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A B S T R A C T  

The increasing adoption of large language models (LLMs) has intensified concerns about hallucinations—
outputs that are syntactically fluent but factually incorrect. In this paper, we propose a method for detecting 

such hallucinations by evaluating the consistency of model responses to paraphrased versions of the same 

question. The underlying assumption is that if a model produces consistent answers across different 

paraphrases, the output is more likely to be accurate. To test this method, we developed a system that generates 

multiple paraphrases of each question and analyzes the consistency of the corresponding responses. 

Experiments were conducted using two LLMs—GPT-4O and LLaMA 3–70B Chat—on both Persian and 

English datasets. The method achieved an average accuracy of 99.5% for GPT-4O and 98% for LLaMA 3–70B, 

indicating the effectiveness of our approach in identifying hallucination-free outputs across languages. 

Furthermore, by automating the consistency evaluation using an instruction-tuned language model, we enabled 

scalable and unbiased detection of semantic agreement across paraphrased responses. 

Keywords— Large Language Models, Hallucination of Large Language Models, Inconsistency Detection, 

Paraphrasing 
 

1. Introduction 

Large language models are models designed for 

modeling human languages using self-supervised 

learning [1] and employing special training methods 

to improve the performance of unseen tasks and 

better adhere to natural language instructions [2]. 

These models can be applied to various tasks, 

including question answering [3], code generation 

[4], and solving mathematical problems [5]. 

Despite the many strengths and useful 

applications of large language models, they have 

significant weaknesses in generating content that 

appears correct and fluent but is actually incorrect. 

Generating seemingly correct but factually or 

conceptually inaccurate content is referred to as 

hallucination. The reason for this naming goes back 

to the definition of the term "hallucination" in 

psychology. Bloom [6] defines hallucination as "a 

perception experienced by an awake individual in the 

absence of an appropriate external stimulus." In 

simpler terms, hallucination is an unreal perception 

that appears real. The generation of incorrect, 

meaningless, or source-unfaithful information by 

language models shares a similar trait with such 

psychological hallucinations. Just as a delusional 

person is unaware of their hallucination, believing the 

events they experience to be real, a large language 

model does not produce incorrect information with 

prior intent and awareness. In fact, the content of 

these incorrect outputs did not appear during the 

model's training and are the inventions of the model 

itself. Given the rapid advancement of large language 

models, there is considerable concern about their 

tendency to generate hallucinations, which results in 

seemingly acceptable and fluent content without a 

correct source [7]. 

This definition of hallucination aligns with other 

research that considers hallucination as meaningless 

content or unfaithful to the provided input [8]. 
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The hallucinations present in the output of large 

language models are classified into two types: 

Factuality Hallucination and Faithfulness 

Hallucination [9]. Factuality Hallucination refers to 

the inconsistency between the generated content and 

verifiable facts in the real world. For example, if a 

language model is asked, "Who is the first female 

president of Iran?" and it produces any name in the 

output, we have a factuality hallucination. 

Faithfulness hallucination refers to the divergence of 

the generated content from the user's instructions or 

the context provided by the input. For instance, 

suppose we provide a text in Persian or another 

language to a large language model and ask it to 

translate it into another language. Any error in the 

output of this request would indicate a Faithfulness 

Hallucination. 

In other sources, alternative terms have been used 

instead of factuality hallucination and faithfulness 

hallucination. For example, some sources [10] 

categorize hallucinations caused by large language 

models into two types: open-domain and closed-

domain. Open-domain hallucinations are essentially 

false claims about the world around us generated by 

large language models. Closed-domain 

hallucinations involve the model's output deviating 

from a specific source or reference text. For instance, 

if a language model makes a mistake in summarizing 

a text and produces information that is contradictory 

and inconsistent with the input source, this incorrect 

information falls into the category of closed-domain 

hallucinations. 

Given the diverse and widespread applications of 

large language models in various fields, we are 

witnessing a rapid increase in their use in different 

applications. It is clear that if the output of these 

models is prone to hallucinations, these errors will 

propagate throughout these applications and 

undermine user trust. Therefore, to improve systems 

or conversational agents that directly or indirectly 

rely on these models, it is better to detect these errors 

at the output stage of the large language models and 

prevent them from entering other applications. 

