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Abstract

Frame Semantic Parsing (FSP) is a critical task in natural language processing (NLP)
that involves identifying semantic frames, argument spans, and their corresponding roles
within a sentence. This paper presents a novel approach to Chinese Frame Seman-
tic Parsing by fine-tuning the Qwen3 large language model to simultaneously address
three sub-tasks: Frame Identification, Argument Identification, and Role Identification.
We propose a unified prompt-based framework with iterative refinements, including di-
rect argument output for span identification and a majority-voting mechanism for frame
prediction. Our experiments demonstrate significant improvements in argument and
role identification through modified output formats, while frame identification benefits
from ensemble voting. However, integrating Chain-of-Thought (CoT) reasoning with
model-generated explanations yielded suboptimal results, suggesting limitations in the
auxiliary model’s performance. This work highlights the potential of fine-tuned large
language models for complex semantic parsing tasks and identifies avenues for further

optimization.

1 Introduction

Frame Semantic Parsing (FSP) is a pivotal task in NLP that aims to extract structured
semantic representations from text by identifying frames, argument spans, and their seman-
tic roles(Guan et al., 2021a; Guan et al., 2021b). In Chinese, FSP is particularly challenging
due to the language’s lack of explicit morphological markers and complex syntactic structures.
The Chinese Frame Semantic Parsing task, in this competition, comprises three sub-tasks: (1)
Frame Identification, which identifies the semantic frame evoked by a target word; (2) Argu-
ment Identification, which determines the spans of arguments associated with the target word;
and (3) Role Identification, which assigns semantic role labels to identified arguments. Recent
advancements in large language models (LLMs) have shown promise in tackling multi-task NLP
problems. In this work, we leverage the Qwen3 model, fine-tuned for Chinese FSP, to address
all three sub-tasks simultaneously. Our approach evolves through iterative prompt engineering
and output format modifications, achieving notable performance improvements. Specifically,

©2025 China National Conference on Computational Linguistics

Published under Creative Commons Attribution 4.0 International License

Proceedings of the 24th China National Conference on Computational Linguistics, pages 70-75, Jinan, China, August 11-14, 2025.

(¢) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China 70



Computational Linguistics

we enhance Argument Identification by directly outputting argument spans as text, improve
Frame Identification using a majority-voting mechanism, and explore Chain-of-Thought (CoT)
reasoning to incorporate frame and role definitions. While the first two modifications yield sig-
nificant gains, CoT integration underperforms, highlighting the need for further investigation.
This paper details our methodology, evaluates its performance, and discusses implications for

future research.

2 Related Work

Frame Semantic Parsing (FSP) is grounded in FrameNet(Fillmore et al., 2003), a resource
that defines semantic frames and their associated roles. In the context of Chinese, early ap-
proaches to FSP predominantly relied on rule-based systems and statistical models. These
methods, while foundational, often struggled with scalability and adaptability to the nuances of
the Chinese language. The advent of neural architectures and Large Language Models (LLMs)
marked a significant shift, introducing models capable of capturing complex semantic relation-
ships(Yan et al., 2024).

The integration of LLMs into Chinese FSP has further propelled the field forward. Studies
have demonstrated the efficacy of LLMs like Gemini 1.0 in CFSP tasks, employing techniques
such as mapping and similarity strategies to streamline frame identification, and leveraging
data augmentation and model ensemble methods to enhance argument and role identification
. Additionally, approaches utilizing non-fine-tuned LLMs with prompt engineering have shown
promise, achieving competitive results in CFSP evaluations(Yahui et al., 2024).

Building upon this trajectory, our work leverages Qwen3(Yang et al., 2025), a multilin-
gual LLM supporting 119 languages and dialects, including Chinese . We fine-tune Qwen3-8B
and Qwen3-14B for the CFSP task, introducing novel prompt designs that effectively guide
the model in frame and role identification. Furthermore, we implement ensemble strategies
that combine outputs from multiple model instances, enhancing the robustness and accuracy of

semantic parsing.

3 Methodology

We propose a unified approach to Chinese FSP using a fine-tuned Qwen3 model, address-
ing Frame Identification, Argument Identification, and Role Identification in a single pipeline.

Below, we describe the task setup, initial prompt design, and iterative improvements.

3.1 Task Description

The Chinese FSP task involves three sub-tasks:

1. Frame Identification: Given a sentence, its ID, and a target word, identify the semantic
frame evoked by the target word (e.g., “¥HE” — “ZR” )

2. Argument Identification: Identify the spans of arguments associated with the target word
in the sentence (e.g., “HUFFAR” in “YHUFFRL Dy IR 7B I A X7 BF R AL 2
FARES B HAERE T )
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3. Role Identification: Assign semantic role labels to identified arguments based on the frame
(e “MHBER -7 HEE)
3.2 Imitial Prompt Design

Our initial prompt instructed the Qwen3 model to perform all three sub-tasks simultane-

ously:

PRI SR ST AT
FAE% 1: R P (Frame Identification), 51T 4 & B ARG AELR.
FAE4 2 WIS (Argument Tdentification) , AT F AR A BT AL I

i S -
TAES 3 ieTe @R (Role Identification) , Bl F4E55 2 PFril e s s LA @R
%

JFA s PO R R MR E R —

AEERAT mYok 2 RKET WS B M ER Z—

HAriA 10 2, HARa .

