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Abstract

This paper presents our system for Subtask 10
of Entity Framing, which focuses on assigning
one or more hierarchical roles to named enti-
ties in news articles. Our approach iteratively
refines prompts and utilizes the Entity-Centric
Chain of Thought to complete the task. Specif-
ically, to minimize ambiguity in label defini-
tions, we use the model’s predictions as super-
visory signals, iteratively refining the category
definitions. Furthermore, to minimize the inter-
ference of irrelevant information during infer-
ence, we incorporate entity-related information
into the CoT framework, allowing the model to
focus more effectively on entity-centric reason-
ing. Our system achieved the highest ranking
on the leaderboard in the Russian main role
classification and the second in English, with
an accuracy of 0.8645 and 0.9362, respectively.
We discuss the impact of several components of
our multilingual classification approach, high-
lighting their effectiveness.

1 Introduction

The task of Entity Framing, as part of the SemEval
2025 campaign, focuses on the automatic iden-
tification and classification of roles assigned to
named entities (NEs) in news articles(Piskorski
et al., 2025). Specifically, it involves determining
the roles of protagonists, antagonists, and innocents
within the context of news articles related to high-
stakes global issues such as the Ukraine-Russia
war and climate change. This task is of particular
importance as it supports the identification of ma-
nipulation attempts and disinformation in media,
thereby facilitating a better understanding and anal-
ysis of news narratives. The task is multilingual,
covering five languages: Bulgarian, English, Hindi,
Portuguese, and Russian, and aims to offer valu-
able insights into how different languages handle
entity roles in manipulative content.

*Co-corresponding Author
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Our approach employs a pipeline-based method
that automates the optimization of category defi-
nitions through iterative refinement (Yang et al.,
2023; Xing and Chen, 2024). This process incorpo-
rates hard instance analysis to refine category defi-
nitions. However, some hard samples may still not
be fully covered; we address this by extracting few-
shot cases to supplement the category definitions,
thereby mitigating misclassifications and resolv-
ing ambiguities in category boundaries. Addition-
ally, we leverage entity-centric Chain of Thought
(CoT) mechanisms (Wei et al., 2022b) to enhance
classification accuracy by focusing on relevant en-
tities and preserving key contextual information,
even in lengthy texts. This pipeline process facili-
tates the continuous improvement of category defi-
nitions and prediction refinement through multiple
feedback iterations, while also alleviating the chal-
lenges posed by an excessive number of categories
in multi-label classification tasks.

We ranked second in English and among the top
in the Russian language’s main role classification
subtask. However, challenges remain in handling
ambiguous cases and fine-tuning role definitions,
which can sometimes impact the precision of role
assignments. In our experiments, we further ana-
lyzed the effects of prompt iteration optimization,
ensemble strategies, and entity-centric CoT on the
overall performance.

2 Background

The Entity Framing task in SemEval 2025 aims
to automatically identify and classify the roles of
named entities (NEs) within news articles. The
task specifically targets three roles: protagonists,
antagonists, and innocents, based on a predefined
taxonomy. This is a multi-label, multi-class text-
span classification problem, where the goal is to
classify NEs within the context of news articles re-
lated to high-profile topics. These areas are highly
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Figure 1: Overview of the Category Definition and Classification Pipeline. The pipeline begins with the construction
of initial category definitions using LLM predictions, followed by iterative refinement based on misclassifications.
The classification process involves entity context processing with entity-centric Chain of Thought (CoT), combined

with few-shot examples and voting ensemble methods.

susceptible to manipulation, misinformation, and
disinformation, making the task crucial for under-
standing how media outlets shape narratives. The
dataset provided for this task consists of articles
in five languages. The articles, collected between
2022 and 2024, are primarily sourced from alterna-
tive media outlets and web portals, many of which
have been flagged by fact-checkers for potential
misinformation. The detail of datasets is described
in Task 10 (Piskorski et al., 2025).