The importance of detecting these hallucinations 
primarily lies in not losing user trust. Additionally, if 
we do not prevent this incorrect information from 
propagating into downstream systems, it can lead to 
more significant errors in more sensitive areas such 
as medicine and healthcare. Imagine a language 
model hallucinating while translating a patient's 
medication instructions. These hallucinations 
generated by the large language model could pose a 
life-threatening risk to the patient if they follow these 
instructions. 

So far, we have highlighted the importance of 
detecting hallucinations and preventing the 

propagation of erroneous outputs into downstream 
systems. To address this, we aim to develop a method 
that can determine whether the output of an LLM is 
hallucinatory. The purpose of this study is to 
systematically examine whether consistency across 
paraphrased questions can serve as a reliable signal 
for detecting hallucinations in large language 
models.  This study serves as an extended version of 
our previous work [11], in which the evaluation was 
conducted exclusively on the Persian language. 
Moreover, while our previous approach relied on 
manual semantic consistency judgments, we 
automated this process, enabling scalable, 
annotation-free evaluation over response sets. These 
additions enabled a more thorough and efficient 
investigation of the accuracy and reliability of model 
outputs across languages and model types. 

The contributions of this study are summarized as 
follows: 

1. Proposing a consistency-based framework 
for hallucination detection in large language 
models 

2.  Extending our previous framework from 
Persian to English, enabling a multilingual 
evaluation. 

3. Evaluating the method on multiple LLMs 
(GPT-4O and LLaMA 3–70B), 
demonstrating robustness across models. 

4. Automating the semantic consistency 
evaluation process, making the method 
scalable and efficient. 

 In the next sections, we will review related work, 
describe our proposed method, and discuss 
experiments and results. The final section will present 
the conclusion and future work. 

2. Related Work 

The research on hallucinations generated by large 

language models is categorized into several areas: 

benchmark creation, detecting hallucinations, and 

reducing hallucinations in large language models. 

Here, we review studies on benchmark creation, and 

on detecting and reducing or eliminating 

hallucinations.  

Although many benchmarks designed for 
evaluating LLMs can also be used to detect 
hallucinations —particularly in assessing factual 
consistency— some benchmarks have been 
specifically developed for hallucination detection or 
are more commonly used in this context.  Among 
these, the TruthfulQA benchmark, introduced in 
2022, aims to evaluate LLMs by testing their 
responses [12]. This benchmark includes 817 diverse 
questions across 37 categories such as health, law, 
finance, politics, and more. Among these questions, 
380 are non-adversarial, and 437 are adversarial. 
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Here, "adversarial" indicates that these questions are 
designed to mislead the language models and 
challenge their responses. Another benchmark 
introduced in 2023 is SelfCheckGPT-Wikibio [13]. 
During its construction, the WikiBio dataset [14], 
which contains Wikipedia-based biographical 
information, was used. A set of 238 relatively long 
articles was selected, and GPT-3 was utilized to 
generate Wikipedia-style statements in the same 
selected topics. These generated statements were then 
manually annotated with one of three labels: entirely 
false, partially false, or accurate. This resulted in a 
dataset of 1,908 sentences, creating a valuable 
resource for evaluating a model's ability to detect 
hallucinations in large language models.  An 
important benchmark that gained attention in 2023 is 
HaluEval, designed to evaluate the tendency of large 
language models, like ChatGPT, to produce 
hallucinations [15]. This benchmark consists of an 
extensive set of examples generated either 
automatically or with human assistance. It includes 
35,000 samples, covering 5,000 general questions 
with ChatGPT responses and 30,000 questions in 
more specialized tasks such as question answering, 
text summarization, knowledge-based conversation, 
and more. Another benchmark dataset, introduced in 
2024, is ANAH, which provides fine-grained 
annotation of hallucinations in large language 
models. ANAH includes around 12,000 sentence-
level annotations across more than 4,300 responses 
on over 700 topics. Each sentence is annotated with 
reference fragments, hallucination types (e.g., 
contradictory, unverifiable, or lacking fact), and 
corrections, creating a highly detailed resource for 
training and evaluating hallucination detection 
models. 

