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Abstract

This paper describes our system for SemEval-
2025 Task 3, Mu-SHROOM, which focuses on
detecting hallucination spans in multilingual
LLM outputs. We reframe hallucination detec-
tion as a point-wise anomaly detection problem
by treating logits as time-series data. Our ap-
proach extracts features from token-level log-
its, addresses class imbalance with SMOTE,
and trains an XGBOD model for probabilis-
tic character-level predictions. Our system,
which relies solely on information derived from
the logits and token offsets (using pretrained
tokenizers), achieves competitive intersection-
over-union (IoU) and correlation scores on the
validation and test set.

1 Introduction

SemEval-2025 Task 3, Multilingual Shared-task on
Hallucinations and Related Observable Overgen-
eration Mistakes (Vázquez et al., 2025) addresses
the critical challenge of detecting hallucinations in
instruction-tuned Large Language Model (LLM)
outputs. The challenge of hallucination extends
beyond text-based LLMs to multimodal large lan-
guage models (MLLMs) as well, posing signifi-
cant obstacles to their real-world applications (BAI
et al., 2025). This task is crucial for ensuring the re-
liability and trustworthiness of LLMs in real-world
applications, especially in multilingual contexts.
Mu-SHROOM encompasses 14 languages: Arabic,
Basque, Catalan, Chinese, Czech, English, Farsi,
Finnish, French, German, Hindi, Italian, Spanish,
and Swedish, reflecting the growing need for robust
multilingual LLM evaluation (Ji et al., 2022).
Our system tackles this span detection task by fram-
ing it as a point-wise anomaly detection problem.
We hypothesize that hallucinated text spans exhibit
anomalous patterns in the LLM’s output logits com-
pared to factual or consistent text. Inspired by re-
cent work demonstrating the potential of Large Lan-
guage Models for time series anomaly detection

(Liu et al., 2024), we leverage the XGBOD (eX-
treme Gradient Boosting for Outlier Detection) al-
gorithm (Zhao, 2019), trained on features extracted
directly from the LLM’s logit sequences, to identify
these anomalous points indicative of hallucinations.
By participating in Mu-SHROOM, we discovered
that a relatively simple, data-driven anomaly detec-
tion approach can achieve effective hallucination
span detection across diverse languages, relying
solely on model logits without prompts, text, to-
kens, or Retrieval-Augmented Generation (RAG).

2 Background

Recent work has also explored the use of LLMs di-
rectly for time series anomaly detection. (Liu et al.,
2024) proposed LLMAD, a framework that uses
LLMs for few-shot anomaly detection in time se-
ries, achieving both high accuracy and interpretabil-
ity. Their work, while focused on general time
series data, further motivates our exploration of
anomaly detection techniques for hallucination de-
tection in LLM text output, particularly by lever-
aging the LLM’s own logit representations. The
survey by (Luo et al., 2024) provides comprehen-
sive overviews of various hallucination detection
techniques. The field of time series anomaly de-
tection itself is a well-established area, with exten-
sive research into various methodologies, as high-
lighted in comprehensive surveys by (BLÁZQUEZ-
GARCÍA et al., 2020; DARBAN et al., 2024).
These surveys cover a wide range of techniques,
including deep learning approaches, and discuss
applications across diverse domains. Anomaly de-
tection techniques have been successfully applied
to various time-series data domains, such as system
log analysis (Du et al., 2017).

The task input consists of:

1. model_input (instruction prompt)

2. model_output_text (LLM generated text)
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3. model_output_logits (logit values for each
token in the output)

4. model_output_tokens

5. Human annotations in the form of
soft_labels (probabilistic hallucina-
tion spans) and hard_labels (definite
hallucination spans)

The expected output from participating systems
is, for each character in the model_output_text,
a probability indicating whether it is part of a hal-
lucination span.

The dataset is split into Sample, Validation, Un-
labeled Train, Unlabeled Test, and Labeled Test
sets. We utilized the Validation set for training our
anomaly detection model and the Unlabeled Test
set for evaluation. The dataset covers 14 languages
and utilizes outputs from various public-weight
LLMs. Our submission focused on span detection
across all 14 languages using a single model.

3 System Overview

Our system employs a three-stage process: feature
extraction from logits, anomaly detection using
XGBOD and prediction of anomaly scores for each
token.

