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Abstract: This paper provides a detailed description of the overall situation of the technical
evaluation of the 5" China Conference on Affective Computing (CCAC2025). This evaluation
consists of five competition tasks: (1) Inference of Emotional Changes in Multimodal Interaction;
(2) Al-Debater 2025; (3) Four-panel Comic Understanding Evaluation; (4) Multimodal Chinese
Sarcasm Computation; (5) Fine-grained Bini Sentence Emotion Analysis. A total of 121 domestic
and international teams registered, participating in different competition tasks, with 45 teams
submitting final results. The paper mainly focuses on the organization of the evaluation,
annotation of corpora, evaluation criteria, and the results of the evaluation.
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B A B R I TS R SO IR, 385 T

HodE Ui B -

X R SCRISE S i, FRATTIA LG 1T E YA panel [ SCARHIA .
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2.6 FiEM
2.6.1 TRAE B
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DREANFR . SRR LSS B LR G T SRR G SCAS . B HURIRLIE 55 2 i 2
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RS INRNRAME AR, X 455E 1 2 S PORIEEE (R SOR.
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P, WS

=
HEBSETE G 3CARE S B RIG BRE S S22 HEE L, JIrHGE 5 BAT R
AL, 2R IRRR 5 X T-45 78 0 2 A COR B AR AU B B S 33U BO,
2 PR T P W A AT SCAS B 2 S O IORITE A SO 2 Ribe&s: <17 Romiz )1 o IoRITE
A, “OPRINIZA) T ARG A o

B PR 9 SO KR AR S BUS B R B SCARKHE Y H R iE S

WA HENAERE T —T, DETHXANER, SR KANA R SRS ?
i1

BION: TRELAUM BRI S TR BT, NP AR R 4w BE R % L g LI
FEE, BRI RS UK A~ 27

it 0

PR F8FR: macro Fl.

TR HZHEWRIKARH
XF 45 € ) 2 AR KE CSORER AN R BUS B BO . S 3RBAL 7 1 I =4
APV A0 & IS RIS o K S5 [2-3 T3 B R i H A 5

a.

b.

Sarcasm (%) , HHEMT JEIFRHITFESEMIFL, FRvER 05

Irony (1) , SHEMFEHEKRA W EMESELRIRE, RER 1

Satire CIURISCEE) , BHALSCFHEALE L BOMEA KL, FRiEHN 2;
Understatement CRHRE) , BEIREUBIA HA HENER PG, FRiEN 3:
Overstatement (%5 X) , H B ESIKNFEFRMBRFESNL, PR 45
Rhetorical question (S if)) , W IHiEH) 5] FiEed HERLH 5 L ha s oL BAHTE )&
X, dRiEHN 5.

PAHIZERIS ID B RE R

{
"1t R,
"0":"Sarcasm",
"1": "Irony",
"2": "Satire",
"3": "Understatement",
"4": "Overstatement",
"5": "Rhetorical Question"
H
Hmre
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https://github.com/MuYuU0/CCAC2025-Chinese-multimodal-sarcasm-calculation

B B SO KR AR S BUS B R B SCARKHE Y B AR iE S
BN AHSRBCH WIS I e A TR, e ?

Fith: 0

BiN: A (MR RRY |, X RS T .
Fih: 1

N MAVTIEZES .

i 2

N BN T ARl e s F AR RS
it 3

N (HERBRWAKIBEE, T VER RS — BT, EN—1F%E,
Wt 4
B AH, SPEUEIRNINIZE —HE, 2R ANR#E T, B9 ERA Dolphin Uik ?
AN iZ KA panda 15 ?
i 5
TEMFEAR: macro Fl

2.6.3 PRI HIE

T2 BRI EHOR RO RIE T E N Z 2B HTE (RS o 2B E
I RV AL N V) N2 A BB BN BOY BT 7RI AR T, B T
(subtitleNo)  #iifi N (speaker) - XfRARAN Fr B Z AR 25 IS (] (start. end) « SCAN
% (sentence) =T HUER (isHumor) . KABAZEHI (humorType)  Z & IKH] (isSarcasm) .
B H A% (sarcasmTarget) « W25 (sarcasmType) o FARKSCARBREIRZEUT T

"R H A

{
"id": "2 1 3",
"speaker": "7 ABNI",
"start": "00:07:45,900",
"end": "00:07:53,027",
"sentence": "FK AT A K, WURATFRE A BLLERL )R, AFERXE T, XY

TR ? "
"isHumor": 1,
"speakerEmotion": 1,
"humorType": 4,
"isSarcasm": 1,

"sarcasmTarget": "Z=#E",
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"sarcasmType": 5

"I R H
{

"subtitleNo": "2 1 7",
"speaker": "yt 1",
"start": "00:05:46,231",
"end": "00:05:47,386",
"sentence": " ERFEE R T HL . ",
"isHumor": 0,
"speakerEmotion": 1,
"humorType": -1,
"isSarcasm": 0,
"sarcasmTarget":"",

"sarcasmType": -1

Forprid™: "2 1 3"FRoR HONEE 2 255 1 WIS 3 25 SOAN K AR KR S Wy BRINF, AR R 3
7] sarcasmType. humorType #ibriEHN-1.

HAEFHT S R

https://github.com/MuYuU0/CCAC2025-Chinese-multimodal-sarcasm-calculation

2.7 {iEH
2.7.1 PRIE R

AR SO WRIMB T ik, mI e v b, AR =FR A, HEE I e Atk (5
X R) Sk CEER R FSLARMERCR (), BUAESHIE R T5 2% 8 5 BORTE 3.
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Abstract

This paper addresses the core challenge of the CCAC 2025 evaluation task "Emotion Change
Reasoning in Multimodal Interaction”—deep understanding of the causes and processes of emo-
tional changes. We propose an innovative framework based on Multi-Task Quantized Low-Rank
Adaptation (MT-QLoRA). By constructing a unified instruction template to integrate four closely
related subtasks (textual stimulus recognition, visual stimulus extraction, cognitive appraisal gen-
eration, and emotion response prediction), we effectively model the “stimulus — cognition —
emotion” causal reasoning chain. Furthermore, we implement efficient parameter fine-tuning on
the Qwen3-32B model using Quantized Low-Rank Adaptation technology. Experiments on the
INSIDE dataset from CCAC 2025 (containing 4,147 annotated multi-modal dyadic conversation
samples with stimulus-cognition-emotion triples) demonstrate that: 1) The multi-task collabo-
rative mechanism significantly enhances semantic relevance; 2) Low-rank decomposition com-
bined with quantization strategies effectively reduces GPU memory requirements and improves
inference speed. Our solution ultimately outperforms baseline models with METEOR 0.5024 and
BERTScore 0.81, validating its effectiveness in accurately modeling causal chains of emotional
changes and providing an efficient new paradigm for multimodal emotion change reasoning in
resource-constrained scenarios.

1 Introduction

With the advancement of Al, affective computing has gained significant attention as a critical branch of
NLP and social computing. In multimodal interaction scenarios, understanding human emotional dynam-
ics is increasingly vital. Traditional multimodal emotion recognition typically classifies static emotional
states but overlooks the dynamic evolution of emotions and their underlying causality. This limitation is
particularly evident in applications like human-computer dialogue, online tutoring, and medical consul-
tations, restricting systems’ ability to understand and respond to users’ emotional fluctuations.

To tackle these challenges, the Fifth China Conference on Affective Computing (CCAC 2025) es-
tablished a dedicated evaluation track for "Emotion Change Reasoning in Multimodal Interaction.” As
shown in Figure 1, this task models the complete stimulus — cognition — emotion causal chain through
multimodal analysis (text/vision/audio), enhancing HCI empathy while providing practical value for
education and healthcare. Current research still faces three key challenges: (1) Difficulty in extract-
ing key stimulus features due to heterogeneous multimodal signals; (2) Implicit expression of cognitive
appraisals complicating semantic mapping; (3) Prohibitive resource costs for full fine-tuning of large
models, limiting practical deployment.

To address these issues, this paper proposes an emotion change reasoning framework based on Multi-
Task Quantized Low-Rank Adaptation (MT-QLoRA), aiming to achieve precise modeling of emotional
causal chains in multimodal conversations. By constructing a unified structured instruction template, our
method integrates four subtasks—textual stimulus recognition, visual feature extraction, cognitive ap-
praisal generation, and emotion response prediction—into an end-to-end generation pipeline, forming a
complete “stimulus — cognition — emotion” reasoning pathway. Simultaneously, through 4-bit quanti-
zation and low-rank adaptation techniques, we achieve efficient parameter fine-tuning on the Qwen3-32B
large model, reducing GPU memory consumption to 21GB while increasing inference speed by 2.1x.
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Figure 1: Example of emotion change reasoning task in multimodal interaction. The figure shows a
dyadic multi-turn dialogue segment where the target task is to reason how Speaker A’s emotion transitions
from surprise to anger. The reasoning process requires identifying: Stimulus: B confesses to A about
previous marriage and divorce; B stands up and grabs A’s hand. Cognitive Appraisal: A believes B is
deceiving them. Emotional Response: A feels intense anger.