Automatic prompt engineering has gained trac-
tion for optimizing prompt design in large lan-
guage models (LLMs), reducing manual effort. Ap-
proaches like Autoprompt (Shin et al., 2020) fo-
cus on generating prompts for classification tasks,
while PRetrain (Liu et al., 2023) combines prompt
learning with pretraining to enhance adaptability.
Recent advancements include PromptAgent (Wang
et al., 2023b) and Automatic Engineering of Long
Prompts (Hsieh et al., 2024). Traditional text
classification methods such as RNN (Xie et al.,
2020), GCN (Yao et al., 2019), and LLM-based
approaches (Lin et al., 2021) laid the foundation.
While LLM-generated reasoning is effective for
step-by-step problem-solving (Wei et al., 2022a),
it faces challenges like unfaithfulness and logical
incoherence (Turpin et al., 2023), often due to the
influence of explanation tokens. LLMs are increas-
ingly used for classification, both as standalone
solutions (Sun et al., 2023) and in multi-task set-
tings (Longpre et al., 2023). Given the characteris-

tics of the Entity Framing task, such as multi-label
classification and context-dependent entity roles,
we propose a solution that integrates automatic
prompt generation and enhanced reasoning struc-
tures to improve accuracy and robustness.

3 System Overview

To address the challenges posed by the rapid in-
crease in label quantities, which can complicate
classification tasks, we employ a pipeline approach.
This approach utilizes the results from main role
classification as input for fine-grained classifica-
tion. For both main role and fine-grained tasks,
we incorporate iterative prompt refinement to en-
hance category definitions, followed by inference
using an entity-centric CoT framework to improve
the model’s understanding of entity-based tasks.
Subsequent sections will provide a comprehensive
overview of our model’s key components, includ-
ing Prompt Construction, Multi-label Classifica-
tion, and Post-processing.

3.1 Category Definition Construction

Although the task provides category definitions
based on natural language, directly utilizing the def-
initions in the prompt for LLM classification tasks
may lead to interpretational ambiguities. To en-
hance the classification performance, we approach
this issue from two directions: first, by iteratively
refining the prompt to optimize its effectiveness,
and second, by selecting few-shot examples to
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guide the model.

Category Definition. For each category ¢ € Z,
we begin by selecting a random case for model
prediction, thereby partitioning the training set into
two subsets: 7;, the correctly classified examples,
and 7/, the incorrectly classified examples. The
category definition is then refined by incorporating
the original label definition, erroneous examples,
and task-specific requirements. The task require-
ments specify the need to adjust the template to
address issues related to input length while improv-
ing the model’s ability to differentiate between cat-
egories. Directly inputting all erroneous examples
into the LLLM for label redefinition may introduce
bias; therefore, a balanced number of false posi-
tive and false negative examples are selected from
7/, ensuring equitable representation across cate-
gories. Multiple rounds of prompt refinement are
conducted, followed by a comprehensive synthesis
of these iterations to finalize the category defini-
tions. The refined category definitions are then
used with the updated prompt to predict and itera-
tively update 7., thereby improving the category
definitions in subsequent iterations.

Few-shot Selection. Due to the inherent lim-
itations of the model’s foundational capabilities,
there may still be instances of prediction errors.
The boundaries of categories, as defined by natural
language, cannot always be universally delineated.
To address this, we leverage few-shot learning to
supplement the categorization process. We aim for
a complementary relationship between few-shot ex-
amples and prompts. Specifically, we classify the
model based on the final category definitions and
then select few-shot examples from the resulting
set of errors.

The distinction between main roles and fine-
grained roles lies in their granularity and complex-
ity. For fine-grained classification and few-shot
selection, we similarly prioritize the selection of
hard samples. However, due to the small number
of samples in each category, when appropriate sam-
ples cannot be found within the hard samples, we
resort to random selection from the entire category
set. To manage the context length effectively, we
ensure that all few-shot cases are truncated with
an entity-centric approach, thereby preventing the
context from becoming excessively long.

