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Abstract

With the increasing use of Large Language Models (LLMs) for content creation and information dissemination,
the problem of understanding and alleviating misinformation and hallucinations in these systems has become
an important research topic. However, the existing evaluation mechanisms do not account for the role of
prompts, the effects of cross-lingual generation, and real-world events in the creation of misinformation. This was
the primary motivation behind this shared task on Prompt Recovery for Misinformation Detection (PROMID),
organised as a part of the 17 Forum for Information Retrieval Evaluation (FIRE) in 2025[1]. PROMID 2025
focused on three relatively unexplored problems: (i) Prompt recovery aiming at recovering the possible input
prompt used for generating misinformation, (ii) Identification of factual incorrectness in machine-generated
cross-lingual summaries, and (iii) Classification of misinformation in Twitter messages related to the February
2022 Russo—Ukrainian conflict. The shared task is divided into three subtasks, and we received a total of 16
submissions, with 11 teams finally submitting working notes. Out of these, task 1 received three submissions, with
none of the teams submitting working notes, as all submissions were invalid. Task 2 received four submissions,
with all teams submitting the working notes. Task 3 got 12 submissions, with 9 teams submitting the working
notes. In this paper, we discuss the motivation behind the three tasks, their problem definitions, datasets and the
participants’ approaches.
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1. Introduction

In the past few years, the use of LLMs for information dissemination has increased exponentially.
It is now very common for various media outlets to have at least a LLM generated summary, and
in many cases entire articles are Al generated. Likewise, use of LLM in writing social media posts,
blogposts, etc has become commonplace. With this rise in the use of LLMS, also rise the challenges
related to unintentionally or intentionally generated false information being consumed on a large scale.
However, when it comes to deriving systemic insights regarding the phenomenon of misinformation
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and hallucinations we are only scratching the surface. Most of the current work around combating
these issues is focused on the task of detecting misinformation, akin to traditional fact checking
tasks. However, there is a lack of study around the origins of such misinformation. For example, how
do specific prompts result in different types of misinformation, how well-designed are the internal
safeguards that are supposed to prevent an LLM from generating misinformation, etc. A further
study is warranted into the effects of the generation of cross-lingual misinformation, where the
source article (assuming there is one) and the resulting misleading article are in different languages.
In abstractive summarization, human evaluations have revealed substantial rates of unfaithful or
fabricated information, even for strong neural systems, with estimates of 20-30% of summaries
containing factual errors [2, 3, 4]). Recent surveys further argue that hallucination is a structural
property of LLMs rather than an isolated bug, and highlight the need for systematic benchmarks and
detection methods, especially in high-stakes domains and downstream applications 2024 [5, 6]).

These concerns are amplified in multilingual and cross-lingual settings. For Indian languages
in particular, the last few years have seen significant progress in building summarization datasets
and models across mono, multi, and cross-lingual setups, including large-scale resources such as
PMIndiaSum and related corpora that span multiple Indian language families [7]). Shared tasks like
ILSUM[8] and HASOC[9] have played a key role in this ecosystem by standardizing evaluation and
fostering community efforts specifically around Indo-European and Dravidian languages. The ILSUM
2023 edition, for instance, provided large-scale article-summary pairs across Hindi, Gujarati, Bengali
and Indian English, and included a subtask on detecting factual errors in LLM-generated summaries
(8, 10]). However, most existing benchmarks (for both global and Indic settings) primarily focus on
summary quality (e.g., fluency, adequacy, ROUGE) or treat factuality as a single binary label, without
offering a fine-grained view of how hallucinations manifest. At the same time, there is increasing
evidence that hallucinations and factual inconsistencies behave differently in multilingual and
cross-lingual summarisation than in purely monolingual English settings. Models must simultaneously
perform translation, content selection, and compression, which can introduce subtle errors such as
incorrect entity mappings, wrong numerical quantities, or cross-lingual semantic drift. Recent work
on multilingual and cross-lingual summarisation, including for Indian languages, has highlighted
these challenges and pointed to the need for specialised evaluation and mitigation strategies [7, 8]).
More efforts need to be put into building benchmarks that explicitly target the factual correctness of
machine-generated cross-lingual summaries for Indic languages. Especially in realistic news scenarios
where such summaries are consumed by large populations and potentially contribute to the spread of
misinformation. The PROMID 2025 task is designed to address this gap.