In reviewing studies on detecting hallucinations 

in large language models, one notable approach is the 

SCALE architecture, which focuses on hallucination 

detection in longer texts [16]. This approach involves 

breaking down documents into smaller, more 

manageable sections and using a natural language 

inference model to detect inconsistencies within each 

section to identify hallucinations. Another study 

utilizes the SelfCheckGPT-Wikibio benchmark [12], 

which we previously discussed. In this study, each 

instruction is given multiple times to the language 

model, resulting in N outputs for the same prompt 

[12]. These N responses are then analyzed using 

various methods, such as BERTscore or N-grams. It’s 
important to note that the initial N instructions were 

identical and unchanging. A recent approach, 

InterrogateLLM, leverages a method where the 

model's response is repeatedly queried to reconstruct 

the initial prompt, allowing inconsistencies in 

generated queries to reveal potential hallucinations 

[17]. This technique does not rely on external data, 

making it versatile and effective compared to 

methods like SelfCheckGPT [13]. Another recent 

method, LLM-Check, detects hallucinations from a 

single model response by exploiting internal model 

signals such as eigenvalue-based statistics over self-

attention and hidden states, as well as token-level 

uncertainty measures like perplexity and logit-

entropy [18]. This design makes the approach 

computationally efficient since it avoids generating 

multiple responses for the same input. However, its 

effectiveness depends on access to internal 

representations or on the availability of a suitable 

proxy model through teacher-forcing, which defines 

its main limitation. Another approach, Lookback 

Lens, targets contextual hallucinations by analyzing 

attention maps during generation [19]. It introduces a 

simple feature called the lookback ratio, measuring 

the proportion of attention weights allocated to the 

provided context versus newly generated tokens. 

Using these ratios, a lightweight classifier can detect 

hallucinations and even be integrated into decoding 

to mitigate them. While efficient and transferable 

across tasks and models, the method depends on 

access to attention patterns and annotated examples 

for training. 

In the area of reducing hallucinations, recent 

methods, such as TruthX introduced in 2024, employ 

techniques to edit internal model representations in 

real-time [20]. By aligning these representations with 

a "truthful space", TruthX enhances the model's 

accuracy and reduces hallucinations by 

approximately 20% on benchmarks like TruthfulQA

(2024.acl-long.178). 

3. Proposed Methods 

3.1 Dataset and Data Collection 

To evaluate the proposed method, we constructed 
a test set of 200 factoid questions with unique, 
verifiable answers, balanced across two languages: 
100 in Persian and 100 in English. The questions 
cover five categories—(1) History, Politics, and 
Culture, (2) Music and Cinema, (3) Basic Sciences, 
(4) Arts and Literature, and (5) Technology—with 20 
questions per category in each language. 

For each original question, we generated ten 
paraphrases using GPT-4O in a separate interaction 
conducted prior to evaluation. From these, four 
paraphrases with the highest semantic similarity and 
grammatical correctness were manually selected, 
yielding five versions per question (the original plus 
four paraphrases). In total, the dataset comprises 
1,000 inputs (200 questions × 5 versions). 

During evaluation, each input was submitted to 
the target language models (GPT-4O and LLaMA-3–
70B Chat), and the corresponding outputs were stored 
for analysis. Figure 1 provides an overview of the 
pipeline: paraphrase generation, response collection, 
and consistency analysis across the five versions of 
each question. 
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Figure. 1.  Overall architecture of the proposed algorithm for 

testing the initial claim, involving the generation of multiple 
paraphrases for each original question, storing all corresponding 

responses, and analyzing the consistency or inconsistency among 

3.2 Method Overview 

Based on an analysis of the results of language 
models, a claim was proposed: if large language 
models know the answer to a specific question, their 
responses to that question will remain consistent and 
uniform, even when the question is phrased 
differently. 

To verify this claim, each factoid question was 
presented in multiple paraphrased forms, and the 
model’s responses were analyzed for agreement. The 
details of dataset construction are already provided in 
Section 3.1. 

