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Abstract

This study reports the YNU-HPCC team’s
participation in SemEval-2025 shared task 3,
which focuses on detecting hallucination spans
in multilingual instruction-tuned Large Lan-
guage Models (LLMs) outputs. This task dif-
fers from typical hallucination detection tasks
in that it does not require identifying the en-
tire response or pinpointing which sentences
contain hallucinations generated by the LLM.
Instead, the task focuses on detecting hallu-
cinations at the character level. In addition,
this task differs from typical hallucination de-
tection based on binary classification. It re-
quires not only identifying hallucinations but
also assigning a likelihood score to indicate
how likely each part of the model output is hal-
lucinatory. Our approach combines Retrieval-
Augmented Generation (RAG) and zero-shot
methods, guiding LLMs to detect and extract
hallucination spans using external knowledge.
The proposed system achieved first place in
Chinese and fifteenth place in English for track
3t

1 Introduction

Hallucination in large language models refers gen-
erating of information that appears plausible but
is factually incorrect or fabricated. This issue is
common in open-domain tasks, such as question an-
swering and summarization, where the model may
produce answers inconsistents with the provided
context or external knowledge.

Hallucinations can be categorized into two main
types (Ji et al., 2023): intrinsic, which conflicts
with the source content, and extrinsic, which can-
not be verified from the source content. These
errors are closely related to the nature of knowl-
edge. Some knowledge is static, such as the date
of the Civil War, while other knowledge evolves

'our code is available at https://github.com/
deepdarklowtech/YNU-HPCC-SemEval2025-Task3
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over time, such as the current population of China.
The distinction between these two types of knowl-
edge implies that hallucinations cannot be elimi-
nated—especially for the latter—unless the model
adopts a Retrieval-Augmented Generation (RAG)-
based (Lewis et al., 2020) approach.

As a result, much effort has been dedicated to
hallucination detection. These detection methods
can be broadly classified into the following cat-
egories (Huang et al., 2025): 1) Methods based
on model output logits, such as uncertainty and
semantic entropy; 2) Fact-based detection meth-
ods, which generally calculate the similarity be-
tween factual documents and the model’s output.
The shortcomings of both approaches are evident:
the former can only detect hallucinations but can-
not correct them, and it requires the detection pro-
cess to be tightly coupled with model generation.
The latter, on the other hand, struggles in domains
where factual documents are difficult to retrieve.

This task evaluated whether the model’s output
addressed the question and whether the answer
was accurate. Neither of these approaches effec-
tively addresses the task’s minimum interval re-
quirement because both focus on the entire model
output rather than specific spans within the answer.

Therefore, our team’s approach initially com-
bined fact-based documentation with Machine
Reading Comprehension (MRC) (Kenton and
Toutanova, 2019), followed by integrating the fac-
tual document-based method with zero-shot detec-
tion. The final experimental results demonstrated
that our solution was both effective and competitive
(Vazquez et al., 2025).

2 Related Work

Machine Reading Comprehension. Machine
reading comprehension is often applied in tasks
that answer questions based on context, and we
similarly use it to detect erroneous content. As men-
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Figure 1: Combining MRC and RAG system architec-
ture approach
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tioned in the Introduction, the task requires identi-
fying hallucinations at the character-level interval,
rather than evaluating the entire answer, which is
more common in hallucination detection.
Zero-shot Learning. (Brown et al., 2020) The
Zero-Shot Prompting approach is highly flexible
and generalizable, eliminating the need for task-
specific training across new tasks or domains. In-
stead, it relies on pre-trained language models com-
bined with carefully designed examples or prompts
to facilitate reasoning and generate outputs. Al-
though the validation set for the task initially con-
tained up to 807 Q&A pairs when categorized by
language, filtering for unique questions reduced
the dataset to around 50 distinct entries. Given this
constraint, we adopted the zero-shot approach as
our solution.

