constructing this benchmark is to
evaluate LLMs’ hallucinations in Persian regarding
two categories, extrinsic and intrinsic hallucination
(Ji et al., 2023). Original correct sentences and
their hallucinated ones, which are generated by an
LLM-driven pipeline, augmented with human valida-
tion, constitute the PerHalluEval benchmark. The
construction pipeline, as shown in Figure 1, com-
prises three stages: initial data selection, genera-
tion, and filtering. Human annotators then validate
the selected candidate. To avoid saturation through
leakage, this LLM-driven benchmark is thought of
as dynamic, with data that can be dynamically gen-
erated on demand via a generation-and-filtering
pipeline, maintaining a continually refreshed pool
that resists memorization and preserves evaluation
integrity. (Bang et al., 2025).

3.1. Initial Data Selection
The first step in constructing the PerHalluEval
dataset is collecting initial samples. For this pur-
pose, two existing Persian datasets: PN-Summary
(Farahani et al., 2021) and PQuAD (Darvishi et al.,
2023), are selected, covering summarization and
question answering tasks, respectively. The Pn-
summary dataset contains 93,207 records consist-
ing of articles and their corresponding summaries.
The PQuAD dataset includes about 80,000 ques-
tions, their corresponding answers, and a related
context passage.

In this paper, 4,000 instances are sampled from
each dataset using task-specific procedures to pre-
serve diversity and coverage. To select 4,000 ques-
tions for the QA task (PQuAD), which has 19 topical
categories labeled, stratified sampling is used to
ensure that the label distribution matches the orig-
inal dataset within ±0.3 percentage points. Clus-
tering by document length is also used to ensure

coverage from short to long articles for the summa-
rization task (PN-Summary), which does not have
topic tags. Each article is encoded using the log-
arithm of its token count, and then k-means (k =
40, cosine distance) is applied. Articles are then
sampled uniformly from each length cluster.

3.2. Generation
In the second stage, the hallucinated version of the
data acquired from the previous stage is produced
using some well-known LLMs with appropriate in-
structions. For this purpose, two closed-source
LLMs–GPT-4o and Gemini 2.0 Flash—due to their
outstanding performance in Persian, along with one
open-source LLM, Llama-3.3-70B.

One of the crucial aspects of this pipeline is devel-
oping a strong instruction for the mentioned LLMs
to generate hallucinated responses. This instruc-
tion consists of four parts: an overview of the goal,
hallucination patterns, a few-shot example for each
pattern, and output structures. Figure 2 demon-
strates the instruction structure for the QA task.

The first part of the instruction provides a detailed
description of the definition of the task, inputs, out-
puts, and expected response. Hallucination pat-
terns are scenarios that explain how LLMs must
produce hallucinated answers. The same set of
diverse patterns is used for both QA and summa-
rization tasks. Five types of patterns are consid-
ered for both tasks: contextual misinterpretation,
factual fabrication, specificity distortion, incorrect
inference, and unwarranted uncertainty (Ji et al.,
2023). An example per pattern illustrates a pair of
correct and corresponding hallucinated versions.
The last part of the instruction includes constraints
on the output structure, such as response length.

The prepared instructions are fed into the three
mentioned LLMs, accompanied by the curated, ac-
curate data during the initial data selection phase.
Finally, in this stage, there are three hallucinated
candidates for each of the received samples.

3.3. Filtering Hallucinated Candidates
The objective of the third stage is to obtain the
most believable and challenging hallucinated con-
tent among the three candidates. Accordingly, a
simple prompt format is used, reflecting how most
non-expert users normally engage with language
models, favoring straightforward prompts over com-
plex engineering techniques (Mishra and Nouri,
2023). Appendix E illustrates the prompt formats for
both QA and summarization tasks, accompanied
by example inputs.

When this prompt and each candidate are fed
into the verifier GPT-4o, it returns “Y” or “N,” along
with their corresponding log probabilities. Log prob-
abilities are utilized because, as shown in (Kauf
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Figure 2: Instruction structure of generating hallucinated content, including an overview of the goal,
hallucination patterns, a few-shot example for each pattern, and output structures, for the QA task. The
Figure shows the English translation of the original Persian instructions.

et al., 2024), they provide a more reliable assess-
ment of semantic plausibility than direct zero-shot
prompting, which frequently produces inconsistent
and inferior outcomes.

