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Abstract

This paper presents two complementary ap-
proaches for hallucination detection in large
language model outputs, developed by the Ver-
baNexAl team for SemEval-2025 Task 3. The
first approach leverages advanced LLMs, em-
ploying a chain-of-thought prompting strategy
with one-shot learning and Google snippets for
context retrieval, demonstrating superior per-
formance. The second approach utilizes tradi-
tional NLP analysis techniques, including se-
mantic ranking, token-level extraction, and rig-
orous data cleaning, to identify hallucinations.
Evaluation of an English dataset comprising
both labeled and unlabeled examples shows
that the LLM-based system achieved competi-
tive results, ranking 25th out of 41 in Intersec-
tion over Union and 28th in Spearman corre-
lation. At the same time, the NLP approach
provided valuable qualitative insights despite
lower quantitative performance. These findings
highlight the potential of our methods, along
with challenges such as snippet availability and
prompt optimization, paving the way for fu-
ture improvements through enhanced snippet
extraction and fine-tuning strategies.

1 Introduction

In the era of large language models (LLMs), the
generation of fabricated or non-factual information
often referred to as hallucinations (Ji et al., 2022;
Tonmoy et al., 2024) poses a significant challenge
to the reliability and trustworthiness of automated
systems. SemEval-2025 Task 3 addresses this is-
sue by identifying hallucination spans in generated
texts, thereby promoting more accurate and contex-
tually grounded responses (Vazquez et al., 2025).
We centered our participation in this task on the
English language, where we aim to mitigate halluci-
nations by incorporating external factual evidence
retrieved via Google snippets (Strzelecki).

Our system builds on a multi-stage approach
that integrates several key components. First, it

retrieves relevant context through Google snip-
pets, which are semantically ranked to select the
most pertinent pieces of information (Strzelecki
and Rutecka, 2020a). Next, a specially format-
ted prompt optimized through a one-shot chain-
of-thought strategy guides the LLLM in extracting
hallucinations from the generated responses. Data
cleaning and token extraction methods further re-
fine this process, ensuring the system retains only
meaningful hallucination candidates. It ultimately
enhances factual verification and the robustness of
LLM outputs (Tonmoy et al., 2024).

Preliminary results indicate that while our ap-
proach shows promise in identifying hallucina-
tions, challenges remain regarding data availabil-
ity and prompt efficiency. Notably, our system
ranked 25th out of 41 teams in Intersection over
Union and 28th in Spearman correlation. These
findings underscore both the potential and limita-
tions of our current method, motivating ongoing
improvements. Our code is publicly available at
https://github.com/VerbaNex Al.

2 Background

This section presents the current state of halluci-
nation identification as proposed in Semeval Task
3 (Vazquez et al., 2025). This task aims to iden-
tify spans of hallucinations in text generated by
instruction-tuned Large Language Models (LLMs)
in a multilingual context. It represents the second
iteration of the SHROOM task, which sought to
determine whether a sentence generated by a gener-
ative model was a hallucination yes or no (Mickus
et al., 2024). Authors defined hallucinations as "An
unreal perception that feels real" (Ji et al., 2022).

The task involves evaluating language model
outputs across 14 languages. Our participation was
limited to English language datasets structured in
JSON format.

Our proposal uses Google Snippets Boxes to
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retrieve relevant web-based information. Google
developed this system, which provides quick an-
swers to factual questions (Strzelecki and Rutecka,
2020b). Also, Google has better performance than
Bing, another search engine that also offers this
tool (Musa and Isa, 2021).

There are various approaches to mitigate hal-
lucinations. (Tonmoy et al., 2024) summarizes
these strategies, highlighting prompt engineering
and model development as the primary methodolo-
gies.

2.1 Prompt Engineering

This technique focuses on experimenting with dif-
ferent instructions to obtain optimal results (Ton-
moy et al., 2024). One prominent approach within
prompt engineering is Retrieval Augmented Gener-
ation (RAG), which integrates relevant contextual
information into the model’s response generation.
We can apply RAG at different stages: before (Peng
et al.), during (Varshney et al.), and after (Rawte
et al., 2573) generation. Additionally, end-to-end
RAG solutions have been explored (Lewis et al.).

Another method is Self-Refinement through
Feedback and Reasoning, where the model gen-
erates feedback on its responses to improve future
iterations (Madaan et al.).

Finally, Prompt Tuning involves adjusting in-
structions using techniques such as fine-tuning to
generate more effective responses tailored to spe-
cific tasks (Lester et al., 2021).

2.2 Developing Models

This approach focuses on improving language mod-
els through various architectural techniques to re-
duce the generation of incorrect information (Ton-
moy et al., 2024).