3 Approach

MRC Combined with RAG for
Hallucination Detection

3.1

Our initial approach combined MRC techniques
with an RAG strategy to label hallucination inter-
vals,as shown in the flow in Figurel. The core of
this approach focused on the retrieval-augmented
component. While interfaces like Google and Bing
required extensive data cleansing, our team opted
for a more direct method: we manually queried
the model input field. We filtered the generated
answers to ensure they were concise and directly
addressed the question. Additionally, since the
interval-based hallucination detection dataset is
only available in English, the fine-tuned LLM must
possess cross-linguistic capabilities. For this rea-
son, we selected LLaMA3 (Dubey et al., 2024) as
the model for our approach.

To meet the task’s minimum interval require-
ment, we used BIO tagging (Ramshaw and Marcus,
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1999) for individual tokens. However, a limitation
of this approach was that it did not allow us to pop-
ulate the soft labels field with probability values.
To overcome this, we used the softmax value of
the hallucination end token as a proxy. This deci-
sion was informed by two factors: (1) LlamaForTo-
kenClassification?, uses Cross-Entropy as the loss
function for multi-label training, and (2) marking
the end token marginally improved the CoR score
in the final evaluation.

3.2 Zero-shot Combined with RAG for
Hallucination Detection

Following the previous phase, we created a
question-answer pair document based on the test
set. In the next step, we applied prompt engineer-
ing to guide the LLM in directly categorizing the
contents of the model output text field. The model
was instructed to output the soft and hard labels
fields separately, as shown in the flow in Figure2.
Our team selected four models for this solution:
OpenAl-ol, Claude-3.5, Gemini and DeepSeek V3
(Liu et al., 2024).

We also explored using the task-provided train-
ing set, along with data from the validation set or
open-source datasets (e.g., RAGTruth (Niu et al.,
2023) and HaluEval (Li et al., 2023)) for a few-shot
learning approach. However, based on our previous
experience with MRC, we found that some entries
in the official dataset contain hallucination spans
shorter than a token. Additionally, open-source
datasets often lack the probability values required
for the soft labels field. While we attempted to
annotate these datasets with probability values, we
encountered a challenge: assigning error proba-
bilities to clearly incorrect content and assigning
probabilities to valid content. Furthermore, when
the text is known to be incorrect, it is challenging
for the LLM to provide the required probability
values for the soft labels field.

The task organizers explicitly stated that 12 re-
viewers annotated the probability values for both
English and Chinese. Therefore, using a prompt,
we instructed the model to select a probability value
between 0.0833 (1/12) and 1.0 (12/12) for the soft
labels field. The organizers’ statement aligns with
the challenges we described in the previous para-
graph. This method of assigning probabilities is

https://huggingface.co/docs/
transformers/en/model_doc/1lama#transformers.
LlamaForTokenClassification
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Step 1: Building Augmented Text

| Extract from test set document

Model input: Where is the capital
of France?

The capital of France is Paris.
which is located in the north-
central part of the country.

}

Model mput:" Where 1s the capital
of France?’

Context: Pans’

Model output:'The capital of

France 1s Berlin*

o~
7

Step 2: Prompt for LLMs

‘ Prompt LLM te detect hallucination

You are an expert in hallucination detection.
please identify the hallucination in the
model_output field based on model_input and
context.

v

c=. @ 1 can definitely help with hallucination
<A|l detection. I'll analyze them to identify any

potential hallucinations in the output based on
.' o| the input and context provided.

You should evaluate the text sentence by
sentence. assigning likelihood values of
hallucinations to each segment. The
probability values should range from 0.0833
(1/12) to 1.0 (12/12), . Parts that you are
confident are hallucinations should be
assigned probability values greater than 0.5

Step 3: Mapping sentences to the original interval

Collecting LLM’s response

The hallucination span 1s “The capital of France
1s Berlin'. And the probability 1s 1.0."

v

The span is from 0 to 32.

l

Model input:" Where 1s the capital of France?"
Context:"Paris’

Model output:"The capital of France 1s Berlin "
Soft labels-{"Start":0,"Prob’:1.0."End":32}
Hard labels:[0.32]

(Al ) Got it! Based on the updated guidelines, I'1l
adjust the probability values accordingly.
.- : Let’s get it start.