One of the challenges is that the models’ re-
sponse log probabilities contain different characters
corresponding to our ‘Y’ and ‘N’ labels. Accordingly,
log probabilities are extracted for all ‘Y’ and ‘N’ la-
bels and their equivalents using regular expression
pattern (as illustrated in Appendix G) to ensure the
accuracy of our evaluation. If an output contains
no token that matches either of these regexes, the
instance is treated as unparseable and excluded
from the analysis. To enhance interpretability, a
percentage is derived from the log probability by
applying the exponential function. To evaluate the
candidates’ credibility, a confidence margin is cal-
culated using the following score function:

Score = P (′Y ′)− P (′N ′) (1)

A higher score indicates that the model regards this
response as more plausible, with the rise in P(‘Y’)
and decline in P(‘N’). Ultimately, the hallucinated
candidate with the greatest score, indicating the
most reasonable one to the model, is selected as
the final answer, which is the most challenging hal-
lucinated content to be recognized by LLMs. This
robust selection is then utilized to evaluate the ca-
pability of various LLMs in detecting hallucinatory
contents in QA and summarization tasks.

Additionally, a post-hoc analysis of the filtering

outputs shows that the finally selected hallucinated
candidates are well-distributed across source mod-
els (Table 1), suggesting that our selection proce-
dure does not favor any one generator and thus
mitigates generator-specific selection bias.

Table 1: Source-model share of selected hallucina-
tions.

Task Model Name Share (%)

QA
Gemini 2.0 Flash 40%
GPT-4o 31%
Llama 3.3 70B 29%

TS
Gemini 2.0 Flash 38%
GPT-4o 30%
Llama 3.3 70B 32%

3.4. Human Validation
Besides the above work on the quality and reliabil-
ity of the hallucination datasets, we also conducted
full human annotation. All 4,000 items in the sum-
marization and QA datasets were independently
annotated by three annotators. Annotators followed
a concise instruction sheet: label an item as halluci-
nated when the generated content is unsupported
by, or contradicts, the source; label it as factual
when all claims are supported by the source. We
used majority voting: an item entered the final hal-
lucination set if at least two annotators labeled it as
hallucinated; otherwise, it was excluded. Instruc-
tions provided in Appendix C.1.
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Figure 3: Comparison of evaluated LLMs’ performances on the QA task. Error bars show 95% confidence
intervals across evaluation samples. Open-source models are displayed in black, Gemini in orange, and
Anthropic in blue.

This majority-vote decision rule achieved high
retention rates in the two datasets. In detail, 3,829
out of 4,000 QA items and 3,917 out of 4,000 sum-
marization items were retained during validation.
The inter-annotator agreement was assessed in
terms of Gwet’s AC1—reliability index, a measure
robust against prevalence and marginal probability
bias, and which attained high indices of 0.89 and
0.91 for the QA and summarization set, respec-
tively. These results point to the stable annotation
agreement and testify to the validity of the human-
curated hallucination labels of the benchmark

3.5. Evaluation
Models. In this benchmark, 12 Large Language
Models, spanning a wide range of open-source
and commercial models, are evaluated. To ad-
dress Persian-specific performance, some models
that are explicitly fine-tuned on Persian datasets
are included, specifically Dorna1, Dorna22, and
PersianMind (Rostami et al., 2024). Other multilin-
gual open-source models are Llama 3.1 8B Instruct,
Llama 3.1 70B Instruct (Grattafiori et al., 2024), and
Qwen 2.5 7B (Yang et al., 2024a). Furthermore,
Anthropic’s Claude Sonnet 4, Claude Sonnet 3.7,
and Claude Haiku 3.5, as well as Google’s Gem-
ini family, including Gemini 1.5 Flash, Gemini 2.0
Flash, and Gemini 2.0 Flash-Lite, constitute the
evaluated commercial models. For reproducibility,
all decoding settings, API/model versions, hard-
ware specifications, and repository links for every
evaluated model are documented in Appendix A.
Proposed Evaluation Metrics. To effectively mea-
sure model performance in distinguishing between
factual (correct) and hallucinated (incorrect) out-

1https://huggingface.co/PartAI/Dorna-Llama3-8B-
Instruct

2https://huggingface.co/PartAI/Dorna2-Llama3.1-
8B-Instruct

puts, three targeted measures are introduced for
our evaluation: Factual Recall, Hallucinated Recall,
and Hamming Score. More info about the Ham-
ming Score can be found in Appendix B.