On the INSIDE dataset used in the CCAC 2025 evaluation task, our method achieved significant re-
sults: a METEOR score of 0.5024 and BERTScore of 0.81, substantially outperforming baseline models
and securing first place in the overall ranking. Experimental results demonstrate that the multi-task col-
laborative mechanism effectively enhances the model’s understanding of multimodal information, while
the quantization and low-rank strategies provide viable pathways for efficient deployment in resource-
constrained environments. This research not only validates the effectiveness of the MT-QLoRA frame-
work in emotion change reasoning tasks but also offers new insights and technical support for future
studies in multimodal affective computing.

2 Methodology

To address the challenges inherent in multimodal emotion shift reasoning, we propose a Multi-Task
Quantized Low-Rank Adaptation (MT-QLoRA) architecture. This framework features two fundamental
innovations: First, it integrates closely related subtasks into an end-to-end generative pipeline through
a unified structured instruction template, thereby simulating the human cognitive process of ”’Stimulus
— Appraisal — Emotion” reasoning. Second, it employs Quantized Low-Rank Adaptation to main-
tain model performance while substantially reducing computational resource requirements, significantly
enhancing deployability in resource-constrained environments. The overall framework comprises three
core components: Multimodal Dialogue Encoding, Multi-Task Structured Instruction Construction, and
Parameter-Efficient Tuning & Inference.

2.1 Multimodal Dialogue Information Encoding

We utilize the Qwen3-32B pre-trained large language model as the foundational backbone for encoding
utterance sequences. Given an input sequence 7 = {(si, €;, ;) } Y, where s; denotes speaker identity, e;
represents emotion labels, and ¢; corresponds to raw text content, the model generates text representations
through the transformation:

H' = Qwen3-32B(7) € RV*¢ (1)
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This encoding process captures both linguistic features and emotional cues within the dialogue flow.

2.2 Multi-Task Structured Instruction Construction

To facilitate the generation of structured emotion shift quadruples R = (Siext, Svisual, 4, R), we design a
specialized instruction template with explicit task guidance:

T = [SYS]Analyze #speaker’s emotion shift from #prev_emo to #curr_emo in the dialogue: &7 &

~
Task Description

[REQ]Output:<stimulus—-text>;<stimulus-visual>.<appraisal>.<response>.

Format Constraint

This template directs model attention to speaker p’s emotion transition emoy_1; — emoy, at position
k, with the [REQ] marker initiating multi-task generation under strict output constraints.

2.3 Parameter-Efficient Tuning and Inference

Our parameter-efficient fine-tuning approach implements Quantized Low-Rank Adaptation (QLoRA)
on the Qwen3-32B foundation model. This involves dual optimization strategies: 4-bit quantization
compresses original floating-point weight matrices W € R™>™ into 4-bit integers, dramatically reducing
memory footprint, while low-rank adaptation injects trainable parameters through the decomposition
AW = ABT where A € R™" and B € R™ " with r < min(m,n). The model subsequently
generates outputs via autoregressive decoding:

R = Decoderg,, ., (Z; H; AW) (2)

producing four essential elements: textual stimuli Six (emotion-triggering utterances), visual stimuli
Syisual (€xpressions/gestures or null), cognitive appraisal A (psychological interpretation), and emo-
tional response R (e.g., ’p feels angry™).

2.4 Multi-Task Joint Loss Function

To strengthen synergistic understanding across quadruple components, we formulate a multi-task joint
loss function: | |
L= Alﬁ(é%m) + )\2£(C\/]£:sual) + Agﬁ(czlgpralsal) + )\4£(Cr]egsponse) 3)

Here, E(Ct%m) and E(Crgponse) denote classification cross-entropy losses, £gésual) handles visual stimulus re-
construction, LEPP™%) models appraisal semantic consistency, and \; represent task-specific weighting

coefficients that balance component contributions.

3 Experiments

All experiments were conducted on 4xNVIDIA A100 80GB GPUs using PyTorch 2.5.1, Unsloth
2025.6.12, and Transformers 4.51.3. Key training parameters include: maximum sequence length of
2,048 tokens, batch size of 8, learning rate of 2e-4 with AdamW optimizer. For parameter-efficient
fine-tuning, we integrated LoRA with 4-bit NF4 quantization to enhance training efficiency and reduce
resource consumption.

To validate the effectiveness of our proposed MT-QLoRA framework for multimodal emotion shift
reasoning, we conducted systematic experiments on the INSIDE benchmark dataset. Table 1 compares
performance metrics (METEOR and BERTScore) across baseline models and training strategies.

The prompt-based approach using Qwen2.5-7B-Instruct achieved only 0.0631 METEOR and 0.5728
BERTScore under zero-shot conditions, indicating small models struggle to capture complex causal
chains without guidance. Performance significantly improved to 0.2921 (one-shot) and 0.3043 (two-
shot) METEOR with in-context learning, demonstrating the value of few-shot examples for task under-
standing.
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Table 1: Performance comparison on INSIDE dataset

Method Model Setting METEOR BERTScore
Prompt-based Generation
Prompt-based Qwen2.5-7B-Instruct Zero-shot 0.0631 0.5728
Prompt-based Qwen2.5-7B-Instruct One-shot 0.2921 0.7138
Prompt-based Qwen2.5-7B-Instruct Two-shot 0.3043 0.7136
Quantized Supervised Fine-Tuning (QSFT)
QSFT DeepSeek-R1-0528-Qwen3-8B Joint (Epoch 1) 0.4781 0.7131
QSFT DeepSeek-R1-0528-Qwen3-8B Joint (Epoch 2) 0.4799 0.7085
QSFT Qwen3-8B Joint (Epoch 1) 0.5154 0.7538
QSFT Qwen3-8B Joint (Epoch 2) 0.5241 0.7550
QSFT Qwen3-8B Joint (Epoch 3) 0.5217 0.7525
QSFT Qwen3-32B Joint (Epoch 1) 0.5320 0.8064
QSFT Qwen3-32B Joint (Epoch 2) 0.5451 0.8092
QSFT Qwen3-32B Joint (Epoch 3) 0.5463 0.8081
Subtask Decoupled Training
QSFT Qwen3-8B Textual Stimulus 0.2421 0.5844
QSFT Qwen3-8B Appraisal 0.2302 0.6062
QSFT Qwen3-8B Response 0.1661 0.5868
QSFT Qwen3-8B Combined Subtasks 0.3023 0.6897

Instruction fine-tuning with QLoRA substantially enhanced performance. Qwen3-8B reached 0.5241
METEOR and 0.7550 BERTScore after two training epochs. The larger Qwen3-32B model exhibited
superior modeling capabilities, achieving 0.532 METEOR/0.8064 BERTScore after just one epoch, and
peaking at 0.5451 METEOR/0.8092 BERTScore in the second epoch. This confirms that larger founda-
tion models possess stronger generalization and semantic understanding for emotion shift reasoning.

Subtask-decoupled training (separately optimizing textual stimulus, appraisal, and response compo-
nents) yielded substantially lower performance (0.3023 METEOR/0.6897 BERTScore) compared to joint
training. This validates that multi-task collaborative learning enhances holistic modeling of the “’stimu-
lus—appraisal +emotion” causal chain.

4 Conclusion

This paper proposes MT-QLoRA, a novel multimodal emotion shift reasoning framework that integrates
four subtasks—textual stimulus identification, visual stimulus extraction, cognitive appraisal generation,
and emotional response prediction—into a unified causal chain through structured instruction templates.
By combining quantization and low-rank adaptation, we enable efficient fine-tuning of large pretrained
models (Qwen3-32B). Experimental results demonstrate state-of-the-art performance on the CCAC 2025
INSIDE benchmark, achieving 0.5463 METEOR and 0.8092 BERTScore. Our parameter-efficient ap-
proach significantly reduces resource requirements while maintaining performance. Future work will
focus on: (1) optimizing multimodal fusion mechanisms, (2) incorporating external knowledge, and (3)
developing finer-grained emotion state modeling to enhance understanding of dynamic affective changes
in human interactions.
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Abstract : This report focuses on the task of emotion shift reasoning in multimodal interactions and explores multiple
approaches to improve inference performance. Firstly, we investigate fine-tuning strategies for large language models (LLMs),
where emotion shifts in dialogue contexts are inferred through carefully designed prompts. Secondly, we explore multimodal
emotion reasoning methods. Specifically, based on different fusion strategies, our approaches are categorized into two types:
Step-by-Step and end-to-end. In the Step-by-Step approach, a visual-language model is used to generate textual descriptions of
video content, which are then combined with the original dialogue text for joint reasoning. In the end-to-end approach, video
features are directly mapped into the text space and decoded jointly with text tokens to produce inference results. Moreover, in
the end-to-end method, we propose a key frame selection strategy to enhance the ability of multimodal large models to under-
stand long videos. On the validation set, our best-performing method achieves a BERTScore of 0.743 and a METEOR score of
0.475.
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Abstract

This paper focuses on the Multimodal Emotional Change Reasoning (MECR) task of
CCAC2025 and proposes a causal reasoning scheme combining structured Prompt and LoRA
fine-tuning. This task requires modeling three elements of emotional changes: Stimulus, cog-
nitive Appraisal, and Response. The study constructs the training set through data cleaning
and structured processing, designs a Prompt template containing complete subtitle informa-
tion and emotional change annotations, and guides the model to generate structured JSON
outputs. Based on the Qwen2.5-VL-7B-Instruct model, a four-stage LoRA fine-tuning strat-
egy (with a total of 18 epochs) is adopted, which significantly improves the model’s ability
to reason about emotional causal chains. The final scheme achieves METEOR 0.4701 and
BERTScore 0.7927 on the test set, ranking third in the competition, verifying the effectiveness

of the technical route.