TH I B AR s AR . 5 B s i B SRCIE TR 1 S B A B SR B Y
(ERNEERiak T

the output of the above prompt is:

JET R
0 2
4 14

3.3 Modified Output: Direct Argument Output

To address the poor performance in Argument Identification, we modified the argument
spans as text (e.g., “&KI” instead of [0,2]) rather than numerical indices. This change
leveraged Qwend’s strength in text generation, significantly improving the accuracy of span

and role identification. The prompt maintained the same and we only change the output format:

JETHIE
ol
PNEANERGTIE A O
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3.4 Majority Voting for Frame Identification

Frame Identification performance lagged behind state-of-the-art results. To address this, we
implemented a majority-voting mechanism, generating 16 candidate frame predictions per sen-
tence and selecting the most frequent frame. This ensemble approach improved frame prediction

accuracy by leveraging the model’s diverse outputs.

3.5 Chain-of-Thought (CoT) Integration

To further enhance performance, we experimented with CoT reasoning by prompting

Qwen3 14B model to generate short reasons for 3 subtasks. The CoT prompt is:

PR RDGEHESRE SURHT AT
TALS 1: SRR (Frame Identification), HUI)T 4 A ARITMIE HIHELL,
TAES 20 ETCHES] (Argument Identification) , I T 4 F ARiA B L BIETE

i SR -
AL 3 ieoeA @RS (Role Identification) , Bl F(E55 2 PrilAhesorif LA GAR
%.

JE) s YO R RETTFE MR B R —

SRERAT Bl RET O WA B W ER Z—

HARi 10 &, HARA i,

T I 25 H SRS RS L 25 F b i BT SCECIE TR 2 5 L AT T IR S Ty
B X EAR%E

ZEERESLE S AR A SRR T HAERE, ARG S ) S AE AR
Ko PARGE A tasE S LR R BARTERE R SER LB fulg: SHESRICRF R AL
1A B s ) — AR P A SR B 8 551

RAEITHH A FO A A2

JETHIE

gl

KEETHAEIR M B R

R R =AM 55 25— RS -

. J

However, this approach underperformed, potentially due to only one sentence for each

subtask or misalignment with models fine-tuning.

4 Experiments

4.1 Dataset and Evaluation

We evaluated our approach on the dataset from the Third Chinese Frame Semantic Parsing
Evaluation. Performance was measured using standard metrics: accuracy for Frame Identifica-

tion and F1 scores for Argument and Role Identification.
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4.2 Results

e Initial Prompt: The baseline model struggled with numerical span outputs, resulting
in low F1 scores for Argument Identification (F1 0.42) and Role Identification (F1 0.03) in
leaderboard A

e Direct Argument Output: Switching to text-based span outputs significantly improved
Argument Identification (F1 0.79) and Role Identification (F1 0.51) in leaderboard A, as the

model better captured textual boundaries.

e Majority Voting: The voting mechanism boosted Frame Identification accuracy from
0.55 to 0.72 in Leaderboard B with Qwen3-8B, as we changed to Qwen3-14B in last submit,

the score even boosted to 0.74 in Leaderboard B.

e CoT Integration: CoT reasoning slightly degraded performance across all sub-tasks
(Frame Accuracy 0.73, Argument F1 0.83, Role F1 0.54 in leaderboard B).

4.3 Discussion

The direct argument output modification highlights the importance of aligning LLM out-
put formats with their strengths in text generation. Numerical indices posed challenges for
precise boundary detection, whereas text spans leveraged Qwen3’s contextual understanding.
The majority-voting mechanism effectively mitigated frame prediction errors, suggesting that
ensemble techniques can enhance LLM robustness in semantic parsing. However, the CoT ap-
proach’ s failure underscores the dependency on high-quality reasoning models and the need
for better integration strategies. Potential issues include Qwen’ s limited reasoning capacity or

mismatches between generated explanations and true knowledge.

5 Conclusion and Future Work

This paper presents a unified approach to Chinese Frame Semantic Parsing using a fine-
tuned Qwen3d model. Our iterative refinements—direct argument output and majority voting
—significantly improved performance across sub-tasks, demonstrating the potential of LLMs in
complex semantic parsing. However, CoT integration requires further exploration, particularly
with higher-quality reasoning models or improved prompt designs. Future work will focus on
optimizing CoT strategies, exploring alternative ensemble methods, and extending the approach

to other languages and semantic parsing tasks.
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