In each evaluation scenario, each prediction
made by a model can be categorized into one of
four classical outcomes:
True Positive (TP): the model correctly identifies a
factual output (when the given answer/summary is
right, the model also predicts ’Y’).
False Positive (FP): the model incorrectly predicts
hallucinated output as factual (although the given
answer/summary is hallucinated, the model pre-
dicts ’Y’).
True Negative (TN): the model correctly identifies
hallucinated output (when the given answer/sum-
mary is hallucinated, the model also predicts ’N’).
False Negative (FN): the model incorrectly pre-
dicts factual output as hallucinated (although the
given answer/summary is right, the model predicts
’N’). Based on the above definitions, the metrics
are explicitly defined in (2) and (3).

Factual Recall = TP

TP + FN
(2)

Hallucinated Recall = TN

TN + FP
(3)

The metric Factual Recall evaluates the model’s
reliability in correctly accepting factual information
by quantifying the proportion of correctly detected
factual outputs among all instances labeled as fac-
tual by the dataset. Conversely, the metric Halluci-
nated Recall assesses the capability to precisely
detect hallucinated content by measuring the pro-
portion of correctly detected hallucinated outputs
within all instances labeled as hallucination in the
PerHalluEval.

These two metrics provide complementary eval-
uations of a model’s performance. A high Factual
Recall demonstrates the model’s effectiveness in
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Figure 4: Comparison of evaluated LLMs’ performances on the summarization task. Error bars show 95%
confidence intervals across evaluation samples. Open-source models are displayed in black, Gemini in
orange, and Anthropic in blue.

accepting factual content without mistakenly label-
ing it as hallucinated data, whereas a high halluci-
nated Recall demonstrates its robustness in identi-
fying hallucinated responses without labeling them
as factual data.

Evaluation Method. To evaluate the selected
LLMs on the benchmark, a straightforward prompt-
ing approach is adopted that is consistent with the
filtering stage described previously. Specifically,
the prompts used for evaluating the models on both
QA and summarization tasks are identical to those
employed in the filtering step. Each prompt is de-
livered to the models, starting with defining a role
for the LLM with the format "You are a ...". Further-
more, each model is separately provided with both
the hallucinated and the correct (non-hallucinated)
versions of answers/summaries. The models are
instructed to produce a binary classification out-
put (’Y’ or ’N’) for each provided instance. This
evaluation setup enables a systematic and con-
sistent comparison of the models’ capabilities in
distinguishing hallucinated from accurate content.

4. Main Results

4.1. Question Answering

Figure 3 presents the Factual Recall and Halluci-
nation Recall of various LLMs on the PerHalluEval
Benchmark for QA. Key findings are explained be-
low.
Hallucination Recall remains challenging. Most
models struggle to identify hallucinated answers ac-
curately. For example, Gemini 2.0 Flash achieves
a Hallucination Recall of only 43.4% (95% CI: 41.8–
45), while Llama 3.3 70B reaches 21.7% (95% CI:
20.4–23). This underscores how difficult a task
it is—even for state-of-the-art models from major
companies—to filter out hallucinations reliably.

Factual Recall and Hallucination Recall are of-
ten decoupled. High Factual Recall does not guar-
antee strong Hallucination Recall. Claude Sonnet
4 attains moderate Factual Recall (47.1%) but very
high Hallucination Recall (81.3%), while Dorna2,
despite its very high Factual Recall (96.7%), shows
poor Hallucination Recall (4.4%).
Large variability among specialized Persian-
tuned models. Persian-specialized models reach
high Factual Recall (above 90%), but Hallu-
cination Recall varies. PersianMind (Factual:
96.2% (95% CI: 95.6–96.8)) has low Hallucination
Recall (under 6%), whereas Dorna2 exhibits simi-
lar trends, reflecting variability even among strong
fine-tuned models on Persian.
Underperformance in smaller models. Smaller
multilingual models like Qwen-2.5-7B display low
Factual Recall (around 40%) and similarly weak
Hallucination Recall, revealing the limitations of
compact model architectures in both Factual and
Hallucination Recall.