Keywords: multimodal , emotional reasoning , large model fine-tuning
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IR 5 B E—IX 0.4480 0.7829
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CCAC2025-MECR Competition Technical Report

Cao Hanyu', Li Yangyang', Yu Jianfei', Xia Rui'
(1.NUSTM, School of Computer Science and Engineering, Nanjing University of Science and Technology,
Nanjing, Jiangsu 210000, China)

Abstract: This article introduces the model and method we constructed for the task evaluation of "Emotion
Change Reasoning in Multimodal Interaction" at the 5th China National Conference on Affective Computing
(CCAC2025). This task is highly challenging and requires the model to comprehensively utilize dialogue context
and multimodal information to infer the specific reasons for the emotional changes of the interactor. This study is
based on the pre trained large model Qwen2.5-VL-7B-Instruction, and carefully constructs a fine-tuning dataset
combined with task characteristics. Through supervised fine-tuning, a multimodal model that can adapt to
emotional change reasoning tasks is obtained. The evaluation results on the test set showed that our method
achieved 0.4596 on the METEOR metric and 0.785 on the BERTScore, ultimately ranking fourth among the
participating teams, demonstrating the effectiveness of the proposed method in multimodal sentiment inference
tasks.

Key words: Multimodal dialogue; affective computing
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{
"anjia_samplel": {
video_path": “anjia/anjia_1.mpa",
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Task definition

HRE—EBREAMRTR, BIMUERMN ETXMEREL, S
BARREAEETARE,

Conversation:

ULAfRAIERARR T, AEZX ML, .emotion:Neutral|
Uza—2EHREAINALE, RERT, BRFHATHUBE
. .emotion:Neutral

U3B R/ NEHIRIR T’ -emotion:Sad

Ua.B:RER A, emotion:Sad

USARETEARRET, HREREEAW? 25 ARBIEE

%7 .emotion:Anger

Image :

Image_path

Question:

St ABHEEAEEL VAR Neutral |15 E 555 SEIRI Anger 17

Qwen-EmoCause
Model

{\stimulus\": {\"textual\"; \"ASBEITERS
ERREACHBRE B,
\'visual\": null}, \"appraisal\": \" A3 738
EEETETAFACHKS, BHRA
—HETEe] LAEEH, \"response)'s
\AZERZFFLA"}

K 3: Qwen-EmoCause &7 Il ZRifi FE

N o=ly 2 L =0, , 1»
MERMHE R XARERSHRRE.
Qwen-EmoCause 8 4 N\ H 791 (1) 4F 55 3
7~ (Prompt) P 5 _E R D Hf4Hpk, P

= [, 1. ERZRErwtd, 3A01R
G SRR OCVE T IR AR A DGR ), B
2 SIE ZBSAE BN, X il b
TG A, T AR BCE R S B BE I 1
JEAEFE 45 B . Qwen-EmoCause i i ¢ /M
BT ZUABLSR bR BRI 25 A 115 T AR AE 1) Ji
Al

N
L == log P(y;|Dy; 0)

i=1
K 4 JEoR 1 3ATMAE S5 TR AR AR AR -

4 Task definition: Y
HE—IMHBREMRRER, HRRER{NLETXREA SR, S
BFREIEAMERLNRR.

Conversation:

ULAARSEBXRE T, MEEX/ ML, .emotion:Neutral|
VA—ZILEHRBATINALE, RERT, BEATATURBL
ff3, .emotion:Neutral

U3B:XANEMIRETH? .emotion:Sad

U4.B: 3R Aflf. .emotion:Sad

USARRTRAMGET, ARAREENE? BEAREER

77 .emotion:Anger

Target_change_utt_ids:

[ug,u1]

[us,U5]

target_change_emos:

[‘Neutral’]

[Anger’]

Image :

Image_path

Question:

A ARTEEERL 1M Neutral |14 3 5 55,5 F3 Anger |1 ?

\[LLM output]

_4

K 4: SFT R4 a5k

3. https://www.ffimpeg.org/

/ﬂskdqﬂnmon: \
FRE—EREABREER, WOREBRHMNETXRERES, 88
IR BARREARERCRENBELR.

Conversation:

ULASRGEIBRARIE T, IEE Xk, .emotion:Neutral|
VA—SILSEEEATINALE REBT, BREEHATHUEL
fY. .emotion:Neutral

U3.B:XAN AR T1F? .emotion:Sad

U4.B: &AM, .emotion:Sad

USAPRE TRARET, HRARLEFAE? BEBAREESR
H7 .emotion:Anger

Target_change_utt_ids:

[uL,u1]

[U5,US]

target_change_emos:

['Neutral’]

[‘Anger’]

Ask:

I AIEE R L 1ER Neutral |15 25 3 H 885,561 Y ['Anger 115 442
Reason:

{\"stimulus\": {\"textual\": \"BZe;r B 2 Al Fe#\", \"visual\": null},
\"appraisal\": \"A\ MBS EFEF, FEZHHATNEREEE,,
BRBE B THBV", \"response\": \"ABEHA2\")

Image :

Image_path

Question :

BRELBESR
Q.LM output] )

K 5. Cause-aware CoT EKAT5%
PRI 1A TR AR

2.2 Qwen-CauseCot Model
MNTAERAKESENT S, &EEN
BT AR T AN Q B MER
A, Bl P(AIQ). #RTM, TEHEFERAESH, [
B Q H%ER A Z IR AAAE B B 2 % 1)
KIK, X W] AEPR A HERERE /). R T
BERE B R HEFRAR 5 h IR I, ASCHIA
Chain-of-Thought (CoT)#&7R /7%, 5| S
RS e R R, PO TR 5 SR A ik
RABRE, B PR, AIQM., 7RI F, &
HEH —Fh Cause-aware CoT 3855 (11125 7
%, FIH Gemini-2.5-Flash* #7814z i 0,25 [A]
G B (4R (FoyhiEP IR,
Bl 5 fEor 17 AT TH Cause-aware CoT 42
AN . BRI R B, JAUE
F Gemini-2.5-Flash £ Bl 4888, 44 HAE
NI EAE FINGRRIE T A, (&AL
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DURHEBEBE I RE ST, AEAS AR R BE s o ) 15 24
AR BT RE . B 6 o 1T 84k
A ) Prompt B4R . CoT AR ik H

brf:
N
Loor == log P(R; | Di;0)

i=1

BB, BATR A B AR A REA R —
iy, HERmA— FR e, b
Xt LM BEAT ORI 8 5 e 2 48
RR RHEBAE S5 R RE /) . I8 e/ ME

\
Task definition:
FRE—ABBECERER, BMUBRENLTXNERAREE, S
B BARRIEABATCRENBEER.
Conversation:
ULAfREHRRIR T, RieEiXAHit. .emotion:Neutral|
VA—SLSAREATNATE, RELT, BEATATMST
#9. .emotion:Neutral
U3 B:X/NEtiRIETFE? .emotion:Sad
U4B: T Afi. .emotion:Sad
USARETRRERT, FRAREESE? BERARBIER
A7 .emotion:Anger
Target_change_utt_ids:
[uL,u1]
[us,Us]
target_change_emos:
[‘Neutral’]
[‘Anger’]
Question:
A ABIEELESL 16 K9 Neutral | 1§45 2 4 385,56 [ Anger 114 21K
REHRHBES R
[LLM output]

4

K 6. YRR SRR

BT HALL IR b BN 2 R e AR 4 B
FEIE 2D HEPH Y £ 24 ) 2 52«

ji

N
EAnswer = - ZIOgP(A'L ‘ RzﬁDi; 9)
=1

Forpr, R o B — B Bl 22k i) 4
Bl 745 T Rl G B4R RE AT S5 PR R R AR AU
. K 8 &ix T HATM Qwen-CauseCot
Model BIIZRAAE, - BB, 5 —Fr
BN B YERE 2R R, 5 B BOH T AR I

AR SR A

/Task definition:
Conversation:

f. .emotion:Neutral
U3.B:XANEHIRRTH? .emotion:Sad
U4.B:EFHAHE, .emotion:Sad

%7 .emotion:Anger
Target_change_utt_ids:
[uL,u1]

[U5,U5]
target_change_emos:
[‘Neutral’]

[‘Anger’]

Image :

Image_path

Question:

R IRBE DR
\[LLM output]

FRE-MEREWREER, BIRRERHN ETXNEREL, St
R BREABERRE N BETTE.