The task was organized as a part of the 17th Forum for Information Retrieval Evaluation (FIRE
2024)[1]. Traditionally FIRE has focused on shared tasks with the general cross-lingual, low-resource
setting focus of FIRE[1], geared towards but not limited to south asian languages. Some of the past
shared tasks include hate speech detection [11, 12, 13, 14, 15], sentiment analysis [16, 17, 18], fake news
detection [19, 20, 21], machine translation [22], mixed script IR [23, 24], Indian legal document retrieval
and summarization [25, 26, 27, 28, 29, 30], authorship attribution [31, 32], IR from microblogs [33], IR
for software engineering [34, 35] among others. With the current shared task we aim to continue that
legacy of FIRE and contribute to the broader areas of hallucination and misinformation detection.
We also aim for more inclusiveness, introducing several Indo-European and Dravidian languages in
research areas that are often English-centric 2020 [2, 4]).

We offer three independent tasks related to these problems. Task 1 focuses specifically on the role
of prompts used to purposefully generate misinformation. It aims to explore the extent to which it
is possible to predict the intention behind generating a specific title for a given news article. While
determining the exact intent is a multifaceted study, we specifically focus on externalising this intent in
the form of the prompt that was used to generate the misleading title. To this extent, the first task
focuses on predicting the prompt that was used to generate a given misleading title from an article. This



is a heavily under-researched problem, which was introduced in a Kaggle competition by Google[36].
There have been some attempts at prompt recovery[37, 38] but a more systemic study and public
benchmark datasets are needed to address this problem. Task 1 of PROMID attempts at bridging that gap.

Task 2 in this track, focuses on detecting factual incorrectness in machine-generated cross-lingual
summaries. Given a source article in English and a corresponding LLM-generated summary in an
Indian language, systems must determine whether the summary is factually correct and, when it is not,
assign one or more fine-grained error labels. We consider four broad types of factual incorrectness:
misrepresentation, inaccurate quantities or measurements, false attribution, and fabrication, chosen to
align with taxonomies of hallucination proposed in recent LLM surveys while remaining interpretable
for downstream users and annotators (Huang et al., 2024; Sahoo et al., 2024 [5, 6]). We expand the
existing ILSUM datasets to include Dravidian languages such as Kannada, Tamil, Telugu and Malayalam.

Task 3 focuses on the identification of misinformation in real life setting. This task aims to develop a
model capable of classifying tweets related to the Russo-Ukrainian conflict as either misinformation
(positive class) or non-misinformation (negative class). This is closer to a traditional fact-checking task,
in an automated setting,.

In the remainder of the paper, we first describe the dataset creation process and dataset statistics. We
then outline the official evaluation setup, followed by a summary of participating systems and their
performance. Finally we conclude by highlighting open challenges and directions for future work on
factuality, misinformation, and prompt recovery in Indian-language LLM applications.

2. Related Work

Prompt recovery is a relatively unexplored research area, that has been slowly gaining traction in
past couple of years. However, the approaches remain limited. The problem was first introduced in a
Kaggle competition by Google[36]. The problem, however was not geared towards misinformation,
but rather towards generating stylistic variation of texts (e.g. write this in a Shakespearean style).
There have been some other attempts at prompt recovery[37, 38] but a more systemic study and public
benchmark datasets are needed to address this problem. Task 1 of PROMID attempts at bridging that gap.

Compared to that the misinformation and hallucination detection problem has seen an ever-increasing
amount of interest. The problem is also closely related to other tasks such as fact-checking, detecting
Al-generated content, etc. To overcome this problem, a variety of models and benchmark platforms
have been proposed in the last few years. Singhal et al. [39] proposed a multilingual fact-checking
benchmark by filtering and binarising the X-Fact claim data for five languages (Spanish, Italian,
Portuguese, Turkish, and Tamil). They also compared the performance of five large language models
on various prompting techniques — zero-shot, English Chain-of-Thought, cross-lingual prompting, and
their respective self-consistency methods. They employed Statistical analysis, two-way ANOVA, and
correlation analysis to analyze the impact of models, methods, and language factors on performance.
The work by Chikkala et al. [40] involves manually creating a high-quality, bilingual English-Telugu
fact-checking dataset through claim curation, cleaning, and annotation with veracity labels, gold
justifications, and multiple types of QA pairs, followed by careful translation and post-editing for
Telugu. Large language models are then benchmarked under four settings: simple zero-shot prompting
and three retrieval-augmented approaches (Naive RAG, Advanced RAG, which includes query rewriting,
re-ranking, and prompt compression, and Automatic Scraping of up-to-date news content). Claims are
verified and justifications generated by multiple LLMs; performance is evaluated in terms of F1 scores
for veracity classification and through a suite of automatic metrics for justification and QA quality. This
setup enables a systematic comparison of prompting versus retrieval-based methods across highand
low-resource languages.