4.2. Summarization
Figure 4 presents the Factual Recall and Halluci-
nation Recall of various LLMs on the PerHalluEval
Benchmark for summarization. Key findings are
explained below.
Models exhibit skepticism in accepting sum-
maries. Several models tend to confidently re-
ject hallucinated summaries (high Hallucination Re-
call) while being more conservative when accepting
correct summaries (lower Factual Recall). For in-
stance, Gemini 2.0 Flash-Lite demonstrates high
Hallucination Recall (99.1% (95% CI: 98.7–99.3))
but lower Factual Recall in summary acceptance
(65.5% (95% CI: 64–67)).
High overall Hallucination Recall. Most models
perform strongly on summary hallucination detec-
tion. Top performers Qwen 2.5 7B (99.9%), LLaMA
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3.1 8B (99.4%), Gemini 2.0 Flash-Lite (99.1%), and
Claude Sonnet 4 (97.9%) demonstrate robust dis-
crimination between faithful and hallucinated sum-
maries.
Large variability among specialized Persian-
tuned models. Persian-specific models demon-
strate divergent results. Dorna achieves both high
Factual Recall in summarization (95.8% (95% CI:
95.1–96.4)) and high Hallucination Recall
(95.3% (95% CI: 94.6–95.9)). In contrast,
PersianMind, despite robust Factual Recall
(81.2% (95% CI: 79.9–82.4)), reaches only
moderate Hallucination Recall (37.5% (95% CI:
36–39)), highlighting continued variability among
targeted Persian-tuned models.

5. Discussion and Further Analysis

5.1. Persian vs. English QA: Minimal
Performance Gap

To evaluate the internal knowledge of LLMs regard-
ing Persian-specific concepts without any external
context, this analysis is based on the QA task. To
ensure the quality of the PerHalluEval question
answering benchmark, a manual annotation pro-
cess is conducted. Three annotators reviewed all
samples with the guidelines explained in Appendix
C.2, deciding whether the given context and ques-
tions were in a Persian context or not. The majority
vote (at least two agreeing) decided the final label.
Inter-annotator agreement, measured using Fleiss’
kappa, yielded a high score of κ = 0.87, indicating
strong reliability. Finally, 38% of the PerHalluEval
QA benchmark is classified as Persian-specific.

Figure 5: Comparison of LLM performance on
Persian-specific vs. non-Persian content in the QA
task (Hamming Score).

Model performance on Persian-specific and
non-Persian content. The evaluation results are
shown in Figure 5. Scores cluster in a relatively
tight band (roughly mid-40s to low-60s), with mod-
est differences between the two subsets. On the

Table 2: Comparison of evaluated LLMs on QA and
text summarization (TS) using Hamming Score with
95% confidence intervals.

LLM Family Model Name Task Hamming Score 95% CI

Anthropic

Claude Sonnet 4 QA 0.64 0.62–0.64
TS 0.67 0.66–0.68

Claude Sonnet 3.7 QA 0.63 0.61–0.63
TS 0.81 0.80–0.82

Claude Haiku 3.5 QA 0.57 0.55–0.57
TS 0.82 0.81–0.83

Gemini

Gemini 1.5 Flash QA 0.59 0.58–0.60
TS 0.90 0.89–0.90

Gemini 2.0 Flash-Lite-preview QA 0.57 0.56–0.58
TS 0.82 0.81–0.83

Gemini 2.0 Flash QA 0.62 0.60–0.62
TS 0.91 0.90–0.91

Open-source

Qwen 2.5 7B QA 0.47 0.45–0.48
TS 0.53 0.52–0.54

Llama 3.1 8B QA 0.52 0.51–0.53
TS 0.79 0.78–0.80

Llama 3.3 70B QA 0.57 0.55–0.58
TS 0.83 0.82–0.83

Dorna QA 0.52 0.50–0.52
TS 0.96 0.95–0.96

Dorna2 QA 0.50 0.49–0.51
TS 0.51 0.50–0.52

PersianMind QA 0.51 0.49–0.52
TS 0.59 0.58–0.60

Persian-specific split, the strongest performance is
delivered by Claude 3.7 Sonnet, followed closely by
Dorna and Gemini 2.0 Flash-Lite. On the generic
split, Dorna leads, with Claude 3.7 Sonnet and
Gemini 2.0 Flash-Lite close behind. Lower-end
performance is observed for Gemini 2.0 Flash and
smaller/older open-source models such as Qwen-
2.5-7B and LLaMA-3.3-70B.
Performance gap between Persian-specific and
non-Persian content. Directionally, the gap be-
tween Persian-specific and generic QA is small and
sometimes mixed: a few models are slightly better
on the Persian-specific items, while others favor the
generic subset. The overlap of the 95% confidence
intervals indicates that performance differences be-
tween Persian and English are not statistically sig-
nificant and are likely not practically meaningful.