ULAfRSEIERERIR T, MEZX/MHbil, .emotion:Neutral|
VA—SISFRENTMAT LR, RELT, BEERTATUHIT

USARRTRARERT, BRAREESW? BEARBIER

AT ABIAZTESE L 1AM Neutral 115443 55 S AR Anger 1144 1%

~

_4

Kl 7. Rilve BAEREATE 55 3N Rl AR

a

A

{\"sti "textu: "B SRR, \"visual\": null),
WAKBLIESERL, MERHHATHREEES,
4\, \"response\": \"ABREUMRAE\"}

: Vi BT
Stage1:Cause- Aware Cot
AR R TRIA TR TR
TEEFIRT R, MR T AT

e R TATBT
TEREAH, MMSBIREN T
FHMRE,

on
7. BE: Mt
b % AL ! 4T A
Eﬁ}&mmﬂt‘ S L L BATAE AL VR Neutral 156 30
thi%H T2 .emotion:Sad 85,55 [‘Anger’ | 154? \
ﬁ Qwen-CauseCot —
/

U4.B: a% . .emotion:Sad

A | BRAR ? 23| i
gﬁﬁ;ﬁiﬁ#? RERREESE? BEARBIER cor: AR IR A TORA TR
Ask: TR AIEERSRT R, XMR
£L+/Aiiiﬁéﬁﬁl,JEJBﬁ[‘Neum\‘JQ&ﬁg{}z;s,SﬁM[‘Anger']ﬁg? ;}?&gﬂgﬁ MiSBAEEN

| cormaaa |

Stage2: BB T IMRR 45k

t

Conversation:
u1

7, RIFEE

IRE ~emotion:Sad
FAH, emotion:Sad
KEBT, MEAAREELW? BEHARSIEL
Anger

‘ izl :
<
Question:
SIERALY ['Neutral’ 4 gl

XML
EATMALE, REKT, BEAHATMURLT

GRE-MEBEUBRER, BRUBRN L TXNEREL, S
AR ABEL R,

4

K 8: Qwen-CauseCot FE 1Y ) )I| ZRifi #2

3 Scify

3.1 RIS
AR A B M ORE B B R

Qwen2.5-VL-7B-Instruct , Il Zk #E 22 & T

LLaMA-Factory’, 3§/} LoRA (Low-Rank

4. https://ai.google.dev/

Adaptation) BARHEAT S . 145
i FEAE#4 % NVIDIA RTX A6000 GPU ¥ 3§
B kAT . O 2.1 R, ) REEON Se-5,
Batch_size 4 16, Epoch % &/ 3, Lora_rank
WEN16. J7ik22 W, YRR 21—

IS4


4.%20

3.2 SEHER

1 RTABA IS IEEE EZE R,
T2 4 T RATRASEZ MRS R, K
il & #% % % Lora . WM
Qwen2.5-VL-7B-Instruct FJ45 R,

® 1 WIESE ERSIR S RGER 1A AR

Qwen-Emo

Cause Model

Qwen-Cause

Cot Model

Tk

Bleu-1 0.6508 0.6535

R 2 MlELR

VitsS Bert-score Meteor

Qwen-EmoCause
0.7850 0.4595

Model

4 B&

PERPFI, FRATIRR T 2 BARKIE S
RUFEAE B HE AR 55 BRI, R 0o i)
RS, WORIE F B AT RO . (a8
B, HTRERafR, MREEZT
Qwen-EmoCause B [ HEFE 5 L, 2 F 18
AERE R T, ATE T/ — B, K
T IR . F H RS TAEM R LB
Hi, XER ARG .

SE 30k
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WE: L a0 3BANERFTTHOFRER BRI, Rb—HAT S5 T5 20 ERKXIERLH %, @iz m
Transformer skt LA . FHM AL & HITRE XS, HHLEARNG S RARBE, FASHEETIE
BFWHBBE SR RRER. ALEHET LARERAR, BN RFEREAREN S HEREE, FiTT ARk
WA AR AU A | hiRAL . AR SR A SR L a9 R IR Y, %7 k4845 /£ METEOR. BERTScore & A T — E tk 547
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Research on the generation of interpretable emotional causal chain for
multimodal dialogue

Ni Siyuan'?, Hong Chen!?, Luo Yarong'?, Qi Qing'?

(1. Xihua University School of Computer and Software Engineering, Chengdu, Sichuan 610000)
(2. Xihua University Intelligent Technology and System Laboratory, College of Computer and Software Engineering
Chengdu, Sichuan 610000)

Abstract :This study proposes a generative reasoning method based on multi-modal T5 architecture for emotional causal
reasoning in multi-modal dialogue scenarios. By using the Transformer module to interactively fuse text, audio and visual
information and injecting it into the pre-trained T5 model encoder, the end-to-end emotional causal chain generation under
multi-modal context conditions is realized. The paper also constructs a multi-modal data set including emotional stimulation,
evaluation and emotional response labeling, and designs a systematic feature extraction and training process. Experiments on
real multimodal dialogue data show that this method can significantly outperform single-modal or simple fusion comparison
models in METEOR . BERTScore and artificial consistency indicators. The work of this paper provides new ideas and
implementation schemes for multimodal emotion understanding and interpretable emotion reasoning.

Key words: multi-modal sentiment analysis; causal reasoning; t5 model
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and Evaluation
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Transformer Fusion
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Transformer Fusion

Training Evaluation
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OB = oA A 7E B[R] 4 S HE B N
X _m = Concat(X, X. X.) 2

BN R AR XZ Transformer 45#4:
H m = Transformer(X_m) (3
R ZE L B B — A R R 2 RS ) &
h_m = MeanPool(H_m) (4)

2.4 EARRERR

¥ E—2PRIAMNZHEESE LT XNEET — 2
ANV B TS b ER4ERE (768) . H TS
] )RR AL B AR, SEBLE A KA T RS . X
FEV T g e KR FER FH LU ZR TS 24, RIS fiN
ZREFMELE, BRI HE SRR Bk
HARUE

¥ hom BN,

zm=h mW m+b m

(5)
Hod W m & T TS g hid 8 ba e 4 5
FINEENE] TS Yubdds:
Ei=Ei+zm (6)
HAE i N i A m &R R

2.5 G5k omHg

5 AR HE IR 26 A AR TR & S E bR, /M
Lgen= -Y {i=}"{T} log p(y_i|y<i, E)  (7)

Hey i R4 i/ token, EATEANZHAS
EPSSERNETIEERE Thi

T5 f b 2% LA e 7 40 2 7 910 75 X, 2B s i 4k
K R SOA, M ARG

stimulus: A $AE& T H CfERE <sep>A HR 1 9
[N <sep> appraisal: B Ay A 245 24 B & 1) 22 )
RI, AR BN <sep> response: B & F|JT 0>

3 SCEngt
3.1 BESE

AR B VEIALE FH 1) 5 I K3 8 79 INSTDE %§
PR, HPEANRKS AL W ZEATHSIR =
feft, 7 M3ED #dfs S i) R il b i — 2B bR VE T B
INSIDE %#fs #4611 4147 MREA, B&F &1
&G,

32 LG E

LI BEE T I ZRFE IR epoch iy 30, HE K/
batch size AN 8, MAL#:E FH 2 Adamw, %)
K lr WEN le—4, BAMAEILZE bean search
BN 4, WA Z NVIDIA 4090, 1l
$6F5 N METEOR FI BERTScore W 4645, &4
R ECFETT AT VRN, SCIG Il 30 E SR T I 25 4
A B REBEAT PRI



3.3 XEARE
N T WA SO B Rt Bk T BUR R L

(1) AR TS5 (Text-T5)

AR BSOS SCAR N, BT 15 3F
ITEERIM G B TR BRI AE R, o 1% BT A R
BESEF AR ERZ%,

(2) ZHEAMLP 432K% (Multimodal-MLP)

B FEAL AL RRAE £8 ] SR PR
AN—NZERFIHL (MLP) 432828, T+ 2 K
RAE R RBNIREE . 1% EA B A il B
{HRE (A2 25 HY TR SR B 25 #4 10 TILU

(3) ZME Transformer 4w i +T5 fifE b
(MM-Transformer—T5) % A% B 7 4 8 i 2 B &
Transformer 4t & 2 BESRHE, , AKX
T5 g as AT AR B . %7 EH T RAE “ 12
AR EHEAERS “ENRT FHEARKZESR.

(4) AHA (Multimodal-T5 Injection)

BIASSCIR I 2 R4S T5 7 AN AE i iy,
Transformer FliA 15 B ) 2 B4 A) 208 1L 28 1 AR
S5 I N TS G &5 10 ) &, A T5 £ 9w i Fr
BRIV 243 R 30, AT S 30 5 A0 1
2% DR R4 A2 il o

4 SSRHERSSH
4.1 EZ3fte

AR I 2k DS ) A R 2 SR 55 AN [R) A 7Y
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e R 1 igy i 7 AFERERAEDEI LS 73 K 45
2

4.2 JERASCIS

N T TR h AN AR DTk, AT
DL 3 fil SZ 56 -
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A AT MR FIE M N H B B, B0 R A A B
X155 28 DR SR 1 28 TR R O R X S )

(2) EEHBE (w/o Audio)

g 2 UM R A R E AN P G B, U8R

BT 2T 1 28 VP 5 2 AE BT B 1) DT
(3) EBRZHEEEN, P

TEZ R4S Transformer RIF M &5, Ak
1T T5 gmtd s M tEyE N, T2k 1% m 2P 2]
T5 fERS A AL 4G token FE N ZEM$E 7R .