Further many shared tasks across evaluation platforms have been actively focusing on these tasks.
Numerous tasks have been offered in platforms like CLEF, TREC, SemEval and FIRE. Some of the
recent editions of these tasks include Checkthat Lab in CLEF[41, 42, 43], LLM Capabilities and Fact
Checking and Knowledge verification themes at SemEval[44, 45], Lateral Reading Task as TREC[46]
and ILSUM task in FIRE[47, 48]. ILSUM track at FIRE is perhaps the most relevant task to the PROMID
task. In a way, PROMID 2025 is the spiritual successor of the ILSUM tasks, with the task 2 being a direct
continuation of task 2 in ILSUM 2024.

3. Task Definition

PROMID 2025 consists of three independent subtasks[49], all related broadly to the theme of prompt
recovery or misinformation detection.

3.1. Task 1: Prompt Recovery from LLM-generated Misinformative Text

In the Prompt Recovery task, participants are given a factual news article summary together with
a misinformation-containing title and are asked to predict the prompt that could have been used to
generate the title from the summary in an open-ended prompt generation setting. Unlike tasks that
classify misinformation types, Prompt Recovery focuses on reconstructing the instructional input (i.e.,
the prompt text) that drove the transformation from a grounded summary to a misleading title.

Input and Output. FEach instance contains:
« Input: a news summary s and a generated misinformation-containing title ¢,
« Output: a natural-language prompt p such that a generator conditioned on (s, p) could plausibly
produce .

Train/Test Setup. The training data consists of (s, t, p) triples, where p is the prompt used to produce
t from s. The test set contains only (s, ) pairs, and systems must predict the missing prompt p. While
each test instance has a single reference prompt, since the task is open-ended multiple prompts may be
semantically valid. The goal is not to generate the exact prompt, but a prompt that is semantically close
to the reference prompt.

Repeated Summaries in the Test Set. In the test data, the same summary may appear in multiple
instances with different generated titles. This design reflects that a single article can be reframed in
multiple misleading ways, and it implies that different prompts were used to generate different titles
from the same underlying summary. Systems therefore must condition on both s and ¢ to recover the
prompt, rather than relying on summary-only properties.

Task Framing. We treat prompt recovery as a conditional generation problem:
p=argmax P(p|s,t),
p

where the goal is to generate a prompt that matches the dataset’s prompting style and content closely
enough to be identified as the original instruction.

3.2. Task 2: Misinformation Detection in LLM-generated Summaries

Task 2 is the continuation of the task previously offered in ILSUM 2024 and 2023 [8, 50, 51, 10]. The task
aims to identify incorrectness in machine-generated summaries, which is an important step in ensuring
the reliability and accuracy of information. This year the task included four Dravidian Languages -
Kannada, Tamil, Telugu and Malayalam.

We focus on four types of inaccuracies for this task, same as the previous editions:



+ Misrepresentation: This involves presenting information in a way that is misleading, or that
gives a false impression. This could be done by exaggerating certain aspects, understating others,
or twisting facts to fit a particular narrative.

« Inaccurate Quantities or Measurements: Factual incorrectness can occur when precise quan-
tities, measurements, or statistics are misrepresented, whether through obfuscation (25 -> dozens)
or through outright fudging.

« False Attribution: Incorrectly attributing a statement, idea, or action to a person or group is
another form of factual incorrectness.

« Fabrication: Making up data, sources, or events is a severe form of factual incorrectness. This
involves creating “facts” that have no basis in reality.

For this task, in the training data, every article has a corresponding summary associated with exactly
one of the four types of incorrectness mentioned above. However, during evaluation, participants are
asked to predict all possible labels associated with text summaries in test data, as one summary can
have multiple types of incorrectness. More details about the dataset creation are available in the dataset
paper for previous tasks[52].