At this stage, it is necessary to examine the 
presence or absence of inconsistencies among the 
different responses produced by the LLM for various 
questions within a single set. For inconsistency, we 
refer to its simplest and most fundamental meaning: 
two statements are contradictory if the truth of one 
statement implies the falsehood of the other. In other 
words, the generated responses are mutually 
exclusive. For example, if a large language model is 

asked, "Who won the Nobel Prize in Literature in 
2020?" we expect it to produce only the name "Louise 
Glück", because in that year, the Nobel Prize in 
Literature was awarded to her alone. Any other name 
that does not refer to her would be inconsistent and 
considered an incorrect answer. However, if the 
question posed is, "Who won the Nobel Prize in 
2020?" the answer is not unique, as the Nobel Prize 
is awarded in various fields to different individuals. 
In such cases, the model might produce names 
corresponding to different fields, and this cannot be 
classified as a contradiction. Therefore, our question 
selection enforces uniqueness of the correct answer 
as any inequality in the responses to their paraphrased 
versions would be interpreted as inconsistency. 

It is important to note that, during consistency 
checking, we did not rely solely on exact string 
matching between responses. Instead, we adopted a 
more semantic approach, where responses were 
considered consistent if they referred to the same real-
world entity or concept, even if their wording 
differed. While we did not perform formal entity 
linking—i.e., mapping textual mentions to entries in 
a structured knowledge base—our method was 
inspired by its core idea: treating different 
expressions that refer to the same underlying entity as 
equivalent. For example, if one response mentioned 
"Paris" and another stated "the capital of France," 
both were interpreted as consistent because they 
referred to the same real-world entity. By applying an 
entity-level semantic equivalence criterion, we aimed 
to avoid misclassifying semantically valid but 
lexically diverse responses as inconsistent. This 
approach enabled a more accurate and fair evaluation 
of the consistency of large language model outputs. 

In the next step, we analyze the results against our 
initial claim, using the correct answers that were 
predefined for each question set based on verified 
factual sources. According to the initial claim, if a 
large language model knows the answer to a question, 
it should produce consistent and non-contradictory 
outputs for all the paraphrased versions of that 
question. In other words, if the language model 
produces a unique answer for a set of questions, it can 
be concluded that the response is most probably free 
from hallucination. 

The outputs of our evaluation can fall into three 
categories. In the first case, the model generates a 
correct and consistent response aligned with factual 
information. In the second case, the model produces 
incorrect or hallucinatory information. In the final 
case, the output of the large language model is free 
from hallucination but incomplete compared to the 
correct answer. While it is evident that this category 
does not involve hallucination, due to the 
incompleteness of the response, it is not considered 
part of the first category, i.e., correct and complete 
answers. 
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In our previous work, we examined the validity of 
this claim using the large language model GPT-3.5 
[11]. Here, we extend that study by evaluating the 
claim across two languages and multiple LLMs 
(GPT-4O and LLaMA-3–70B Chat), with category 
coverage and data scale specified in Section 3.1, 
enabling finer-grained analysis across languages, 
models, and domains. 

4. Experimental Results 

We used 1,000 initial inputs, which were 

provided to the two targeted large language models, 

GPT-4O and LLaMA 3–70B Chat. The outputs were 

recorded. Based on the explanations provided earlier 

regarding the type of questions and the uniqueness of 

answers within each set, Table 1 shows the QA 

accuracy of the GPT-4O and LLaMA 3–70B Chat 

models in generating correct answers across 

categories and subcategories, for both Persian and 

English. As evident, the best performance belongs to 

the GPT-4O model in English, while the lowest 

performance is observed for LLaMA 3–70B Chat in 

Persian. Furthermore, on average across both 

languages and models, the highest QA accuracy was 

achieved in the basic sciences category, whereas the 

music and cinema category consistently 

demonstrated the lowest accuracy. 

These variations can be explained by differences in 
both model capacity and data availability. GPT-4O 
consistently demonstrates fewer hallucinations 
compared to LLaMA 3–70B, which can be attributed 
to its larger scale and training on more diverse and 
extensive datasets. Likewise, the higher accuracy 
observed in English compared to Persian is a natural 
outcome of the greater abundance and reliability of 
English resources, while the relative scarcity of high-
quality Persian data makes hallucination more 
frequent in that language. The contrast across 
domains follows a similar pattern: scientific 
questions, which rely on well-established and 
standardized knowledge, tend to yield more 
consistent and accurate responses, whereas domains 
such as cinema and music involve more dynamic, less 
standardized, and culturally diverse information, 
leading to lower accuracy. 