(4) 2% Transformer ZREARIS, VM
9 (w/o Transformer Fusion)

AR A Transformer %f 2 84S 7 #1 i H 4 &
JIZEH., T A2 18] R 2R P P = AR R AE S
PP 20 A0 4 N BN

g IRk 2 pros, o] LUE B AR A & 2 4R
AEXT B :

A METEOR BERTScore
Text-T5 0. 286 0.672
Multimodal-MLP 0.313 0.723
MM-Transformer—T5 0. 341 0. 747
Multimodal-T5 0.375 0.781
Tnjection (ours)
* 1

Al LLE A SC RS AE METEOR A1 BERTScore
W I FE br B R B AR T A LA AT R 3 2k
TR,
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B A
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HEA
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Fusion A H.
S B 0.375 0.781 | 3%
*2
5 &g

AR — PP I T 2R T5 (A 28 DR SR B A
T8, W 2B REL Transformer @& JEE
A T5 gt ds, SEMZEES KM T4t %
HEFE,

SCUERFFUR B, Z 7 RAEAE R &S TR
PE 5 T 1) B IR 2R T k. 2RSS IEE AN
1 4 ALY B R B EANE 25 N . R R T
AR LU T AEAG: 1) BEEEEIE S U BUE
IOAE RS 2) BETE I IR R4 ) A R
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(R XE ALE&ESMR, L5 100876)

W i 2 A4 stk B A H K4 (Chinese Conference on Affective Computing, CCAC) % 4% 4 34 3% W #9
HRENIEEIE RO R T E, LFRATRBFRSG G E, B R4 KB RTHE, F5 08 0LL
ABAGEAE R ST AT &t ATHE, Ak, AALAREY DR EA RO LT LUARFREAEZ L, RRLAKS
HREEE, REFNNF PN AR L EEFREGFERR L. #5, ARABRTELABRGER FT, S6LAKEH
R, FAHBEAM T RGN TESRH K. RE, B HHE LA EANESHER FAAME, TERMLT T4
TL8Y &) F 3% X4 7 ok 48 ok I R R AL 48 5% e 8k R 49 INSIDE #)3% 4 = METEOR 44 0.3329.BERTScore 144 0.7223,
BAFT %N L0 Y.

FEEI: HATIEE; REEKK; S8A

T ES L5 : TP391 SCEKFRIRTE: A

Multimodal emotion change reasoning based on

Multi-model prompt engineering

Junyang Wu, Zhuo Wang, Tianyi Tian, Qifei Li, Huijun Lian, Yingming Gao, Ya Li
(School of Artificial Intelligence, Beijing University of Posts and Telecommunications, Beijing, 100876, China)

Abstract: This paper addresses the Emotion Cause Reasoning in multimodal dialogues task for the Chinese Conference on
Affective Computing(CCAC). It adopted a dual-model framework with tailored prompts for both textual and visual reasoning.
The system first used contextual cues and emotion labels in the dialogue to infer the textual stimulus, cognitive appraisal, and
emotional response. It then analyzed the image sequence aligned with the dialogue and incorporated the textual stimulus to
identify visual cues. Finally, by calculating the similarity between textual and visual stimulus, it reduces overly redundant
sentence descriptions from generated descriptions. This method achieved a METEOR score of 0.3329 and a BERTScore of
0.7223 on the INSIDE test set, winning the sixth place in the competition.

Key words: emotion change reasoning; prompt optimization; multimodal.
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AR, BERTBER

i (textual stimulus)J

(153
1O SAHHERARBIL 21| | promps
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Qwen3-Plus

L

7 text

Textual Reasoning J

e ( isal response:

ABHFAARES

. 4

(response)

K1 REGHERE . text WAL 1 HARXTE A Y18 SCA KL AR LN A, XA
P25 X 1 OO AR AR R M A o img SRR T BRSO X LS 43 6 5 R B AR
Al CFE A% 45 KA 2 i B AT — IR & )

OELE W, E AR RS HEHEE AT D B R R
IR I AE IG5 AT, BT N LT
iR, FL AR T HARAE A8 IEUE 55 O FERR
IR ENS W o 1 B A HE BRI 1T B AT 55 2 1 IR
Al R NG AR 1) R — S

Z RS B (Multimodal Emotion
Change Reasoning, MECR) #&#8 M 2 B4 H 4L
i XS ESCA . MR EEE) TR
BORA BB, FFHE BT T B0 2828 A il 3
K #& C(stimulus). INFIVEMT Cappraisal) Flig £
15 B (response) o

BT RS, ZEE RSB
P BORS R IRAEE IR, e
TR PR T R A MY, (H 2 S 1 TR il
MGA A S, — RHEEAE SR G TR
g 7S ) R, RPN [ A HHRE LR I TR X 5 L R AE R
AN AT SC— S0 77 T 22 R ) e EUE B,
T3 —A D SOMABUE 28 550 A [8] 1A A 4 45 b5 %
FEACIL D (R TR (] @14, 3 AE LS b e b G
W, BN AR IR SRk B s R A 22 S 1 A
AL . IR ST, R K BRI
SIRE AL ok )T A A TR EE AR 2] U7k
TR 2 2SI TR 1) v A IR AIE R B %
TEAG/ MM CHlFAHENSD, &R E W%
(Convolutional Neural Network, CNN) # % H 2
7 2] AR R B i3 J 1B R AR AE o R T35 A
B T A EE, R A S N 4% (Recurrent
Neural Network, RNN). i 12 M %% (Long
Short Term Memory Network, LSTM) L S ifr 45K
P E S AR Transformer #HRAY, BEW A i
PRI 18] 7 51) A B MO 06 AN B R SUE R

AR, KRR KRR BRI T 288
1 55 AN RIS S 10 i 38 iy Ak B A T4, H AT D

FOEH TV Z b B i B R AR B A Y
%141 OpenAl f¥] Chat-GPT % %1, Google ] Gemini
2. FTHEE Qwen RIS, WA ZEESM K
Jig, 33K A g 38 vty [ KA 2R A iR R BB (1) i N N
RIEWFE, X LA A R 55— ) 424 Ab AN [H]
BEARHAN, KK TR HEERG T E
PVRFE TRE ARl & 5RmE, ATAEH o ER L 22
FIAT N 25 1 e

MRS SR BARAE S B & A 1 o bt
A pae 71, H A O QR BRI AT N
2, 1 I BT A 28 R X — 2R AR 55 A X R R
TR AR P T 1T 4 i 3 5 e AR R R R 16T, R LA X
AR R AT WrH A B SRR 1 T .

TEARIR GRS, S 3858 75 B0 4000 Py 2
Ky B B3 S H IS A AL E, i
2 H 3 U NAF BRI R R, B 2 ST
FIBR =, S HFH ARV DA S B3 i 441
TR M . B 5 K 3T METEOR 1 BERTScore
PR T A bR AT R AR RS SRV . X R B RS AR
R AR S, TREE AR IE AR H 24 T B KAE
F AT A B . B 27 RAE CCAC Bk 28 ik
#2145 %] METEOR 0.3329. BERTScore 0.7223, 3k
37 N A ST

1 REFE

A SCHEAI G UNIE 1 B, £ 1 P4 21
S KA R 73 39 of 5040 4 1) SR AL o A B2
T3 A HEAT SR R HE R, AR R A IRl B BOE
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TA] 1) N 25 L B A 4 21 PR i appraisal PA A& stimulus
WA I AE K RS, BEAA 5 1k T A R R
e WA KR 2 7 g KimiG sEge i e,
PE— € L bk /b 7R A5 3 P AR B TG
KNE. WG, 4 TEIEE PR AR
By M TR S, R A K b DA Y AR BN 2
A% 3 ]

X FRLRLRS, ARS8 A Qwen3-VL
R A o A A B B B Y, AR A I )
TR ARy 5 SR A D R HE PR R . R g
N i R AL 25 2 At RE A A BOR 1 3E AT il it & I
IR, Ao v (1 5 s e d it B T4 T E
FRXJIESCAS . H ARG A H AR X 5 15 B AR A
HE T ARXERE S, ik KR %K
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A 24 TR SO BRI O 2R S P BRI N
AR AFFEA ORI, 2 ST N 25 B A o A
W, HARIEARE B BN B EE N & B
BAE, IXFECE R Tk AL 25 3 iy o H b
I 18] B A B N0 B0 4 3 46 1 JE AN AH T A
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TE G RIS WA RS, BT A B
AHER LR 7 7O B RN 2, T
PNEZ N €M T s R SR S N A TR E N
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2 HIRACE
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BARIF R AL RN B4 e 5 IR K, &
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CCAC2025 TFMEARE:
F2i8 2-taskl-H X EHMESH
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(L PERBEFRHRAF T REZEEERGEEES
seIgE, JEET, 100190)

WE: ainEssE2RAR. BEEE.
Fret A § 2 A RO TS, A A TS 1-3,
7 SRR KB T AL B 470 4 HC3B 98 4%, BT LoRA
Pk A R, DRI A ST T A S
PR AN, THES4HLKRERMES, ZHAFTELRA
SHEBERMAER, BET “LALR-FERE-IFH
1T AR A R A RALRAE, AR KEAR L9,
FEEERTEEABEARBEGRRER, RAEA
T &R E 69 FF S T4 845 4 AR .

FEEIF: kiETHA L Bk,

FES £S5 TP391

it Hat
XERFRIRAG: A

Technical Report of CCAC2025:
Track 2-Task 1- Autonomous Debate
Task

Luozheng Li!, Changming Chen', and Lingbo
Li!