One key strategy is introducing new decoding
strategies, which optimize text generation to min-
imize errors. A method such as Context-Aware
Decoding (CAD) (Shi et al., 2024).

Another approach is the utilization of knowl-
edge graphs, where authors integrated structured
information representations to improve response
coherence. Examples include RHO (Ji et al., 2023)
and FLEEK (Bayat et al., 2023).

Furthermore, introducing faithfulness-based loss
functions helps train more reliable models by pe-
nalizing the generation of unverifiable content.

Finally, supervised fine-tuning reduces hallucina-
tions like (Tian et al., 2023) that model learns how

to respond by selecting the more factual between
two responses.

For this model, we used Google snippets to ana-
lyze website content and extract the most relevant
information for display in a featured snippet at the
top of search results. These snippets summarize
key web page details in response to user queries
and can appear as lists, paragraphs, or tables. Their
selection follows a structured approach to ensure
accurate retrieval based on the query (Strzelecki;
Strzelecki and Rutecka, 2020a). Snippets effec-
tively provide factual context to user questions.
Therefore, we propose using Google snippets, as
most evaluation questions are content-based, as
shown in the dataset section.

Most models discussed in (Tonmoy et al., 2024)
perform binary classification to determine whether
a response contains a hallucination ("yes" or "no").
However, only a few specifically address the identi-
fication of hallucination spans within the generated
text. For instance, (Quevedo et al., 2024) employs
two LLMs: one for generating responses and an-
other for analyzing logs to estimate the probability
of hallucination in the generated tokens. Addition-
ally, (Liu et al.) detects hallucinations in free-form
text using a token-level, reference-free approach.

3 System Overview

One of the main challenges in developing this sys-
tem was designing a computationally efficient so-
lution. To address this issue, we proposed two
approaches: one based on feature extraction us-
ing linguistic analysis techniques NLP base sys-
tem and another relying on large language models
LLM base system the current state of the art.

3.1 Data Description

For model development, we utilized two datasets.
The first was the English test dataset, comprising
50 labeled examples for initial evaluation. We used
a separate test dataset with 150 examples to as-
sess model performance. Additionally, a valida-
tion dataset containing 154 unlabeled examples
was employed to analyze system behavior. These
unlabeled examples could be evaluated using the
platform proposed by (Vézquez et al., 2025), which
applies Intersection over Union (IoU) and Spear-
man Correlation metrics for assessment.

The test dataset includes essential fields such as
id, lang, model_input, model_output_text, and vari-
ous annotations. The structure of soft_labels and
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Context Retrieval Using Google Snippets

[10 Snippets]
Snippet Ranking Based on Semantic Relationship
Snippeti Embedding
(deepset/roberta-base- " [Top 3 Snippets]
Model input squadz)
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4

Hallucination Detection via Prompting

Prompt
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—> LLM Generation — detected]

Figure 1: LLM base system

hard_labels, including keys such as start, end, and
prob, provides a detailed representation of halluci-
nation spans along with their associated probabili-
ties, ranging from O to 1.

3.2 LLM base system

Figure 1 shows the model that consists of three
parts. The Context Retrieval Using the Google
Snippets component is essential for providing con-
text to the system’s responses and identifying hal-
lucinations within the text. Next, the most relevant
snippets are filtered using embeddings. Then, we
generated a specially formatted prompt to help the
language model better understand the task. Finally,
we extracted the hallucinations using the LL.Ms
and refined the results.

3.2.1 Context Retrieval Using Google Snippets

We used Google Snippets to provide context to
the LLMs by retrieving search results based on the
model’s input. Specifically, we performed a Google
search using the given query and extracted ten snip-
pets. For example, when asked, "What are the col-
ors of the United States flag?" Google retrieves rele-
vant excerpts from web pages and presents them as
snippets. The relevant snippets are then collected
and organized into a list.

We required Proxy IP rotation to scrape the
snippets, as described in (Patel, 2020), using the
ScrapeOps service. Additionally, the system iter-
ates up to two times to retrieve the data.

3.2.2 Snippet Ranking Based on Semantic
Relationship

We used a semantic relationship method based on
Morillo et al. (2024) to identify the most relevant

snippets. This approach employs deepset/roberta-
base-squad?2 embedding, which we derived from
the RoBERTa model (Liu et al., 2019) and trained
on Question Answering Dataset (SQuAD) from
Rajpurkar et al. (2018). The method computes the
semantic similarity between the snippets and the
input query using cosine similarity, as proposed by
Morillo et al. (2024) and Gomaa (2019). We re-
tained snippets with a similarity score above 0.45%
and selected the three most similar ones.