5.2. The Hamming Olympics: Where
Summarization Takes the Gold!

The comparison between LLMs’ performance on
QA and summarization tasks is illustrated in Table
2. One of the most remarkable cross-task observa-
tions is that Hamming Scores on summarization are
significantly higher than QA scores across almost
all assessed models. This performance disparity
can be interpreted in terms of intrinsic and extrinsic
hallucinations. In question answering, models de-
pend largely on their internal knowledge, and due to
Persian being a low-resource language, the Ham-
ming Score decreases when operating in the Per-
sian context. Conversely, when evaluating LLMs
in the summarization task, the original article is
provided to the models. This external knowledge
guides models to better decide whether the sum-
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mary contains hallucinated content or not. Two
open-source models, Qwen 2.5 7B and Dorna2,
are exceptions as they perform well on QA as well
as summarization. Models such as Claude Sonnet
3.7, Gemini 1.5 Flash, Gemini 2 Flash, and Llama
3.3 70B consistently perform at the top across both
QA and summarization tasks.

5.3. The ‘Yes-Man’ Problem:
Persian-Tuned LLMs Can’t Say No

In the QA task, Persian-tuned models (Dorna,
Dorna2, and PersianMind) obtained the three low-
est performance scores. This observation can be
explained by examining the results presented in
Figure 3, in which these models demonstrate the
highest Factual Recall. Specifically, the models
consistently exhibit a strong inclination toward af-
firming that the presented answer or content is
not hallucinated, regardless of its factual accuracy.
Consequently, when assessed using Hallucination
Recall, the Persian-tuned models achieve notably
lower scores. This disparity indicates a bias within
these models toward incorrectly classifying content
as accurate and non-hallucinated, thereby result-
ing in diminished performance on tasks explicitly
measuring hallucination sensitivity.

5.4. A Case Study: Summarization
Performance Drop after Persian
Fine-Tuning

Task-dependent behavior is demonstrated by a
comparison between Dorna2 and its base model,
Llama 3.1 8B. The models’ Hamming Scores in QA
are nearly the same, indicating that Persian fine-
tuning had a small effect on this task for this partic-
ular model pair (see Table 2). In comparison, there
is a noticeable difference in the summarization task.
Figure 4 shows that Dorna2’s Hallucinated Recall
is about 60 percentage points lower than Llama 3.1
8B’s. Additionally, the summarization’s Hamming
Score steadily declines from 0.79 (Llama 3.1 8B) to
0.51 (Dorna2). These findings suggest that in this
particular case, summarization seems to be more
sensitive to fine-tuning effects.

6. Conclusion

In this paper, we introduce PerHalluEval, the first
benchmark developed specifically for evaluating
hallucination in the Persian language. We propose
a three-step automated pipeline to generate ap-
propriate hallucinated samples systematically. In
the first stage, suitable samples are extracted from
well-known Persian datasets of QA and summa-
rization tasks to analyse extrinsic and intrinsic hal-
lucinations. Subsequently, in the generation stage,

three distinct hallucinated candidate outputs are
generated for each selected sample, harnessing
three powerful LLMs and a strong instruction. The
most believable hallucinated candidate is chosen
as the final sample after we use a state-of-the-art
language model as a judge and log probabilities to
evaluate plausibility. Additionally, we invite annota-
tors to specify whether each data point in the QA
dataset is specifically related to Persian culture or
not for additional investigations.

Our detailed experimental evaluations across
12 diverse LLMs, including commercial, open-
source, and specifically fine-tuned models on Per-
sian, show notable limitations in detecting and miti-
gating hallucination in the Persian language. Our
suggested metrics—Hallucination Recall, Factual
Recall, and Hamming Score—demonstrate the nu-
anced challenges these models encounter, high-
lighting the substantial scope for future advance-
ment in Persian LLMs.

With PerHalluEval, we address a critical gap
by introducing a specialized Persian hallucination
benchmark to support future NLP research. We
believe our benchmark will facilitate further work to-
wards developing trustworthy and culturally-aligned
language models for Persian.