We next evaluate the validity of our initial claim 
and first note a challenge observed during evaluation. 

One challenge concerned the granularity of 
information in certain specific topics. For instance, 
the question asked was, "Which country has the 
longest national anthem?" and the GPT-4O model 
consistently answered "Greece" for all responses. 
Upon further investigation, we discovered that the 
answer to this question can vary depending on the 
level of granularity considered. This is because the 
concept of the "longest national anthem" can be 
divided into two distinct interpretations: the longest 
musical duration of a national anthem and the longest 

text of a national anthem. Currently, the official 
national anthem with the longest musical duration 
belongs to Uruguay. This distinction arises because 
Greece, despite having an exceptionally long anthem 
text, has chosen to shorten its rendition by singing 
only selected verses. In contrast, Uruguay has not 
made such modifications, and as a result, the longest 
official national anthem in terms of music duration is 
attributed to Uruguay. Armed with this nuanced 
understanding, we reformulated the question to 
explicitly incorporate such granularity. However, 
despite this adjustment, the model continued to 
consistently answer "Greece" for all questions in this 
category. 

Given these considerations, and the limitations of 
our knowledge and the discrepancies in the 
information provided by various sources, it is 
plausible that a more accurate answer exists but 
remains inaccessible to us or does not appear in our 
searches. Considering all these limitations, we can 
ultimately observe the accuracy of our claim in Table 
2. Based on the benchmark answers available to us, 
the claim was found to be correct in 98.75% of cases 
on average. 

This finding indicates that consistency across 
paraphrased questions serves as a highly reliable 
signal of factual accuracy. In other words, when a 
model provides the same answer to different 
phrasings of a question, the probability that this 
answer is hallucination-free is extremely high. For 
example, if the GPT-4O language model provides 
consistent answers to all different questions within a 
category, 99% of the time, this consistent response is 
correct and free from hallucination. Additionally, 
according to the results presented in Table 2, it can be 
observed that our approach achieved notably better 
outcomes when evaluated specifically with the GPT-
4O language model. 

Compared with our previous study [11], which 
validated the hypothesis only on GPT-3.5 and Persian 
data, the present work extends the evaluation to 
multiple advanced LLMs (GPT-4O and LLaMA-3–
70B) and to both Persian and English. While the 
earlier study already reported about 99% validity of 
the hypothesis, our new experiments confirm that this 
result generalizes across models and languages, 
highlighting the robustness of the proposed 
framework. 

Now that we have assessed the validity of the 
stated claim, we aim to explore whether, in cases 
where not all responses to questions within a category 
are identical, the most frequent response can still lead 
us to the correct and accurate answer. For this 
purpose, two types of response recurrence can be 
considered: 

1. Majority Response: A response that 
constitutes the majority of answers provided.   
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Table 1.  QA accuracy (Percentage of correct, partially correct, and hallucinatory outputs generated by large language models GPT-4O 

and LLaMA 3–70B Chat across various question sets within different categories in Persian and English.) 

 

LLM Langua

ge 

Correct 

Partially Correct 

Hallucination 

Overall 

GPT-4O Persian 78% 4% 18% 

GPT-4O English 92% 1% 7% 

 LLaMA 3–70B  Persian 65% 0 34% 

 LLaMA 3–70B English 87% 0 13% 

Cinema and Music 

GPT-4O Persian 70% 5% 25% 

GPT-4O English 80% 0 20% 

 LLaMA 3–70B Persian 50% 0 50% 

 LLaMA 3–70B English 75% 0 25% 

Art and Literature 

GPT-4O Persian 75% 0 25% 

GPT-4O English 95% 0 5% 

 LLaMA 3–70B Persian 40% 0 60% 

 LLaMA 3–70B English 80% 0 20% 

Culture, History and 

Politics 

GPT-4O Persian 75% 0 25% 

GPT-4O English 90% 5% 5% 

 LLaMA 3–70B Persian 70% 0 30% 

 LLaMA 3–70B English 95% 0 5% 

Science 

GPT-4O Persian 85% 0 15% 

GPT-4O English 95% 0 5% 

 LLaMA 3–70B Persian 80% 0 20% 

 LLaMA 3–70B English 100% 0 0 

Technology 

GPT-4O Persian 85% 15% 0 

GPT-4O English 100% 0 0 

 LLaMA 3–70B Persian 85% 0 10% 

 LLaMA 3–70B English 85% 0 15% 

2. Most Frequent Response: A response with 
the highest frequency among all responses, 
but not necessarily forming a majority.   