3.3. Task 3: Misinformation Detection In Social Media Texts

The aim of this task is to develop a model capable of classifying tweets related to the Russo-Ukrainian
conflict as either misinformation (positive class) or non-misinformation (negative class). The dataset
consists of manually annotated tweets gathered through the Twitter API during the first year of the
conflict, as documented in previous work [53, 54]. Data gathering was carried out using the AMUSED
framework [55], which is designed for collecting social media posts from social media platforms
[55, 56]. A notable characteristic of this dataset is its substantial class imbalance, making it a useful
testbed for evaluating model robustness in scenarios where misinformation is comparatively rare. The
misinformation subset includes tweets authored in multiple languages, all of which can be translated or
processed by large language models to ensure comparability across linguistic contexts. Additionally,
misinformation-labeled tweets contain supplementary metadata such as account age and bot-likelihood
indicators; although these attributes are not included for the non-misinformation tweets by default,
participants may extract them independently if they wish to enrich their feature set. Model performance
is assessed using precision, recall, and weighted F1-score to provide a comprehensive evaluation under
imbalanced conditions.

4. Datasets and Evaluation

In this section we discuss the datasets used and and the employed evaluation metric for each subtask.

4.1. Datasets

In the prompt recovery task, participants are provided 9950 training instances, each containing a
summary, a prompt and a title containing misinformation generated using the provided prompt. For the
test, a total of 800 test instances containing a summary and a title with misinformation were provided,
making it an open-ended prompt recovery task.

Task 2 was offered in four Dravidian languages named Telugu, Tamil, Kannada, and Malayalam
where participants are asked to predict one of the five categories (four misinformation categories or
correct). Detailed train and test dataset statistics for task 2 are available in Table 1.

Task 3 was offered in the English language and dataset comprises 36,174 non-misinformation tweets
and 778 misinformation tweets, highlighting a substantial skew toward the negative class. This imbal-
ance is evident in both splits: the training set is even more extreme, with 34,174 non-misinformation
tweets and only 364 misinformation tweets while the test set includes 2,000 non-misinformation tweets
and 414 misinformation tweets.



Split Lang. Fab. Misrep. F.Attrib. Inc. Qty. Correct Total

Train Telugu 250 294 250 195 3986 4975
Train Tamil 250 294 250 195 3986 4975
Train  Malayalam 250 294 250 195 3986 4975
Train Kannada 250 294 250 195 3986 4975
Test Telugu 32 25 13 10 143 200
Test Tamil 32 25 13 10 143 200
Test Malayalam 32 25 13 10 143 200
Test Kannada 32 25 13 10 143 200
Table 1

Training and Test Dataset Statistics for Task 2

4.2. Evaluation

For Task 1, we report ROUGE [57] as a standard lexical-overlap metric, and additionally use BERTScore
[58] to measure semantic similarity between the gold prompt used to generate the misinformation title
and the recovered prompt. This is important because prompt recovery often admits valid paraphrases
with low n-gram overlap, where ROUGE can underestimate performance. We therefore use ROUGE for
surface-form comparison and BERTScore to better capture meaning preservation in low-overlap but
semantically equivalent cases.

For Task 2, formulated as a multi-class classification problem, we use Macro-F1 as the primary
metric. Since the label distribution is imbalanced—particularly between factually correct summaries and
instances belonging to specific misinformation types. Macro-F1 ensures that performance on minority
classes is not dominated by the majority class.

For Task 3, we use weighted F1 due to the very high label imbalance in the tweet misinformation
dataset, and we compute scores via automatic evaluation hosted on Codabench! to ensure consistent
and reproducible leaderboard ranking.

5. Results and Methodologies

In this section, we present the results for the three subtasks, as well as a summary of the approaches
that the participants used for their best-performing runs.

5.1. Task 1

For task 1, all the submissions we received were invalid. Hence, there is no discussion around results or
the approaches used by participants in this section.

5.2. Task 2

The results for task 2 are included in table 2. We report the macro-averaged P, R, F and Accuracy for all
four languages. In total four teams participated in this task, however one team only submitted runs
for Tamil and Kannada. While each team were allowed to submit up to 3 runs, we only report the best
performing run for each team here.
Below we give a brief overview of the systems developed by the participated teams for task 2.
gokul [59] - propose a fine-grained misinformation detection system for LLM-generated summaries in
Indian languages, targeting Subtask 2 of classifying factual inconsistencies. Fine-tuning of IndicBERTv2-

'https://www.codabench.org/competitions/10869



Language Participant P R F1 Acc.