3.2 C(lassification Pipeline

Since entities in text often appear with numerous
mentions, the attitude or polarity associated with

different occurrences of the same entity can vary
depending on their position within the text. To ad-
dress this, we follow the entity-centric generation-
based approach (Wang et al., 2023a; Li et al., 2021).
Specifically, we wrap the entity mention in the con-
text with special tokens, such as “<entity> EN-
TITY SPAN </entity>”, to highlight the span of
the entity. This technique emphasizes the entity’s
presence and reinforces its significance within the
classification task, thereby improving the model’s
ability to focus on the correct entity mention during
the classification process.

In the task of main role classification, the
prompt is first designed to clearly define the task,
presenting a concise description in a single sen-
tence. The categories are then enumerated in the
Description section, with key points highlighted for
emphasis. Following this, comprehensive defini-
tions for each category are provided, accompanied
by few-shot examples to guide the classification.

To improve the reasoning capacity, we imple-
ment an entity-centric CoT approach. Specifically,
in addition to the standard reasoning procedure
inherent to it, we require the model to first iden-
tify the entity to be classified before proceeding
with the reasoning step. This modification aims
to address the issue of information loss, which fre-
quently arises in long texts due to the model’s ten-
dency to lose focus on relevant entities as the text
progresses. Finally, the complete text is concate-
nated and fed into the model. During the classifica-
tion process, task-specific characteristics introduce
variations. We observe that LLMs exhibit biases
due to the distribution of training data, which af-
fects the classification of certain entities. To miti-
gate this, we incorporate the full context, ensuring
a more accurate representation of the text’s theme
and improving entity classification.

We leverage the results above for fine-grained
classification. In terms of the fine-grained part, the
experimental results indicate that longer texts re-
sult in a sharp decline in classification performance,
even when they contain critical information for the
classification task. We truncate the context to en-
hance the important information. To prevent the
loss of distant but relevant information, we incor-
porate a retrieval-based method to supplement the
input. Additionally, during the evaluation process,
we experimented with LLM-based summarization
to obtain the diversity results.
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Table 1: Dataset Statistic, PRO denotes the Protagonist,
ANT denotes the Antagonist, INN denotes the Innocent

Train Dev
PRO ANT INN | Total | Total

BG | 78 425 124 | 627 31
EN | 130 477 79 686 91
PT | 353 579 319 | 1251 | 280
HI | 1083 766 482 | 2331 116
RU | 222 396 104 | 722 86

LN

3.3 Post Process

To improve the robustness of our classification re-
sults, we employ an ensemble approach for both
the main role and fine-grained classification tasks
by utilizing multiple LL.Ms with different input
strategies. These results are then aggregated using
two ensemble techniques. The voting mechanism
aggregates the predictions by selecting the most
frequent classification, while the LLM peer review
process involves comparing the outputs from dif-
ferent models and refining the final prediction.

4 Experiment

4.1 Data Set

As shown in Table 1, the distribution of labels
varies across languages. Accuracy(Acc) is applied
to evaluate the performance of the main role classi-
fication. For fine-grained classification, we employ
a combination of Exact Match (EM) and micro
F1 score (F1) as evaluation metrics to assess the
model’s ability to classify roles.

4.2 Main Results

o

o
-

o

4
©

Accuracy

o
N

Russian

English

Figure 2: Result on Main Role Classification, our model
is highlighted in red, while the top 5 teams are marked
in blue excluding ours.

As shown in Figure 2, our system achieved first
place in the Russian language’s main role classifi-
cation and second place in English. The results for
main role classification demonstrate the effective-
ness of our approach. For the fine-grained classifi-
cation shown in Table 2, We observed that our ap-
proach performs the best in Russian and performs
the worst in Portuguese. However, the fine-grained

Table 2: Official SemEval Results on the Test Set

Rank EM F1 Acc
BG 4 0.4355 0.4524  0.8306 (#6)
EN 4 0.3702 0.4160 0.9362 (#2)
PT 9 0.2694 0.3032 0.7138 (#6)
HI 7 0.3354 0.3983 0.7152 (#4)
RU 5 0.4486 0.4671 0.8645 (#1)

Table 3: Results on Development Set.