(1. Institute of Software, Chinese Academy of
Sciences, National Key Laboratory of Space Integrated
Information System, Beijing 100190)

Abstract : This task includes four sub tasks: topic
recognition, evidence mining, debate construction,
and independent debate generation. For sub tasks 1-3,
this approach utilizes large language models for
training data augmentation, and combines LoRA
fine-tuning method with model ensemble inference to
improve the performance of the model in various sub
tasks. Subtask 4 is a text generation task, which
adopts a multi-agent collaborative framework to build
a debate script generation and optimization process of

"text generation fact verification evaluation scoring"

to overcome the illusion of large models and

ultimately achieve high-quality debate script
generation.
Key words: Large Language Model, Multi-Agent

System; Computational argumentation;

il
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IESCH “AR3C”, S50 fnd 2 58 — AFRIP R
. FIRLE 8000 F A NE, 27 ki L
IS .

BEE KIE SRR R, BRGS0

(Neural Language Processing, NLP) {155 1F M4
M50 AT 55 1 B8 2 2 ) B . 4B 5 2E AT 55 v
B HEARRHMEAN NLP F—NEES 3, WRR
PG &Ko br . Ve & B E AT
N RRFNMESRET “HEWRA", FEAX
W SRR AL ERAE, 0TS B B RS
HERAAGERENE R S5HE .
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Argument topic identification in AI-Debater 2025

Chenhua Zhang' , Bojun Jin' , Huajie Wang' , Yucong Huang' , Guanrong Chen', Yuhang He', Yang Sun' ,
Jianzhu Bao' and Ruifeng Xu!

(1.Harbin Insitute of Technology, Shenzhen ,Shenzhen, Guangdong 518005, China)

Abstract : Argument topic identification is a fundamental task essential for enabling intelligent debating, aiming to ensure
that arguments consistently align with the given topic. In recent years, large language models have demonstrated a certain
degree of logical reasoning capability due to their extensive knowledge base and powerful inference abilities. However,
mainstream open-source models are generally designed for broad applications and lack specificity in evaluating the alignment
between arguments and topics within the debate domain. Therefore, this work employs Qwen3-14B as the base model,
incorporating both official debate datasets and synthetic data, and utilizes the LoRA technique for efficient fine-tuning.
Experimental results show that the proposed approach outperforms the base model on the official validation set, achieving
state-of-the-art performance for this task.

Key words: Computational Argumentation; Large Language Models; Synthetic Data
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Evidence mining in AI-Debater 2025

Chenhua Zhang' , Bojun Jin' , Huajie Wang' , Yucong Huang' , Guanrong Chen', Yuhang He', Yang Sun' ,
Jianzhu Bao' and Ruifeng Xu!

(1.Harbin Insitute of Technology, Shenzhen ,Shenzhen, Guangdong 518005, China)

Abstract : Evidence mining is a fundamental task essential for enabling intelligent debating, aiming to ensure that
supporting arguments consistently align with their corresponding claims. In recent years, large language models have
demonstrated a certain degree of logical reasoning capability due to their extensive knowledge base and powerful inference
abilities. However, mainstream open-source models are typically designed for general-purpose applications and lack
specificity in assessing the support relationship between arguments and claims within the debate domain. To address this
limitation, this work employs Qwen3-14B as the base model, incorporating both official debate datasets and synthetic data,
and adopts the LoRA technique for efficient fine-tuning. Experimental results show that the proposed approach significantly
outperforms both the non-fine-tuned model and fine-tuning without synthetic data on the official validation set.

Key words: Computational Argumentation; Large Language Models; Synthetic Data
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The technical report of debate construction generation in AI-Debater 2025

Yucong Huang' , Bojun Jin' , Huajie Wang! , Chenhua Zhang' , Guanrong Chen' , Yuhang He' , Yang Sun!,
Jianzhu Bao' and Ruifeng Xu!

(1.Harbin Insitute of Technology, Shenzhen ,Shenzhen, Guangdong 518005, China)

Abstract :Argument mining is a key subtask in computational argumentation, aiming to identify the functional roles of
individual argumentative units within an overall structure. With the rapid advancement of large language models (LLMs),
their capabilities in language understanding and structural modeling have significantly improved. However, mainstream
open-source LLMs such as Qwen and LLaMA are generally optimized for broad tasks and still exhibit limited adaptability to
the specific needs of argument structure prediction. In this study, we fine-tune the Qwen3-14B model using a
parameter-efficient LoRA approach, incorporating both official argumentation datasets and synthetic data. Experimental
results demonstrate that our approach significantly outperforms both the base model and fine-tuning without synthetic data on
the official validation set, achieving excellent performance on this task.

Key words: Computational Argumentation; Large Language Models; Synthetic Data
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B 25 K A v UF B e AR = B ELRERS, S EA
AL R, EESL 7B R 2R .
RFRPOX — B, AT T — R T AR
JoR AR B 1 71 . 1% VR e 65 AL BN )
FIEOR, WO & RO 72 ) B R 4R 18 SO BRI 58
BVERFIN;, 8 ] AFRZEME RS, AT 2 25 52 T
BRI S A TAEMAESR R EEWE 1 .

Large
Language
Model

Synthetic
Dataset

Prompt Supervised
Construction Fine-Tuning

Bl 1 A TAEHESEE

Dataset

L J
Train
Dataset

2.1.1 J7iEiR

WAEFZ 84 55 A% OB R AE T FL 5 2 brid &5
M CBIERITAM ML BHERR) , XH
P35 G 3 5 7 VA DL R AR — Bt . B
o R BE SRR (LLMD AR 08T SCA FFR I N
FEAE bR I 22 B0 SR B, S BN 08 i
BN Nk, BATEE T — MR R A K
Hemg, HAZO BAREE.

CEFRACYE R B R B AR SOE AR Rk
B EA R, T RIGENE, SREE.

AR AR R O 2« T 45 M 20 SR A G FE
PR 2 AR SR A bR 2, B e H Bl bR e S N,
BRSSP 22 S5 S

ARz Ak FE LR R UEIE 85 AR (1) HT 42
T, I SCAR MR R AV 2 R, 1 AR A X
I AL VA

2.1.2 HENH

RO C AR E 7 HR,
R O IR TREFR S LIM A E 2 A
REHE . DAR A B AR ID R

(1) g A A% Tt
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FLFE A LB 5
(a) B FXCAR: BE& M/ (an[Act],
[AC2]) #ric it e A .
(b) W AHMHE B RSN AR AN
ATIE R (hn “Claim” 8 “Premise” ) o
AN E TN < = B S

{

“context”: “Television is one of the
[AC1].
watching television [AC2].7,

greatest innovations Besides,
“argument component info”: {
“AC1”:
every day”, “type”:
"AC2” :
and at the same time has very good pros”,
“Claim”}

{"content”: ”“that we use
"MajorClaim”},

{"content”: “has some cons

”type” .
}
}

R 1 B IR P AE 3R 7
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(4) %t 45 5o
JRUE A : “Television is one of the greatest
innovations that we use every day.”
ERCA: “Television is undoubtedly one of

the most significant innovations we engage
with daily.”

Ho, 4IfEKM (40 “MajorClaim” ) FIE &R ff
FERS.
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Below is an instruction that describes a
task. Write a response that appropriately
completes the request.

### Instruction:
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L, R R E TR — e

W I =AY, B N WIE S N
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B AW SR T M —Fh Y ?

Mridfm: {example[” BRiAAR™ 1}
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A TAEWI 46 52 1 3k A 7Y 4 Qwen3-8B%.
Qwen3-8B-Base’ Ml Qwen3-14B". it AT,
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WL FE Qwen3—14B #E4T 5256 .

2 https://huggingface.co/Qwen/Qwen3-8B
3 https://huggingface.co/Qwen/Qwen3-8B-Base
4 https://huggingface.co/Qwen/Qwen3-14B
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The technical report of autonomous debate generation in AI-Debater 2025

Yucong Huang' , Bojun Jin' , Huajie Wang! , Chenhua Zhang' , Guanrong Chen' , Yuhang He' , Yang Sun!,
Jianzhu Bao' and Ruifeng Xu!

(1.Harbin Insitute of Technology, Shenzhen ,Shenzhen, Guangdong 518005, China)

Abstract :Autonomous debate generation is a challenging task in the field of computational argumentation, requiring models
to generate well-structured, logically coherent, and persuasive argumentative speeches given a specific debate topic and
stance. In recent years, large language models have achieved remarkable progress in natural language generation; however,
most mainstream open-source models (e.g., LLaMA, Qwen, Deepseek) are general-purpose and struggle to meet the high
demands of structural rigor and factual consistency required by debate tasks. To address this gap, this work builds upon
Qwen3-14B and proposes a three-stage framework consisting of data synthesis, automatic evaluation and filtering, and
LoRA-based fine-tuning, leveraging both official datasets and high-quality synthetic samples to develop a task-specific model
for debate generation. Experimental results demonstrate that the proposed approach outperforms models fine-tuned solely on
the official dataset in terms of factual accuracy and other dimensions, demonstrating the effectiveness of our method in the

autonomous debate generation task.

Key words: Computational Argumentation; Large Language Models; Synthetic Data; Argument

Generation
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N T D PR AR RS R AT S5 TP R
B, RTAES G 7 34 B 20 kA s 46
DL K 2 T R BB 5 B8 A 10 & Rk 2
(Synthetic Data) , XJHERFEAT T H &0 X K
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EHEREAER T ST, BRI EEH
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R 4 AR B B 1A R 11

Below is an instruction that describes a
task. Write a response that appropriately
completes the request.