MUCS 0.53 0.37 0.42 0.70

Tamil gokul 0.52 0.36 0.39 0.68
wangkonggiang 0.35 0.30 0.31 0.66
priyamsaha 0.11  0.25 0.15 0.62

MUCS 0.60 0.44 0.50 0.73

Telugu gokul 0.63 043 048  0.73
priyamsaha 0.11  0.25 0.15 0.62

gokul 0.68 0.43 0.47 0.72

Malayalam MUCS 0.53 0.42 0.40 0.71
priyamsaha 0.11  0.25 0.15 0.62

gokul 0.80 0.49 0.53 0.75

Kannada MUCS 0.59 0.42 0.48 0.72

priyamsaha 0.81 0.38 0.45 0.73
wangkonggiang  0.46  0.31 0.34 0.64

Table 2
Task 2 Results

MLM-only on article-summary pairs is performed by stratified sampling with optimization for macro-F1
across five categories of misinformation. For Tamil, Telugu, Malayalam, and Kannada, separate language-
specific models are trained with identical architectures and hyperparameters.

wangkonggqiang [60] - The authors developed multiple system variants, including a baseline Logistic
Regression (LR) classifier using TF-IDF features, a Dense Neural Network (DNN) trained on distributed
text embeddings, and a transformer-based architecture fine-tuned from microsoft-deberta-v3-base. They
conducted extensive hyperparameter tuning and ablation studies confirming the transformer-based
system consistently outperformed the other approaches across all languages in task 2.

MUCS [61] - proposed a hybrid deep learning approach for misinformation classification using
BiLSTM, BiGRU, and Transformer+BiLSTM models with enhanced self-attention mechanisms to address
subtask 2. Their model includes personalized subword-level tokenization and strong multilingual
preprocessing to effectively preserve the morphological and syntactic differences in Indian languages.
They trained the models utilizing class-weighted Cross-Entropy loss and Focal Loss, along with AdamW
optimizer, powerful learning rate schedules such as OneCycleLR, CosineAnnealingLR, and mixed-
precision training for better efficiency. Their proposed RNN models outperformed others by obtaining
strong 1st positions in the Tamil and Telugu tasks with F1 scores of 0.42 and 0.50, respectively, and
strong 2nd positions in the Kannada and Malayalam tasks with F1 scores of 0.48 and 0.40, respectively.

priyamsaha [62] - proposed a few-shot learning model for misinformation classification, which is
designed to categorise errors in LLM-generated Kannada news summaries. It combines retrieval-based
context selection using sentence-transformers/all-MiniLM-L6-v2, Kannada few-shot prompting, and
per-label conditional log-probability scoring to assign one of the predefined misinformation categories.
For robustness, predictions from Mistral-7B-Instruct and BLOOM-7B1 are aggregated using a Condorcet-
style ensemble.

5.3. Task 3

The details of results obtained from Task 3 is shown in Table 3 5.3.
Below we give a brief overview of the systems developed by the participating teams for task 3.
ClimateSense [63] addresses severe class imbalance in misinformation detection by augmenting
a RoBERTa-large transformer model with external Ukraine-related misinformation data from the
fact-checking observatory. To mitigate overfitting, the authors employ weighted cross-entropy loss and



Participant ID Precision Recall Weighted-F1

ClimateSense [63] 430584 0.91 0.91 0.91
Sarang [64] 430731 0.90 0.91 0.90
pratikpriyanshu [65] 432337 0.92 0.91 0.89
deepish [66] 429337 0.91 0.89 0.88
priyam_sahal7 [62] 431064 0.87 0.80 0.82
whiteby [67] 432078 0.82 0.84 0.82
sushma03 [68] 431997 0.82 0.80 0.85
wangkonggiang [60] 432117 0.78 0.83 0.78
gokul_n_v* 431901 0.78 0.69 0.72
shakshi57 [69] 430489 0.79 - -

tommathew™ 430009 0.71 - -

Table 3
Final Results obtained from participants of Task 3 (* Participant has not submitted the working notes)

weighted random sampling during fine-tuning. This data-driven enhancement significantly improves
recall and F1-score, showcasing the efficacy of targeted dataset expansion for underrepresented classes
in transformer-based classification tasks.