Method ‘ EM F1 Acc
Ensemble | 0.49450 0.53113  0.94505
Ours 0.49450 0.53113  0.89010
w/oCD | 0.47252 0.51648 0.86813
wloFS | 0.45054 0.48717 0.90109
w/oEC | 047252 0.50915 0.87912
w/o CoT | 0.45054 0.48717 0.82417
w/o CP | 0.40659 0.44322 -

results indicate that the model’s performance still
varies significantly across languages, with certain
languages showing weaker performance in specific
tasks. These differences highlight the need for fur-
ther refinement, especially for languages with less
optimal results.

4.3 Ablation Study

To further analyze the influence of each component,
we remove each modular of our method individu-
ally and test the influence on the English dataset, as
shown in Table 3, where CD denotes the Category
Definition, FS denotes the Few-shot Selection, EC
denotes the Entity-Centric reasoning, and CP de-
notes the context compress. To avoid the influence
of error propagation, we use the ground truth of
the main role to test the fine-grained classifica-
tion for the following experiments. The results
demonstrate that the CoT has the most significant
impact on model performance. Additionally, when
category definition and entity-centric components
are removed, there is a substantial drop in model
performance. In main role classification, the impact
of few-shot selection is relatively minor, possibly
due to the smaller number of categories. The phe-
nomenon leads to overall better performance. How-
ever, in the fine-grained classification task, hard
samples play a more important role in improving
classification accuracy.

4.4 Influence of Language

Additionally, we explored the influence of prompts
and CoT on the performance of the proposed
method, and the results are shown in Table 4. Con-
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TEXT COT EM P R F1 Acc
RU RU 0.58139 0.61627 0.59883 0.60465 0.84883
EN 0.58139 0.61627 0.59883 0.60465 0.83720
i HI  0.45000 0.52857 0.48869 0.50178 0.67142
EN 0.46071 0.53571 0.49761 0.51011 0.68571
PT PT 059482 0.64655 0.62608 0.62931 0.88793
EN 0.65517 0.70689 0.68103 0.68965 0.85344
BG BG 0.38709 0.48387 0.43548 0.45161 0.80645
EN 035483 0.45161 0.40322 0.41935 0.87096

Table 4: Performance comparison across different languages for CoT.

ducting chain-of-thought (CoT) reasoning in En-
glish generally yields superior performance in the
fine-grained classification task, which is relatively
complex. For main role classification, reasoning
in the same language as the context enhances the
accuracy of the results. The observed specificity in
Bulgarian can likely be attributed to the small sam-
ple size in the development set, which consists of
only 31 instances, thus introducing a degree of vari-
ability and potential randomness in the outcomes.

4.5 Error analysis

Golden Labels

Figure 3: Confusion Matrix

For further analysis, we evaluated the classifica-
tion performance on each category of the main role
and fine-grained label. We observe that severe con-
fusion mainly occurs between the predicted label
and golden label, which is shown as Figure 3. The
experimental results show that for most cases of
most labels, our pipeline can accurately determine
the fine-grained role labels.

4.6 Post-processing Analysis

To further analyze the applicable scenarios of Vot-
ing and LLM peer review ensemble methods, we
test the performance of these methods on the En-
glish development set. As observed in Table 5,
we obtained varying outcomes for the main role
and fine-grained classification tasks. For main
role classification, we found that the voting ensem-
ble method was more direct and effective. When
leveraging LLMs for analysis and reasoning in the
main role task, excessive analysis led to halluci-
nations by the LLM, which in turn degraded the
model’s ensemble performance. In contrast, for
fine-grained classification, which presents a higher
level of difficulty, the LLM peer review-based en-
semble method proved to be more suitable, better
adapting to tasks that require complex reasoning.

Table 5: Results with Different Ensemble Methods.