7. Ethical Considerations

This work creates a benchmark by selecting 4,000
items from pre-existing Persian corpora for QA
(PQuAD) and summarization (PN-Summary). In or-
der to maintain anonymity and confidentiality, three
independent undergraduate native Persian anno-
tators received instruction and calibration before
labeling; participation was informed and voluntary,
and annotator inputs were processed without per-
sonal identification. High agreement and majority
vote validation of every item supported dependabil-
ity while reducing personal burden.

We openly share our findings by providing model
identifiers and deterministic assessment parame-
ters to aid in critical review and replication.
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Model Access Identifier / Repo Env./API T top-p Max
GPT-4o Closed (API) gpt-4.1-2025-04-14 OpenAI API 0.0 1.0 512
Claude Sonnet 4 Closed (API) claude-sonnet-4-20250514 Anthropic API 0.0 1.0 512
Claude Sonnet 3.7 Closed (API) claude-3-7-sonnet-20250219 Anthropic API 0.0 1.0 512
Claude Haiku 3.5 Closed (API) claude-3-5-haiku-20241022 Anthropic API 0.0 1.0 512
Gemini 1.5 Flash Closed (API) gemini-1.5-flash Google AI Studio 0.0 1.0 512
Gemini 2.0 Flash Closed (API) gemini-2.0-flash Google AI Studio 0.0 1.0 512
Gemini 2.0 Flash-lite Closed (API) gemini-2.0-flash-lite Google AI Studio 0.0 1.0 512
LLaMA 3.1 8B Instruct Open (Local) meta-llama/Llama-3.1-8B-Instruct Colab L4 0.0 1.0 512
LLaMA 3.3 70B Instruct Open (Local) meta-llama/Llama-3.3-70B-Instruct Colab A100 0.0 1.0 512
Qwen 2.5 7B Instruct Open (Local) Qwen/Qwen2.5-7B-Instruct Colab L4 0.0 1.0 512
Dorna Open (Local) PartAI/Dorna-Llama3-8B-Instruct Colab L4 0.0 1.0 512
Dorna2 Open (Local) PartAI/Dorna2-Llama3.1-8B-Instruct Colab L4 0.0 1.0 512
PersianMind Open (Local) universitytehran/PersianMind-v1.0 Colab L4 0.0 1.0 512

Table 3: Evaluation configuration. Deterministic decoding was used unless a provider’s default prevented
overriding a parameter. “Max” denotes max_tokens.

C. Annotation Guidelines

C.1. General Guideline for Human
Validation

Annotators were undergraduate native Persian
speakers with no overlap with the authorship team.
They received training examples for each halluci-
nation type and participated in a calibration round
prior to full annotation.

Detailed Annotation Guideline

You will be shown pairs of text: a gold stan-
dard correct version and a potentially hallu-
cinated version given by a model. Your task
is to determine whether the model’s version
comprises hallucination(s) in terms of the
following types:

• Contextual misinterpretation: Misun-
derstanding the context of the source
text and coming up with irrelevant or
distorted work.

• Factual fabrication: Inclusion of mat-
ter not in the source and not verifiable.

• Specificity distortion: Making the text
significantly more general or exces-
sively specific than the source.

• Wrong assumption: Drawing a con-
clusion not warranted by the statement
given.

• Unnecessary doubt: Suffering from
unnecessary doubt or uncertainty about
the right facts.

Mark the sample as “Hallucinated” if any
of the above types are represented; other-
wise, mark it as “Factual.” If you are unsure,
choose the label you consider best and leave
a brief comment explaining your choice.

Focus on the meaning rather than grammar,
fluency, or style. Wording differences that
do not affect meaning should not be classi-
fied as hallucinations. If in doubt, re-read
the source text carefully and verify that all
significant facts remain valid and reliable in
the model’s answer.
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C.2. Annotating Guideline for
Persian-specific and Generic
Content

Annotators also received explicit instructions to dis-
tinguish Persian-specific from generic content.

Detailed Guideline for Persian-specific vs
Generic Content

You will be shown Persian-language content.
Your task is to determine whether it specifi-
cally relates to Persian culture or history, or
if it is generic content without unique Persian
aspects.

• Look for clear references to landmarks,
cities, personalities, historical eras, or
cultural expressions associated with
countries where Persian is an offi-
cial language (Iran, Afghanistan, Tajik-
istan).