By analyzing these two types of recurrence, we 
aim to determine if the most frequent or majority 
response can reliably guide us toward the correct 
answer in cases of inconsistency. As shown in Table 
3 we observe how the consideration of "Majority" and 
"Most Frequent" differs across large language models 
for each language. For LLaMA 3–70B Chat, 
frequency analysis did not reliably indicate the 
correct answer. The largest benefit of this heuristic 
was observed with the GPT-4O model in Persian, 

where, as indicated, the "Majority" and "Most 
Frequent" heuristics coincided. 

Approaches for evaluating response agreement: 
exact string matching and semantic equivalence-
based evaluation. In the exact match method, any 
lexical variation between answers—even if they were 
semantically identical—was treated as inconsistency. 
In contrast, our semantic approach considered 
answers consistent if they referred to the same real-
world entity or concept, even when expressed 
differently. The results of this comparison are 
presented in Table 4. As shown, the semantic 
evaluation method significantly reduced the number 



 Consistent Responses to Paraphrased Questions as Evidence Against Hallucination: A 

Study on Hallucinations in LLMs 

21 

of false inconsistency detections, leading to higher 
consistency evaluation accuracy in identifying truly 
consistent answer sets. 

In addition to accuracy, we also report recall, 
which measures the proportion of truly consistent 
answer sets correctly identified by the evaluation 
method. Precision, however, is not included, because 
under exact string matching the number of false 
positives is always zero—that is, identical strings are 
never mistakenly labeled as inconsistent—making 
precision trivially equal to 100%. Table 4 therefore 
highlights improvements in both accuracy and recall 
when adopting the semantic evaluation method. 

To automate the semantic consistency evaluation, 
we utilized the LLaMA 3–3B Instruct (Turbo) model. 
For each pair of answers generated from paraphrased 
versions of the same factoid question, the model was 
prompted with a fixed instruction in Persian and 
English, asking whether the two answers could both 
serve as valid and equivalent ressponses to a single 
factual question. The model returned a binary 
decision (0 or 1), indicating inconsistency or 
equivalence, respectively. This approach enabled 
fast, scalable, and language-aware consistency 
checking without human supervision. 

Table 5 summarizes the agreement between the 
model's automatic consistency judgments and 
human-verified labels. As shown, the model achieves 
high alignment across both languages, indicating that 
it can reliably distinguish between semantically 
consistent and inconsistent answers. 

For human labeling, the annotations were 
performed by the author following the same 
definition of inconsistency described in Section 3. 
Specifically, the responses generated for each 
paraphrased question were compared against the 
response to the original question, and whenever a 
contradiction was detected, the pair was labeled as 
inconsistent; otherwise, it was labeled as consistent. 
This set of human annotations was treated as the gold 
standard. The automatic evaluation was then carried 
out using the same definition, and the model’s binary 
decisions were compared against these gold labels. 
Agreement was measured as the percentage of cases 
where the model’s decision matched the human 
annotation. 

5. Conclusion and Further Work 

This study validated the claim that the consistency 
of a large language model’s responses to paraphrased 
versions of the same question serves as a strong 
indicator of the factual correctness of its outputs. 
Through extensive experiments conducted on both 
Persian and English datasets, and by utilizing two 
advanced large language models—GPT-4O and 
LLaMA 3–70B Chat—we found that in 99% of the 
cases where the model's responses were consistent,  

Table 2.  Claim accuracy across GPT-4O and LLaMA 3–70B 

Chat in Persian and English. 

LLM 

 

Language 

GPT-4O LLaMA 3–70B Chat 

Persian 99% 100% 

English 99% 97% 

Table 3.  Impact of "majority" and "most frequent" response 

counting on identifying the correct answer in GPT-4O and 
LLaMA 3–70B Chat models across Persian and English 

languages. 