Method | EM F1 Acc

Voting | 0.49450 053113  0.94505

LLM | 0.50549 0.54945 0.92307
5 Outro

This work presents an LLM-based framework to
tackle the challenges of entity role classification
in news articles, employing iterative prompt refine-
ment and entity-centric chain-of-thought mecha-
nisms. The experiments provide a detailed analysis
of the impact of various strategies for employing
LLMs in this fine-grained entity understanding task,
including language, the use of CoT, et al. These in-
sights offer valuable guidance for future multi-label
entity classification tasks based on LLMs.
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A Prompt Construction

The overall structure of our classification prompt is
provided, where the blue sections represent entries
obtained either from predefined sources or from
the training set.

Prompt For Entity Classification

# Task Description:

# Category Definitions:
## Category #1

# Few-Shot Example:
## Example #1

# Requirements:

# Output Format:
Entity: ...,

Reason: ...,

Label: ...

# Wraped Context:

B Implement Details

In the prompt iteration optimization, each round
involves using 2 false positive and 2 false negative
examples. Additionally, we integrate 5 different
definitions to form the final category definition. For
the classification task, we utilize models including
GLM-4-Plus', Claude 3.5 Sonnet?, and GPT-40° to
perform the task. For the main role classification,
we integrate X models from different foundational
LLMs and methods. We retain the models that
perform best within 5% of the highest score in
the development set, ensuring robust integration.
In this case, we incorporate no fewer than three
models for each language. In the fine-grained role
classification, we integrate systems that include
a variety of few-shot selection and compression
methods. To capture the diversity of approaches,
at least five distinct results are considered for this
task. As with the main role classification, the final
output from the ensemble is empirically adjusted
based on empirical adjustments to optimize overall
accuracy. The GLM-4-Plus may refuse to provide
a response during prediction due to alignment, we
substitute the response with GPT-4o if the model
fails to answer after 5 rounds.

"https://open.bigmodel.cn/dev/api/normal-model/glm-4
“https://www.anthropic.com/news/claude-3-5-sonnet
3https://openai.com/

C Results of Main Role

In addition to English and Russian, we present the
ranking results for the other three languages, as
shown in Figure 4.

0.95
0.90 3 4
Z0.85
5
goso 1,
0.75

0.70

Bulgarian Hindi

Portuguese

Figure 4: Result on Main Role Classification, experi-
ment setting is same with Figure 2.

D Error Analysis of Ensemble Model

Multi-label instances are rare in the development
dataset, so we split the multi-label instances into
multiple individual entries to plot the confusion ma-
trix. The confusion matrix of the ensemble model
is shown in Figure 5. The experimental results
show that for most cases of most categories, our
pipeline can accurately determine the fine-grained
role labels.

Conspirator
Corrupt

Deceiver
Exploited

Foreign Adversary
Forgotten
Guardian
Incompetent
Instigator FRSREN

Peacemaker

Golden Labels

Rebel
Saboteur

Scapegoat

Virtuous

Rebel

Virtuous

Figure 5: Confusion Matrix of Ensemble Pipeline

E Analysis of Compression Methods

We further investigated the influence of different
compression methods. Excessively long input text
may lead to a loss of detailed information within
LLMs. To mitigate the adverse effects of long
text in fine-grained classification, we designed sev-
eral text compression strategies. PLAIN uses the
whole original context as the input of classification.
TRUNCATION use a fixed number of sentences
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Method EM F1

Plain 0.41758 0.45421
Truncate | 0.48351 0.52014
Retrieve | 0.46153 0.50549
Character | 0.47252 0.50183
LLM 0.41758 0.45421

Table 6: Performance comparison across different meth-
ods for text compression.

which will retained both above and below the sen-
tence containing the target entity. RETRIEVAL re-
trieve additional contextually relevant sentences as
supplement context. CHARACTER uses the char-
acter number to truncate the context instead of the
number of sentences. LLM generates a summary
while preserving the original entity information.
Experimental results shown in Table 6 demonstrate
that the performance of text input is generally better
after compression.
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