3.2.3 Hallucination Detection via Prompting

The next stage involves constructing the prompt
shown in Figure 2, which illustrates its structure.
The prompt consists of three main components: (1)
an example demonstrating the expected extraction
process by the model, (2) a dynamic section that
adapts based on the snippets and model output, in-
cluding its tokenized version that segments the text
and indicates position and (3) a final instruction to
organize the execution order, ensuring coherence,
particularly for long-text evaluations. We tested
the system using a chain-of-thought approach with
one-shot and few-shot learning. The one-shot ap-
proach achieved the best performance, while the
other methods were largely ineffective due to poor
results.

Finally, we cleaned the data to ensure the ex-
tracted hallucinations were meaningful. We disre-
garded if an identified hallucination exceeded the
actual tokens of the evaluated response, the proba-
bility exceeded one, or fell below 0.

3.3 NLP Techniques System

The system employs the same elements proposed
in LLM Base System in section 3.2, Context
Retrieval Using Google Snippets, and Snippet
Ranking Based on Semantic Relationship, ex-
cept for Hallucination Detection via Prompting.
Instead, multiple techniques are implemented for
data cleaning, followed by a token extraction pro-
cess that identifies the position of each sentence
within the text.

The key stage is lexical comparison. We evalu-
ated the generated responses based on a left outer
Jjoin operation between the six best snippets’ word
sets. This process helps identify potential halluci-
nations in the responses. However, a filtering step
is applied using Part of Speech (PoS) analysis to
avoid false positives. We considered only words
belonging to the categories NOUN, PROPN, VERB,
NUM, and X, using Spacy. The filtered words are
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Here are 1 examples of hallucination detection:
Example 1:

Context: The Olympic Games are a major international sports competition.

@

Generated: Petra van Stoveren won a silver medal in the 2008 Summer Olympics in Beijing, China.
Generated with positions: <@>Petra<i> <6>van<@> <10>Stoveren<l7> <19>won<21> <23>a<23> <25>silver<30> <32>medal<36>
<38>in<39> <Ul>the<U3> <U5>2008<U8> <50>Summer<55> <57>0lympics<64> <66>in<67> <69>Beijing,<76> <78>China.<83>

Output: {"soft_labels":
"end": 83, "prob": 0.9}1}

[{"start": 25, "end": 31, "prob": 0.9}, {"start": U5, "end": 49, "prob": 1.0}, {"start": 69,

Explanation: The specific medal, year and location details are not supported by context.

Now analyze this case:

Context: {[‘best Snippet 1’, ‘best Snippet 2’, ‘best Snippet 3’1}
{No, Albero Foulois was not in any of the FIFA World Cup finals.}

Generated Text:

@

Generated with positions: {<1>No,<3> <5>Albero<10> <12>Foulois<18> <20>was<22> <2U>not<26> <28>1n<29> <31>any<33>
<35>0f<36> <38>the<U0> <U2>FIFA<U5> <U7>World<51> <53>Cup<55> <57>finals.<63>}

Task:

Analyze the generated text and identify potential hallucinations by:

1. Compare the generated text with the given context

2. Mark spans that contain information not supported by the context
3. Assign probability scores (0.0-1.0) to potential hallucinations
1

®

. Return the results in JSON format with start/end positions

Figure 2: One example of prompt construction for the LLM base system.

classified with a minimum probability of 90%, as
shown in Figure 3.

MODEL RESPONSE TEXT

2
TEXT PREPROCESSING

Clean special caracter
Remove stopwords
Lemmatize words

v
TOKEN EXTRACTION

Identify individual tokens and positions
v

LEXICON COMPARISON

— ——
TOKENS IN LEXICON TOKENS NOT IN LEXICON

Store position Map to original positions
Record weirdness score Store processed form

+
IMPORTANT TOKEN EVALUATION
Categorize by part of speech
Filter for important POS
+

FINAL ANALYSIS

Important tokens

Figure 3: NLP base system proposal

4 Results

We obtained some of the results after the compe-
tition had ended due to internal issues with the
code. However, tests with different models are
shown in Table 4. The best model during the evalu-
ation phase was the LLM system using deepseek-
r1-distill-llama-70b, as proposed by (DeepSeek-Al
et al., 2025). This model ranked 25th out of 41 for
the IoU and 28th out of 41 in Spearman correlation
on the English Dataset, as shown in Table 1.