• Examples of Persian-specific content
include mentions of Persian cities, im-
portant historical figures, dynasties, tra-
ditional celebrations, or cultural institu-
tions.

• If the content does not emphasize
uniquely Persian elements, it should be
labeled as generic.

Focus on cultural or historical specificity
rather than language alone. Content written
in Persian but describing non-Persian topics
should not be considered Persian-specific.

D. Error analysis cases

This section presents four representative examples
of hallucination errors identified in our evaluation
dataset. Each entry includes the question (with
English translation when originally in Persian), the
hallucinated answer produced by models, the gold
(ground-truth) answer, and an analysis of model be-
havior. These cases highlight different error types
that remain challenging for current LLMs.

Factual Fabrication – Numeric Fact

Question:
In which year did Andi Gutmans and Zeev
Suraski lay the foundations of PHP 3?

Hallucinated Answer:
1997 AD

Gold Answer:
1995 AD

Analysis:
Only 1 out of 12 evaluated models (Gemini 1.5
Flash) flagged this answer as incorrect. The
other 11 accepted the fabricated date, revealing
a shared weakness in recalling precise histori-
cal numbers.

Contextual Misinterpretation

Question:
What were the demonstrators in Bukan
demanding in 1979?

Hallucinated Answer:
They were demanding the establishment of an
Islamic Republic.

Gold Answer:
They were demanding the release of political
prisoners from the Bukan region and its sur-
roundings.

Analysis:
Only 3 models (assessed Gemini models)
flagged this hallucinated answer as incor-
rect. The other 9—including all three Persian-
tuned models—accepted it, indicating difficulty
grounding answers in historical socio-political
contexts.
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Contextual Misinterpretation Driven by an
Ezāfe Noun Chain

Question:
Who collaborated on the restoration of the film
The Splendor of Persepolis?

Hallucinated Answer:
Japanese and Italian experts.

Gold Answer:
A group of Iranology scholars from leading
universities worldwide.

Analysis:
Only 2 models (Gemini 1.5 Flash and Claude
Sonnet 3.7) answered correctly. The question
included a four-word Persian ezāfe noun chain
encoding a single proper name (“The Splendor
of Persepolis film”). Most models misparsed it,
treating only “restoration” as the head and thus
accepting a generic hallucinated answer.

Incorrect Inference

Question:
How did Shah Abbas drive the Portuguese out
of Bandar Abbas?

Hallucinated Answer:
By launching a military assault and occupying
the port.

Gold Answer:
By engineering commercial rivalry among Eu-
ropean powers on the Persian Gulf coast.

Analysis:
Only Gemini 2.0 Flash detected the halluci-
nated answer. Although the supporting facts
were present in the context, the hallucinated
response leapt to an unsupported causal infer-
ence (direct warfare) instead of the documented
indirect economic strategy described in the gold
answer.

E. Filtering Prompts

Figures 6 and 7 are used in the filtering stage to
select the best candidate.

F. Precision–Recall Analysis with
Iso-F1 Curves

Insights into model behavior beyond the single
scalar metric were sought by plotting the trade-off
between precision and recall for all of the models
across both tasks QA and summarization (Figure 8).
Each point was represented as a model, with its po-
sition determined by its precision on the x-axis and
its recall on the y-axis. Bubble sizes were scaled
proportionally to the F1 scores of the respective
models, and dotted iso-F1 curves were included as
visual guides to aid in the interpretation of the preci-
sion/recall trade-off. Through these graphs (Figure
8a,b), models exhibiting high recall with minimal
loss of precision, as well as those biased toward
either precision or recall, were revealed.

G. Log Probabilities Regex

The regular expression for ’Y’ is:

[ yYỳỲýÝÿŸȳȲẎẏŷŶ¥’.-]+

The regular expression for ’N’ is:

[ nNñÑńŃňŇn, N, n.’.-]+

H. Summary of Best Results of Each
Model Family

Table H is the table containing a summary of results
for QA and summarization with three metrics in
each model family.