LLM Language Majority Most Frequent 

GPT-4O 

Persian 61.1% 61.1% 

English 42.8% 57.1% 

 LLaMA 3–

70B Chat 

Persian 17.6% 29.4% 

English 30.7% 30.7% 

Table 4. Improvement in consistency evaluation accuracy and 

Recall achieved by semantic equivalence evaluation compared to 

exact matching. 

Language LLM 
Accuracy 

Improvement 

Recall 

Improvement 

Persian 

GPT-4O 
14%+ 15.3%+ 

English 12.25%+ 12.7%+ 

Persian LLaMA 
3–70B 

Chat 

10.5%+ 27.6%+ 

English 7.75%+ 8%+ 

Table 5. Agreement of automatic consistency judgments by 

LLaMA-3.3-70B-Instruct-Turbo with human-verified labels. 

Language LLM 
Agreement with Human 

Labels (%) 

Persian 

GPT-4O 

97.5% 

English 98.75% 

Persian 
LLaMA 3-
70B Chat 

96% 

English 99% 

Overall 97.8% 

the outputs were free from hallucinations. These 
results confirm that consistency checking is an 
effective, language-agnostic approach for identifying 
hallucination-free outputs. Furthermore, by 
employing a semantic-based evaluation rather than 
relying solely on exact string matching, the 
methodology demonstrated greater robustness in 
recognizing semantically correct but lexically diverse 
responses. This improvement was reflected in a 
measured increase of 11.13% in consistency 
detection accuracy, highlighting the tangible benefits 
of adopting a semantic approach. This enhances the 
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practicality and fairness of consistency-based 
hallucination detection across languages and models. 

Compared to our previous study, which was 
limited to a single model and the Persian language, 
this work expanded the evaluation to include both 
Persian and English, larger dataset, and multiple  
LLMs. The results clearly demonstrate that our 
method is not tied to any specific model or language. 
Instead, it can be readily applied to other languages 
and architectures, as evidenced by the consistent 
improvements observed across diverse settings in this 
study. This establishes the extendibility of the 
proposed approach beyond the initial scope, showing 
that it generalizes well to broader contexts. 

In this study, efforts were made to address 
additional limitations of the previous research [11], 
such as designing more challenging questions and 
automating the consistency evaluation process. By 
leveraging the LLaMA-3.3-70B-Instruct-Turbo 
model and providing it with a controlled prompt in 
Persian and English, we automated pairwise 
consistency judgments between paraphrased 
responses without the need for human intervention. 
Our evaluation showed that this automatic process 
achieved an average agreement of 97.8% with 
human-verified labels, demonstrating both reliability 
and scalability. 

One of these challenges is the complete 
automation of the inconsistency detection process. 
Due to the scarcity of resources in low-resource 
languages (such as Persian), more efficient solutions 
must be sought. Additionally, it is essential to develop 
a method to identify hallucination in the outputs of 
paraphrased questions in cases where the outputs are 
inconsistent, and it is not possible to determine the 
correct answer among the responses. This is because, 
as observed in the results section, it is not always 
feasible to deduce the correct answer by identifying 
the most frequently occurring response in all large 
language models. Consequently, there is a need for a 
solution that, in the first step, predicts whether each 
output is hallucinatory, and in the second step, 
identifies the correct answer with a higher success 
rate. 

Finally, one of the most significant and persistent 
challenges encountered in both series of studies has 
been determining the factual answer to each question. 
This challenge arises due to the abundance of 
resources and their variations across many topics, as 
well as the scarcity of resources in certain categories, 
making this issue highly contentious.in 

In addition to these directions, future work will 
also focus on developing a predictive mechanism that 
directly determines whether a given output is 
hallucinatory. Another promising line of work is to 
identify the correct answers among multiple 
paraphrased responses in cases where inconsistencies 

arise, thereby moving beyond mere detection to 
answer validation. Future work may also extend 
beyond factoid questions with unique answers to 
cases where multiple correct answers exist, where the 
challenge shifts from hallucination detection to 
managing incompleteness. We further plan to expand 
our dataset in both size and topical diversity, covering 
a broader set of domains and questions, and to 
evaluate the framework on an even larger set of 
LLMs. These extensions will enable more 
comprehensive evaluations and enhance the 
generalizability of the proposed approach. 
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