### Instruction:

TR EEARHS T B — B 28 T 7 2L B R
Tr]

R 75 AL R a8 1 R A RS R PR R )

TERHR TR IR T T E AL 2 {example [ £
77 1M A

AU V0 B P AL B0 5 L 2«
1)

{example [ #f
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% 3: LoRA Sifi i A% b 4 I ) $E 7 1A
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Abstract : This report presents innovative methods in the Wisdom Debate Evaluation, covering three
main tasks: network media content debate comprehension, autonomous debate generation, and
debate-empowered social survey simulation. We designed four sub-tasks to assess autonomous debate
capabilities: topic identification, argument mining, debate construction, and autonomous debate generation.
Using the Qwen3-8B model and LoRA fine-tuning, the topic identification task achieved an accuracy of
0.94; in argument mining, a key information identification strategy reached 0.84 accuracy; the debate
construction task obtained 0.83 accuracy with a multi-agent reasoning mechanism; and the autonomous
debate generation task improved the structure and logic of generated speeches using a multi-agent
debate-driven argument chain method. In the debate-empowered social survey simulation task, simulating
multi-agent debates with similar demographic information significantly enhanced the precision of survey
responses. This report demonstrates the potential of multi-agent collaboration and automated debate
methods in structured debate tasks, providing an effective path for automated argument comprehension and

generation.
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B, A MR LR
T BB, PR &
ST CE
VLR BOITFIHA—EZ R HT1E 7
SEE AR 7 ] LU T — T 55
- B AER— I 1
B, DGR AT FRERE, 2SR
1 e L FH I, 7 K3 i A2 EE
TEN) 2 ] AT, R E R
U Sy
- FER A BREXENEOT K, H
1/ 6 25 a5 SR B RETF, i Ry
TN T 23— 2R T 5 o

HHAFIA -
< B fe>
{statement}

</ il fa>

< TEAH P 5>

{argument}

</ i BB A 2>

HH TR, 1545 PR = RIS R

th—ff: FEL R 6 R BT R B i

TFETHIFYBTPEHT, R T # ] -
(R 1) 18 R T8 B 16 11 ) < HIBr

PP 1> 31X 51 25 HI O HI ) T 2 7

LU ¢ — T FE D), (REEFE (S -
B R < BT >
1E K BT FE< FY BT P f7>..
LG R< B >

DTG U HI S -

Ja£EH ¥ prompt:

HIHITZ5 2K : IR 7007 tkwargs['id'] }
i ZERIIR A2 M >4 i 1Py 728125
FTFE v i P 09I 7 P A2 it iF i 7
L

- BRI FAFERTy T XIS —1
W ETHIE T, BRI 5 e 2R PR
MBI PIUIFL. Bt SRR
B, GG HMIC IR LR
T BRI PR & X
VLR, HPITIA—JE- 1R A7, i
T A7 7] LI T b — T i

- HFE e B ESy— NI R 1
&, PRGN T FREFE, 2SR
M 2R A DG, A 7 AR
TEN) LT B ) T, G E R
WL 5

- FEAT B ENIE 0K, K
TP 25 B[ 4E B T, i Ky X
T L B — 2R 1 o

YERL IR E M R — 1N 7



BN IS T A BT 43 2T
HMFLR, TSRS, I
FEHH AT T8, TR 1 E
AL

HHIA :

< B i fa>
{statement}

</ il >

< T EHBTH9PY 5>
{argument}

< FEHIBH P 5>

<BA T H BT 2874 By 56>
{" "join(kwargs['debate record'])}
</BLA7 H B 1958 ) g >

HRIT U BRI 7 B 2 H BT 1
HIHY W25 R A B B, FY 7 2 B i
P77 T g 2 = RS2
WE—Ff, 45 HHHT S BT PE ] -

TZHE 1 1 A Har i -
(T HE L R 16 R 18| 2 18 50 ) < FJHr
B 7> 18 25 P P2 i

LU FA& — M P, (RIS (S
EFAF L k< ST EE > ..
R BT HE< YR P > ..
L k< BT > ..

DY AT U HIF 55 -

L prompt:

HHITF5- 2K : 1R TE R 7297 G thwargs['id ] }
B AT R SR v g P 25 4
1L UE 25 A T 7 2 05 HAE T 1R PR A
HIZ ], FHPHIER TNELN L —F

Ao LU TAZ il 5 o

- R HIHE: AAFAARN T3 —1
R, A LRI R T 273
MBI PIUIFESE, B R
& w1 B LR
T BRI BRI E X X
Fh ALY

EE, AP TIFA LR AIE, i
B AR 7 o] LA 28— o

- IR AR — N e
B, AR THERE, 2SR
12T I R TFIIRG, A A
IEH) LB B 3T, R E X%
W ZE Ao

- EEOE R Bl X EE O TR, A
PG B il 58 €I, EENEX
R EG— D VE 5 o

YERL IR E M R — 1N 7
RAN) H IS T BHF 7B i 2 & 221
HIBrZa R, 1 B H ML I
GG PEPEEG i, [ 28 T H O
982 22

HHFIN -

<1 >
{statement}

</ f>

< i BB 19 Py 77>
{argument}

</ AP 55>

<BA1Z H HTH9 7B )7 1y 5>
{" "join(kwargs['debate record'])}
</ A1 H BT HI 2B A 5>

HHI T ER: Y 7 BRI A H AT
HIFJBr 57 R Oy e P, BFHHH CZ



BIHIAIBTZ5 R, RAE A2 1 i ZAEH
ZHTHIAIBIZT AR 26 HE TR A BT PE ] -

TLHEU 15 A han i -
(T HI R 1 5 T38| 218 51 ) < FHr
7> 3B 25 H O P B 22 1

LU F ), (P (25
H I R < BT >
R T < FY BT P >
L R< ST >

B 7ETE AR IS+

FH 43T prompt:

HHIF 52K g IR HBT >4 5T P 2857 25 iy
v g i 7

- TR 2R T X1 —1
=y 1) A W = =Y N e
MBI PIUIFESE, R SR A
E, wLEE MR LA
T BB, FIRGE. & X
VLR BOITFIHA—EZ R H1E 7
SEE AR 7 ] LU T 1 — T 55

- Bt s A ER— NI R
W, RGN T TR, 2T H
1 e L FHIYH, K3 i A2 EE
VB TR 2 ) A, M E B
J U =

- FE A BREXENEOT K, H
M/ G 25 58 B T, i 2 X
HAL T G — T A

HHAIN -
< B fe>
{statement}

</ v f>

< I Py 5>

{argument}

< FEHIBH P 5>

< BT HI 27 Br A B Vg 22>
! "join(kwargs['debate record'])}
</BA T 19 7B Iy %>

HRIT U BSR: 1R HI A K TF R H— 2L
HIZE1E B i A IR M THI i i
1T 1R HI ST IF26 P BT PE -

TZHEQ1 1 A A i -
(T H LR 1T T38| A 16 77 ) <
B 7> 33 45 1 F B 2 i

LU T2 — i HHFED), (X 4 0 2 -
18 K< BT 7>
TE AT FTH#E< YT PR Hy>...
T < S BTFE HT>.

YA M HI 55+

5.5 BEILHAERES prompt

H W B AR S R BEt 2
prompt:
"messages": [

{

", n

"role": "user",
"content": " Y 7F 7% ZEAF UL 7
{stance} 71715, NHAFH: {topic} 4Lk —
Fa I, AR
/no_think"
p
{

".n

"role": "assistant”,
"content":

f'<think>\n\n</think>\n\n{statement}"

/



F i AR prompt:

WA — 1 E 5T F 1R it X
THRAERI K 16 X T H & T2 H
BRI 55 FHIEZ L0 T
1. W45 TR v 380, B i it
s
2RI 1R T L 58 HARZE S T X vt 3 HY
GO
3 =GO B
FHL T, BRI A TS T
R i 9 7 2E 7 ] o

Input:
K

Output  Cig/™EEIEIE A, ZIRNT
TIAFATKHIAZS 75 PRl 5o ):
Topic Analysis:

Core Idea:

Argument 1:

Argument 2:

Argument 3:

Input:

XHE T FOLAI G IEE G 2
s ZFENRDPIEHENT FHA LI
PIRE L] 7t 77 ZCTF Y AN 2 Bl T4 1]
BINEFNNEIHEZ IR 2

Yy B

Output:

Topic Analysis: 75X 1t X8 H 195 4 1
16 T [ 2 IR DT 5 5E T LA L IG X &4
N G ELF L LK 207 1] S5y i 1 TR X
LR KAEM I FRETFHL “ 4
BeWp . “ZFEN R EEARE . vl it
7 1] QU T 23 BT i T DA 2 I 2 e
XEFENRTE TR, FF1EHT

Core Idea: #75ETFHI I LI o] LISE %
TEEZTFENNIE G, DA H E R
HERZFF L 55 »

Argument 1: 7 5EFHLAI LW 7] LI
HEFN MW E LR FRENTFE ] L
[EHH (B By W FE) 7 R 26 7 5 1
ZHEN A LU L1 15 0 ] R
R GFFETTH# I, FE A 1 e I
Argument 2: ' 5EF HLAI L W Fy & F
NI T F NI IERIRAR Vo L
AT i SRR ZE vk, E9F
N A UG AR K IRIFIER, DI
M, FFL E L H B RIIRA 2 IR FF
FFPIETE