3.1 Feature Extraction
Our system extracts six features for each token in
the LLM’s output, including the raw logit value, its
normalized position in the sequence, and the logit
difference from the previous token, all derived from
the model_output_logits sequence. We hypoth-
esize that tokens within hallucinated spans will
display distinctly anomalous logit patterns com-
pared to tokens in non-hallucinated spans. These
features are designed to capture both the individual
token’s logit behavior and its context within the
overall logit sequence.

3.2 Anomaly Detection with XGBOD
We employ XGBOD, an efficient and effective out-
lier detection algorithm based on eXtreme Gradient
Boosting (XGBoost), for anomaly detection. We
chose XGBOD for its ability to handle complex
feature interactions and robustness against data im-
balance (Zhao, 2019).
The model is trained on the labeled validation set.
SMOTE is used to oversample the minority class
and the labels provided in the validation set are
used as the ground truth for anomaly/non-anomaly

Figure 1: Overview of the system pipeline for hallucina-
tion span identification, illustrating data flow from LLM
output logits to character-level probability predictions.

classification at the token level. Specifically, if a
token’s character span overlaps with any hallucina-
tion span, it’s labeled as anomalous (1), otherwise
non-anomalous (0).

3.3 Inference and Prediction

For the unlabeled test set, we apply the trained
XGBOD model to predict anomaly scores for each
token. The process mirrors the feature extraction
step used in training. For each instance in the test
set:

1. Extract logits and model output text.

2. Tokenize the text to obtain token offsets.

3. Extract the same six logit-based features for
each token as during training.

4. Use the trained XGBOD model to predict an
anomaly score (probability) for each token.

5. Map token-level anomaly scores back to
character-level probabilities.

The design choices for our system is motivated
by several key considerations. First, we leverage
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LLM logits as a rich internal representation, reflect-
ing the model’s predictive probabilities, confidence,
and uncertainty. While hallucinations can some-
times present as linguistically plausible text, we hy-
pothesize that these instances may still correspond
to deviations from the logit patterns typically ob-
served during factual or consistent generation. We
are not necessarily looking for individual "surpris-
ing" or out-of-distribution logit values, but rather
for subtle shifts in the distribution, sequence, or re-
lationships among logits, which we aim to capture
through our extracted features. This lightweight
design translates to significantly reduced compute
requirements for both model training and inference
compared to large transformer models or meth-
ods involving extensive external knowledge bases.
Training our XGBOD model is substantially faster
and less resource-intensive, enabling efficient pro-
cessing and potential suitability for real-time hal-
lucination detection. This data-driven methodol-
ogy, training an anomaly detection model on the
validation set, allows us to learn hallucination pat-
terns directly from the data, rather than relying on
heuristics. Finally, the language-agnostic nature of
logit-based features enables multilingual applica-
bility. Drawing inspiration from the successful use
of anomaly detection in time-series data (Du et al.,
2017) and the recent application of LLMs to time-
series anomaly detection (Liu et al., 2024), our
system provides a targeted and efficient solution
for multilingual hallucination span identification
while utilizing a distinct gradient boosting model
and focusing specifically on text hallucination.

4 Experimental Setup

4.1 Data Splits and Preprocessing

We used the validation set provided by the Mu-
SHROOM task organizers to train our XGBOD
model. The unlabeled test set was used to generate
our predictions for the competition. We did not use
any additional data or external resources beyond
the provided datasets and pre-trained tokenizers.

The preprocessing steps included the following:
- Tokenization: For each language and

model_id, we used the corresponding Hug-
ging Face Transformers tokenizer (AutoTokenizer)
(Wolf et al., 2019) to obtain token offsets for feature
extraction and label alignment.

- Feature extraction: As described in Section
3.1, we extracted six logit-based features for each
token.

- Label Generation: The validation set la
WObels were used to generate token-level anomaly
labels (0 or 1) as described in Section 3.2.

- Addressing Class Imbalance: Due to the
imbalanced nature of the data, we employed
SMOTE (Synthetic Minority Oversampling Tech-
nique) (Chawla et al., 2002) to oversample the mi-
nority class in the training set, improving model
robustness.

4.2 Hyperparameter Tuning
We performed hyperparameter tuning for the XG-
BOD model using GridSearchCV with 3-fold cross-
validation on the resampled training data (after
SMOTE).