Figure 2: Combining zero-shot and RAG system architecture approach

virtually infeasible, as it relies on aggregating multi-
ple binary labels to approximate probability values.

Both models naturally use sentences as the unit
for the minimum hallucination span during the re-
sponse collection process. Although this approach
does not fully meet the "minimum" span require-
ment set by the organizers, it aligns with our team’s
intuition about hallucinations. We typically don’t
distinguish between correct and incorrect informa-
tion at the word level; instead, we usually make
distinctions at least at the sentence or clause level.

As widely known, the strawberry challenge re-
vealed LLMs’ weakness in counting. The results
are often unreliable when directly asked to generate
soft and hard labels in JSON format. Fortunately,
both models apply chain-of-thought (CoT) (Wei
et al., 2022) reasoning to generate responses, im-
proving accuracy. To mitigate counting errors in
the LLM outputs, we required both OpenAl-ol and
DeepSeek V3 to provide the spans and the cor-
responding textual content for each span. After
collecting the LL.M responses, we used the KMP
algorithm to map the text to its corresponding posi-
tion in the model output text field.

4 Experiment Detail

Datasets. In our MRC solution, we fine-tuned the
LLaMA model using RAGTruth and HaluEVAL
datasets. RAGTruth explicitly labels hallucination
intervals in numerical form, closely aligning with
the task requirements, while HaluEVAL only iden-
tifies the text segments containing hallucinations
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without specifying precise intervals.

Evaluation Metric. This task adopts IoU and Cor
as evaluation metrics during the assessment phase.
The scoring criteria for IoU are outlined below:

ol — Intersection(Gold, Prediction)
"~ Union(Gold, Prediction)

ey

where Gold refers to the intervals marked by the
organizers as hard labels, while Prediction refers to
the intervals marked by participants as hard labels.
Cor’s score was calculated using the Spearman
Rank Correlation Coefficient, which is calculated
as follows:

63 d?

COT:l_n(nQ—l)

2
where d; refers to the difference in probability val-
ues between the soft labels published by the orga-
nizers and the soft labels submitted by the partici-
pants, while n represents the character-level length
of all soft label intervals marked by the organizers.

5 Result

In the final evaluation phase, the tournament orga-
nizers used Intersection-over-Union (IoU) to eval-
uate the hard_labels, while Spearman correlation
was used to assess the soft_labels.Table 2 and 3
presents the results achieved using different mod-
els and methods.

As shown in the table 1 and 2, OpenAl-ol out-
performs the other models by a significant margin.
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Figure 3: Performance of different LLMs on the EN test set. Blue bars represent sentences correctly labeled by
the model, red bars indicate sentences incorrectly labeled, and yellow bars show sentences that the model failed to

detect.

LLM IoU Cor

OpenAl-ol(Prompt) 0.5540 0.3518
DeepSeek V3(Prompt) 0.1219 0.0497
Gemini V2(Prompt) 0.3265 0.0664
Claude-3.5(Prompt) 0.4769 0.0795
LLaMA-3(MRC) 0.4565 0.1846
Baseline(mark all) 0.4772 0.0000

Table 1: Results obtained with different LLMs in the
ZH test set.

LLM IoU Cor

OpenAI-O1(Prompt) 0.4807 0.4075
DeepSeek V3(Prompt) 0.3220 0.1802
Gemini V2(Prompt) 0.3025 0.1722
Cluade-3.5 (Prompt) 0.4248 0.3391
LLaMA-3(MRC) 0.3800 0.3974
Baseline(mark all) 0.3489 0.0000

Table 2: Results obtained with different LLMs in the
EN test set.

The MRC-based approach using LLaMA for hallu-
cination interval detection also performs well.