4.1 Intersection over Union (IoU)

The IoU metric measures the overlap between pre-
dicted hallucination and reference spans. The fol-
lowing definitions apply:

After: deepseek/deepseek-r1 loU: 0.52092 Cor: 0.53872

After: deepseek/deepseek-r1-distill-llama-70b loU: 0.42682 Cor: 0.43964

After: deepseek/deepseek-r1-distill-qwen-32b loU: 0.4003 Cor: 0.36374

epseek/deepseek-r1-distill-llama-70b_runs loU: 0.381 Cor: 0.36426

2

alysis loU: 0.36765 Cor: 0.3655

After: deepseek/deepseek-r1-distill-qw b loU: 0.23295 Cor: 0.31508

Before: mistral-7b-instruct-v0.2:2 loU: 0.043713 Cor: 0.019637

After: deepseek/deepseek-r1-distill-qwen-1.5b IoU: 0.040715 Cor: -0.0085229
—

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50

Figure 4: Performance comparison of different models
before and after the evaluation phase for the English
dataset in SemEval Task 3. The figure presents Inter-
section over Union (IoU) and correlation (Cor) scores
for each model. Black bars represent post-evaluation
results, while blue and yellow indicate evaluation results
from different baseline approaches.

» Sp represents the set of indices corresponding
to the reference hallucination spans R, which
are the ground-truth hallucination positions in
the text.

* Sp represents the set of indices for the pre-
dicted hallucination spans P, as identified by
the model.

* JoU quantifies the similarity between Sy and
Sp, ensuring that both precision and recall are
considered.

Sgr,Sp = U {Z } (S [spansta.rt? Spanend)}

span€R
1, if Sp = Sp =10,
IOU(SR, SP) == |SrNSP] .
[SRUSH|? otherwise.
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Table 1: Final Ranking for Intersection over Union.

Team Position Intersection over Union Spearman Correlation
iai_MSU (Top performance) 1/41 0.650899 0.629443

Ours (LLM system) 25/41 0.380997 0.364264

Ours (NLP system) 0.3655 0.367

Spearman Correlation

Spearman correlation assesses how well the pre-
dicted hallucination probabilities align with the
reference labels. Given soft labels with text length
L, probability vectors r and p are constructed:

re itk € [rige,
ks Dk :{ prob [ start» end)’ (1)

0.0  otherwise,

The Spearman correlation (p) is computed as:

1.0 if Var(r) = 0 and Var(p) = 0,
Cor =< 0.0 if Var(r) = 0 or Var(p) = 0,

p(r,p) otherwise.
2)
The Spearman rank correlation coefficient p is
defined as:

L
1 6> ey di

L(L2 1) )

p:

5 Ethical Considerations

The primary ethical consideration in this article is
the potential bias in Google’s snippet answers and
the LLM responses, which can affect users’ credi-
bility judgments of the presented information (Bink
et al., 2022). The system that generates featured
snippets should ensure the accuracy of retrieved in-
formation. It is also essential to recognize that the
filtering process created by the LLM may introduce
biases due to the nature of its responses (Gallegos
etal., 2024).

6 Conclusion

The system has the potential to identify hallucina-
tions and resolve them based on context, as demon-
strated in previous executions after the competition
ends. Despite its low performance during the com-
petition, We can improve the snippet extraction
system to ensure data availability for each itera-
tion. Additionally, we can optimize the prompt
by testing different variations. Finally, we could

apply fine-tuning techniques to train the models
on the expected response format and the necessary
processes to generate accurate answers.

The primary limitations encountered were re-
lated to scraping snippet boxes. Excessive requests
could lead to an IP ban, requiring proxy rotation
services to retrieve the information. Despite this,
some snippets were still unavailable. During the
testing phase, we utilized a dataset where snippets
were absent for 31 of 154 data points.
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Google What are the colors of the United States flag?

Todo Ima

§ Vision general creada por IA Mas informacion

The colors of the United States flag are red, white, and blue. Each color has a X X
cmialemesnlne The American flag and other national symbols -

V! g: ¢ USA.gov

« Red: Represents valor, bravery, hardiness, energy, desire, and passion 20 sept 2024 — The flag of the United States is a symbol of

o T ReTCEai S Ry A e freedom before which Americans recite the pledge of.

- P @ USA.gov
« Blue: Represents vigilance, perseverance, and justice =

The flag also has 13 red and white stripes and 50 white stars on a blue History of the American Flag | A Capitol Fourth - PBS
background. The stripes represent the 13 original colonies, and the stars Tod: ts of 13 | | str

Mostrar mas v

The colors of the flag are symbolic as well; red symbolizes hardiness and
valor, white symbolizes purity and innocence, and blue represents
vigilance, perseverance and justice.

rg > Home » July 4th History

History of the American Flag | A Capitol Fourth - PBS
@ In bre los

Figure 5: Google Snippets Example for the question "What are the colors of the United States flag?".
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