Parameter Search Space
n_estimators {100, 200, 300}
max_depth {3, 5, 7}
learning_rate {0.01, 0.05, 0.1}

Table 1: Hyperparameter search space for XGBOD
using GridSearchCV.

4.3 Evaluation Metrics
The Mu-SHROOM task evaluates system perfor-
mance using two character-level metrics:

1. Intersection-over-Union (IoU): Measures the
overlap between predicted and gold hallucina-
tion spans.

2. Correlation (Cor): Measures the correlation
between the system’s predicted hallucination
probabilities and the empirical probabilities
derived from human annotations.

5 Results

As shown in Table 1, our system shows a signifi-
cant improvement in intersection-over-union (IoU)
scores in most languages compared to the base-
line. In particular, for Arabic (AR), Spanish (ES),
Finnish (FI), French (FR), and Italian (IT), our
system achieves IoU scores that are substantially
higher than the baseline. This indicates that our
anomaly detection approach is considerably more
effective in identifying and accurately delineating
hallucination spans in these languages.
Moving to Correlation (Cor) scores, the compari-
son is more nuanced. our system generally achieves
competitive or superior correlation scores, indicat-
ing a better alignment between our predicted hal-
lucination probabilities and the human-annotated
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Lang Id
Metrics

IoU Cor
AR XGBOD 0.2138 0.3844

Baseline 0.0001 0.2235
DE XGBOD 0.2522 0.2763

Baseline 0.2716 0.1288
EN XGBOD 0.1325 0.2751

Baseline 0.0802 0.3061
ES XGBOD 0.1341 0.3642

Baseline 0.0715 0.0774
FI XGBOD 0.3996 0.3432

Baseline 0.0843 0.2625
FR XGBOD 0.4164 0.3990

Baseline 0.1130 0.0911
HI XGBOD 0.2586 0.3216

Baseline 0.2421 0.1452
IT XGBOD 0.2675 0.4020

Baseline 0.0010 0.2004
SV XGBOD 0.1109 0.0668

Baseline 0.1893 0.1696
ZH XGBOD 0.2152 0.1119

Baseline 0.0776 0.1502

Table 2: Comparison of our system and baseline results
on the test set (IoU and Cor)

probabilities. For languages like Arabic, Spanish,
French, and Italian, our system exhibits higher
correlation values. However, for English and
Swedish, the baseline shows slightly higher cor-
relation scores, suggesting it might be somewhat
better at ranking the likelihood of hallucination at
the character level in these languages, even if its
span identification (IoU) is weaker.
Considering both IoU and Correlation metrics, our
system presents a significant imporvement over the
provided baseline, particularly in its ability to better
identify hallucination spans (as reflected by the IoU
metric) across a wide range of languages. While
the baseline shows some comparable results in spe-
cific languages in terms of correlation, our anomaly
detection approach provides a more robust and gen-
erally superior language-agnostic solution for the
Mu-SHROOM task, especially for span detection.

6 Conclusion

In this paper, we presented our system for SemEval-
2025 Task 3: Mu-SHROOM. Our approach re-
frames multilingual hallucination span detection
as a point-wise anomaly detection problem on
LLM output logits, utilizing the XGBOD algorithm

(Zhao, 2019). Experimental results demonstrate
the effectiveness of this simple yet powerful ap-
proach, achieving competitive performance across
14 diverse languages. While our system shows
promising results, we acknowledge several limita-
tions and directions for future work. A key lim-
itation is that our point-wise anomaly detection
with XGBOD, while effective, does not explicitly
model the temporal dependencies within the logit
sequence. Furthermore, accurately calculating to-
ken offsets proved challenging across diverse mod-
els due to varying tokenizer support, sometimes
necessitating reliance on less precise string pars-
ing approaches. Future research will explore di-
rectly learning from these temporal dependencies
by treating logit sequences as time series, poten-
tially using sequence models within frameworks
like Ludwig. We are also actively investigating in-
tegrating Retrieval-Augmented Generation (RAG)
and textual information to provide richer context
for hallucination detection. This includes explor-
ing a multimodal approach to leverage diverse data
sources. Addressing the inherent data scarcity and
the challenges of obtaining consistent human labels
across multiple languages and models remains a
crucial long-term goal for advancing research in
this domain. We believe that further exploration of
these directions will lead to more robust and accu-
rate multilingual hallucination detection systems.
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