To better demonstrate the effectiveness of our
team’s solution, we also performed a more refined
data analysis at the end of the evaluation phase. Our
analysis is based on the labeled test set released by
the organizers at the end of the evaluation phase.
As we stated in Section 3.2, the granularity of the
labels provided by the organizers is lower than our
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Model Rank IoU Cor
Chinese(Mandarin)
OpenAl-ol 1 0.5540 0.3518
Claude-3.5 5 0.4769 0.0795
LLaMA-3 14 0.4565 0.1846
Gemini V2 21 0.3265 0.0664
DeepSeek V3 26 0.1219 0.0497
English
OpenAl-ol 15 0.4807 0.4075
Cluade-3.5 24 0.4248 0.3391
LLaMA-3 26  0.3800 0.3974
DeepSeek V3 32 0.3220 0.1802
Gemini V2 35 0.3025 0.1722

Table 3: Ranking of our practices in the official ranking
table

team’s judgment of the LLMs’ hallucination phe-
nomenon, and also Tables 3 have demonstrated
the accuracy and relevance at the character level.
Therefore, we split the model output text by sen-
tence and analyze it at the sentence level, as shown
in Figure 3 and Figure 4. In terms of detection
ability at the sentence level, Claude-3.5 performs
ahead of all other models. However, OpenAl-ol
scores higher under the IoU metric due to its fewer
false positive results. Meanwhile, Figures 3 and 4
show a disproportionate increase in sentences that
were not detected by the Gemini and DeepSeek V3
models in the Chinese track. However, the opposite
trend is observed under the IoU metric. This dis-
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Figure 4: Performance of different LLMs on the ZH test set. Blue bars represent sentences correctly labeled by
the model, red bars indicate sentences incorrectly labeled, and yellow bars show sentences that the model failed to

detect.

crepancy is primarily due to the fact that the model
responses in the Chinese test set often include more
Markdown syntax for structured, point-by-point re-
sponses to questions. This is also reflected in the
overall length of the text, which is 48040 for the
Chinese test set and 36745 for the English dataset.
As a result, regular expressions struggle to segment
the text according to human linguistic conventions.

6 Analysis

The data in the table indicates a low correlation in
our solution, which can be attributed to at least the
following factors:

* Following the example provided by the task
organizers, if the text in the model output text
is The capital of France is Berlin, the halluci-
nation interval we provide should only include
the token "Berlin." This tokenization approach
is, of course, correct. We replace Berlin with
Faris to correct the LLM’s response.

Similarly, for hallucination detection, fitting
the probability of a binary classification task
to the results derived from 12 individuals’
votes proves too challenging. We also con-
sidered using multiple rounds of sampling
(Shanahan et al., 2023), where the discrimina-
tive results of 12 judgments made by the same
model would be used to fit the final probabil-
ity; however, this exceeded our team’s budget.

¢ As shown in Tables 1 and 2, our team’s re-
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sults in the English track were not as strong as
those in the Chinese track, which seems con-
tradictory considering the training data used
by the relevant models. This discrepancy may
be related to the quality of the augmented doc-
uments we created. Specifically, for the test
set, there were 12 instances in the English por-
tion where content could not be retrieved or
was overly verbose, while only 4 were present
in the Chinese portion. This difference could
have a significant impact, given that the test
set contains only 150 entries.

7 Conclusion

This study describes the work conducted by
the YNU-HPCC team for participation in "Mu-
SHROOM (SemEval 2025)." The methods we em-
ployed include Augmented Document-based MRC
and Augmented Document-based Prompt Engineer-
ing. The final results showed that using OpenAl-ol
with Augmented Document-based Prompt Engi-
neering achieved first place in the Chinese track,
with an IoU score of 0.5540 and a Cor score of
0.3518. In the English track, the model achieved
15th place, with an IoU score of 0.4807 and a Cor
score of 0.4075.

Future work attempts to adopt a knowledge
graph-based approach for self-checking LLM-
generated answers in the future. After all, com-
pared to a simplistic model, a more intelligent
model that outputs incorrect answers tends to cause
more significant harm to society and the economy.



Therefore, integrating online retrieval-augmented
generation (RAG) with offline knowledge graphs
will be key for mitigating hallucination.
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