I. Hallucinated content generation
prompts

The full prompt for generating hallucinated answers
for task QA can be found in Figure 9. The full
prompt to generate hallucinated summaries can be
found in Figure 10.
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Summarization Task
Prompt:
You are a text summary evaluation system.
Your task is to accurately compare the pro-
vided summary with the original text. When
evaluating, focus only on these criteria:

1. Has all the information in the summary
been accurately extracted from the origi-
nal text?

2. Is there any incorrect, distorted, or addi-
tional information in the summary?

Input:
Article:
Clarence Seedorf, the Dutch football legend,
recently visited Iran for a leisure trip. During
his stay, he met with several prominent figures
in Iranian football, including Ali Daei, Karim
Bagheri, Vahid Hashemian, and the popular
sports journalist Adel Ferdosipour. According
to the latest reports from IMNA, Ferdosipour
conducted an exclusive interview with See-
dorf. This interview is set to be broadcast on
the “Football 120” program, which airs Thurs-
day night at 11 PM on Iran’s Varzesh (Sports)
TV channel.

Summary:
“The producer of Football 120 has held talks
with the officials of the Varzesh (Sports) chan-
nel.”

Output:
“N”

Log Probabilities:
{ "N": -0.2357, "Ń": -4.6052,
"Y": -1.9661, "Ň": -4.6052,
"ń": -2.9957 }

Question Answering Task
Prompt:
You are a response validity checking system.
Your task is to verify whether the provided an-
swer to a specific question is correct or not.
You are only allowed to provide one of two
letters: ‘Y’ (for correct answer) or ‘N’ (for in-
correct answer) as the final output. Do not
provide any explanations, extra text, or con-
clusions. Only give one letter as output: Y or
N.

Input:
Question:
What place was called Persepolis or Parseh?

Answer:
Persepolis or Parseh is the name of one of
the ancient cities of Greece that was known
as a cultural and artistic center during the
Achaemenid Empire.

Output:
“N”

Log Probabilities:
{ "N": -0.3711, "Ñ": -4.6052,
"n": -1.8971, "Y": -2.9957,
"ŋ": -2.3026 }

Figure 6: Instructions of hallucination filtering for question answering and summarization tasks. The
Figure shows the English translation of the original Persian prompts.
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Figure 7: Hallucination filtering guidelines for question-answering and summarization tasks. The image
displays the original prompts in Persian.

(a) QA Task (b) Summarization Task

Figure 8: Precision–Recall maps with iso-F1 curves. Each point is a model, bubble size reflects its F1
score, and iso-F1 curves (gray) provide guidance on the precision–recall trade-off.
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Family Task Metric Best variant Result

Anthropic

QA
Hamming Score Claude Sonnet 4 0.64
Factual Recall Claude Haiku 3.5 80.0%

Hallucinated Recall Claude Sonnet 4 81.3%

TS
Hamming Score Claude Haiku 3.5 0.82
Factual Recall Claude Haiku 3.5 72.9%

Hallucinated Recall Claude Sonnet 4 97.9%

Gemini

QA
Hamming Score Gemini 2.0 Flash 0.61
Factual Recall Gemini 2.0 Flash-lite 87.5%

Hallucinated Recall Gemini 1.5 Flash 61.0%

TS
Hamming Score Gemini 2.0 Flash / Gemini

1.5 Flash
0.90

Factual Recall Gemini 2.0 Flash 91.8%
Hallucinated Recall Gemini 2.0 Flash-lite 99.1%

Fine-tuned
on Persian

QA
Hamming Score Dorna 0.51
Factual Recall Dorna2 96.8%

Hallucinated Recall Dorna 13.7%

TS
Hamming Score Dorna 0.95
Factual Recall Dorna 95.8%

Hallucinated Recall Dorna 95.3%

Open-
Source

Multilingual
models

QA
Hamming Score Llama 3.3 70B 0.56
Factual Recall Llama 3.3 70B 93.0%

Hallucinated Recall Qwen 2.5 7B 52.3%

TS
Hamming Score Llama 3.1 8B / Llama 3.3

70B
0.79

Factual Recall Llama 3.3 70B 68.3%
Hallucinated Recall Qwen 2.5 7B 99.9%

Table 4: Comparison of model families across QA and summarization tasks. This table shows the best-
performing models within each family based on different evaluation metrics (Hamming, Factual Recall,
and Hallucinated Recall). Model families include Anthropic, OpenAI, Gemini, fine-tuned Persian models,
and open-source multilingual models.
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Figure 9: The prompt used for QA hallucinated content
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Figure 10: The prompt used for Summarization hallucinated content
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