Sarang [64] employs a multimodal strategy to address multilingual misinformation detection by first
translating all non-English tweets into English using a Gemma-3-12B to ensure linguistic homogeneity.
To counteract severe class imbalance, synthetic data augmentation is performed on the minority
misinformation class via the same LLM, generating four variants per sample. Then, a DeBERTa-v3-small
transformer is fine-tuned on the balanced and translated dataset to capture nuanced semantic patterns,
achieving robust performance in cross-lingual settings.

pratikpriyanshu [65] employs a hybrid fusion of multilingual transformer embeddings from
XLM-RoBERTa with hand-crafted linguistic features to capture both deep semantic context and
surface-level stylistic patterns indicative of misinformation. To address extreme class imbalance, the
system integrates class-weighted cross-entropy loss, decision threshold optimization, and stratified
cross-validation. Feature concatenation is followed by a sigmoid classifier, enhanced via dropout
and mixed-precision training for efficiency. This approach balances representational power with
interpretability.

deepish [66] employs a fine-tuned RoBERTa-base transformer model, enhanced with a dynamic
optimal thresholding strategy to maximize the Fl-score on a severely imbalanced multilingual
Twitter dataset. It incorporates a custom preprocessing pipeline that normalizes noise and tokenizes
platform-specific features, such as URLs, mentions, and hashtags into dedicated tokens to preserve
contextual signals. Class imbalance is mitigated through weighted cross-entropy loss, while training
optimizations include gradient accumulation and a linear learning rate scheduler with early stopping.
priyam_saha17 [62] proposes a memory-efficient pipeline for misinformation detection that leverages
a frozen RoBERTa encoder to extract contextual embeddings, which are then processed through a
trainable projection head and a compact classifier. The methodology employs supervised contrastive
learning to enhance representational separation between classes, using dropout to generate stochastic
views for contrastive pairs without additional forward passes.

whiteby [67] introduces a hybrid deep learning framework for misinformation detection that integrates
semantic embeddings from ModernBERT with hand-crafted feature engineering from X (Twitter)
metadata. The model architecture fuses transformer-based text representations with engineered
features from text, user profiles, and social engagement, processed through feed-forward networks.
To mitigate severe class imbalance, the approach employs Focal Loss with strategic resampling and
optimizes classification thresholds via grid search on validation data.

sushma03 [68] presents a fine-tuned BERT-based model for detecting and classifying misinformation
in the 2022 Russo-Ukrainian conflict tweets . It employs transfer learning on a pre-trained BERT



architecture, fine-tuning it with a task-specific dataset augmented by fact-checked articles to address
class imbalance. The model utilizes a hybrid training approach with defined hyperparameters, including
a learning rate of 2e-5 and batch size of 10, achieving classification through weighted F1-score
evaluation. Also, the method incorporates external multilingual datasets to enhance cross-domain
generalization and improve detection accuracy in imbalanced data scenarios.

wangkongqiang [60] explores misinformation detection in LLM-generated and social media texts
using auxiliary text supervised learning. It employs logistic regression, dense neural networks, and
recurrent neural networks alongside the transformer-based DeBERTaV3 model. Enhanced through
decoupled attention and relative position encoding, DeBERTaV3 is adapted for multi-class and binary
classification across multiple languages. Results indicate that ensemble and pre-trained transformer
approaches yield competitive performance.

shakshi57 [69] employs RoBERTa-based transformer embeddings for feature extraction, utilising
TF-IDF vectorization for text representation within a highly imbalanced multilingual dataset. The
system integrates an interactive web dashboard for real-time misinformation classification, providing
confidence scores and performance visualizations. Evaluation shows superior weighted F1-score
performance over traditional baselines, with additional validation through cross-domain fact-checking
articles from PolitiFact and Boom Live.

6. Conclusion

PROMID 2025 represents an important step toward a more comprehensive understanding of misin-
formation and hallucinations in modern NLP systems, particularly in the context of prompt-driven
generation, cross-lingual summarisation, and real-world social media discourse. By introducing novel
tasks such as prompt recovery and fine-grained factual error classification for Indian languages, the
shared task expands the scope of misinformation research beyond output-only analysis and English-
centric benchmarks. The strong participation and diversity of submitted systems demonstrate growing
community interest in addressing these challenges, while also revealing significant open problems
related to ambiguity, multilingual robustness, and factual faithfulness. We hope that the datasets,
evaluation frameworks, and insights provided through PROMID will serve as a foundation for future
work on interpretable, reliable, and socially responsible language technologies and encourage further
exploration of mitigation techniques for hallucinations and misinformation in high-impact, multilingual
settings.
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