Argument 3: ' GEFPLAIL B 7] LI 77
BTN E LA TCHE =0 WXL E
JHEEZY AT P LR FTHE T RS
ZHEN O] LU 77 (PR 7 F S
D PIA B FER & 7 257

115 T8N HIE -
Input:

X #EF: {topic}
Yy {stance}

Output:
B3R % prompt:

FEER: {topic}
THEPEEE 17
{por}
1T PTAEERIEPEES 1, T AETEPE R 17
KN HAEH— T EIRALIF 3
FRIE X [ G ETES,  FI %3 5K T e
TEPEES 50 3 TR 42 H 19 1 @R 1Y
F K
G HE H T 1] & g i <question>
</question> Z [H]



R T K d A <subclaim> F
</subclaim> 2 /5]

LUTF A2 — Mt D)

<question> X FAE 5 H M E ] T FFHENA
X SERIIXS 77 2, AR A I LTI
FEIERRIE T T 1L P TR e
ZERTER 5 2 </question>

<subclaim>“ ##] Z 5" S i 42 F FHN
ERG IR FHEEFERATE R T,
LLFAAF IS TN D TF T SE G 5 X
P RITTWIRY T BSETE 77785 i K7
F— 2GRN T2 FE L 0
BT E T 8 R A
WG TJE : PMETILAE TR S5
R IEVE 3G IS 5 3 Fd 4 1 07 1 4
Fie R REAE TS TEXR T A7 B X B 5
WIS E . X FIREPIRE AARZE B 1
FEIHRE, ITTTFE G 1 H . </subclaim>

WRES prompt:

IR LL T3 SRR T3 R B M — 1
EH#mE . R R HERIRZRIR
E &

- felaim)

VAE

{subclaims}

OB S F W K W M E
<combinedClaim> i
</combinedClaim> Z [H]:

Toulmin HE 4% prompt:

1 i — 172 Toulmin 18 iF 45 #4719
Toulmin 7,
Claim: {CurrentClaim}
#H## L A2 Toulmin 1£11F 45 1 70 25 19 [T 22
%/gg:
1.Claim : {FZJHARAEA R R 1T 7
LK, CEFZ L.
2.Grounds : F /b 35 #[Claim] 1] FHE

U X LEFHE K F R H A 15 1K
W PIAEE L T TR A S i 2095 36
SETEBY . LT i vl B BE A IE A T R A
KR, TTTAEAE  RITFIE 2 BRI
3. Warrant: (RiF[Grounds] 7E12# |- 3 #F
[ 5K] BT 2E e & I i, T A A2 HE
L FF[Claim] B 1F# -

4.Qualifier : 7~ [Claim] [ 7 /& L& H

BTG 1EHE LU T 15 0458 H1 25 B Claim [
SEHE Toulmin 10 UFZEH) i 15 a8 57 L
Faits 0, A ZIEMB B E
ISWHEFTAFITAIA 2 75 )

<Grounds> X /& Grounds 1] ¥ 7%
</Grounds>
<Warrant> X # & Warrant 17 4 7%
</Warrant>
<Qualifier> X # 2 Qualifier 7 I 7%
</Qualifier>

FH 7T prompt :

B — ML FHEEFSR BT
Toulmin & uFFEZE 1T SR WY,
BTS2 3 Hr XK HIAEie X &> FFIE
1 1E 77 19 Toulmin 18 il FEZE

I 14 UL F AP BRI (T 55 -

1. JEZEFERE IE 77 9] Toulmin 12 il FE2E]
- 5K {Claim}

- 1&#5: {Grounds)}

- euE: {Warrant}

- MRUEE: {Qualifier}

2. T ELF AR il R, T IE T
[Toulmin 12125 #4] 41 17 4 -
{DebateRecord}



3. WP R EB IR TR IE 77

K HMARE T (HRHIR I FE
BRPIRIK T5K] e

i7" 15 UL % 2C 18 B 2 HY
Toulmin 1B UFFRZ, [N LR E 5
HI</...> LR bR 0775 HE By
KRG 155 2P 75

<Grounds> X # 2 Fr 9 & # W #
</Grounds>

<Warrant> X 2 Fr 19 it ik 4 %
</Warrant>

<Qualifier> X H &2 3 19 IR JE i 4 %
</Qualifier>

<Rebuttal> X #H & ¥ 1] Kk T H %
</Rebuttal>

5.6 HIREEHSPEMHE prompt
FE—IKHZE prompt:

###You are a real person with the
following personal information. Please
answer the following question as best as
you can. You should act consistently with
the role you are playing. Do not select the
option to refuse to answer.

##tPersonal information: !<INPUT 0>!
###Question: |<INPUT 1>!

###Options: |<INPUT 2>!

##tYou should give your answer (you
only need to answer the option letter
number) in JSON format as example
below:

json

{

"answer"': "4"

% — KA prompt:
#t#H#You are a real person who has

just participated in a debate. Please

rethink and answer the following
questions based on the debate content.
Your choices should be consistent with
your real identity and take into account
the views in the debate.

###tPersonal information: !<INPUT
0>!

###Debate content: |<INPUT [>!

###Questions: |<INPUT 2>!

###Options: |<INPUT 3>/

###Please give your answer in JSON
format, as shown below:

json

{

"answer": "4"

5.7 M Ei¥F{E prompt

F&: {Topic}

Wit X: {Argumentative Essay)}
IEIRHE LI FAESE A b ik 6 X
FAKNE (1-5 74D 11 X5 5 28 f
Ko IR ECTT: X E PRI
ARG TR 18 AT, 1L R A
AR ZFEH T 31

EHNE (1-5 77 ): 3FI R it HIZHE 1.
IS FRAECLTE: 5 118 K A2 2 i M
UFER G WS B i, A
[ R Z ]2 B R A — & 1/ AR
IR FSE (1-5 7): PP X s
HIR Ao PP RrifE LT 18R AE 2
wmE P it R TR
K HIHEPE GE S5 2GR 13 FF 19T 16 7
YRy (1-5 73D PFAS X e X HTBE K il
HRJo PFIGFRAECLTE: X FAR TG
TR BT T ZFERATIES (4
F, HHf P FHT TIRA



o LB 1A 18R A
—IEHJEE N, BEVIII TR 2T

=4
AR

BFE (1-5 70): iFIT #1755 M.
IR CL75: A 7 (/M
IR 15 5 2 AW A AR/ T
IEFETFE CAikghr 1EFE I FFE )
KIG DR ) ;1 F G A 7 E R
GIE#, X RRT) T

BRI (1-5 77): IR LB 52E/E 1T
I, FEHEXS X HI BT
BENESEHT AN R 1 F 5 7, 7
FEHT DT -

BT ERGE E i, ST 4t 5
SEHIR KPS

DT FLHTLL G, T RER I
I KA 2B 15

<feedback> K IFHNZ </feedback>
<Relevance>  f KX M 7 #H
</Relevance>

<Logic> ZH# 1740 </Logic>
<Complexity of Claims> it x5 B 4%/% 7
# </Complexity of Claims>
<Persuasiveness> i M 1 7 #H
</Persuasiveness>

<Rhetoric> 15F 74 </Rhetoric>
<Overall> B K74t </Overall>

6 BEHE
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MES S REERBRARNPLHAGHE

B
CLOBT NS B, Fondge mign 1880655 2. wh [ BHEBEIL I B Sh LB AL, IZ7 & vRBHTH #E% 110169)

WE: AHKRIREAL T KAE CCAC 2025 % £ &% H it #iFM (Al-Debater 2025) F Amikif — (B it
%) Rl (RHRRLERIRAEHTAE) WERBRFTELEERER. ARE—WONTES T, KAM5 5435
RIRA . REIEW . MR ABRHAERFEFET TR ERE T RE ST &, EATAEANY £2EH5 (FAERA, &
B2 E) Fedt it MEE ST, RMEZRR T AT RN GAA G9MOE Rk ——1A% T X MacBERT K A4 AL A A shift 47
THRES NG, BRI TEFOSEHR. EFONERESF, KMNEAT KEZHRE (2 GPT-4 £3]) &) Prompt
Rk, FRARE TH T IEE AN Few—Shot &, 5l FHRA LR TH R —BKE—#HF2fs, ARRE, ARE
ZAEESP, RMNATLRWAD EREZEREENAL, FRA S HFRAFENAEARZHHGAERLEE,
£k T, M3 ChatGPT 4.1 API B S A &atis, BI AL MMM LB ERE LA EHMENE R, KL, &M
EREMHF—RKB=ZFE, £45= ZEHER, AREFMELRT IR R, MXFTR, HABA, FRRERE
R FEAR, FHALELRABEE—FF 3,

FEEHR: R, MIISEE, SHBAGL

T HES> X5 : TP391 SCHEFRIRAG: A

Building a Chinese Argumentation System with Hybrid Classification and
Generation Approaches

. +
Eason Lai!, Fu Bo?

(1. Singapore Management University, Singapore, 188065; 2. Shenyang Institute of Automation, Chinese Academy of
Sciences, Shenyang, Liaoning, 110169 , China)

Abstract : This technical report presents our overall technical solutions and experimental results for Track 1 (Autonomous
Debating Task) and Track 2 (Debate-Empowered Social Survey Simulation) in the CCAC 2025 5th Intelligent Argumentation
Evaluation (Al-Debater 2025). For the four subtasks in Track 1—namely argument topic identification, argument mining,
debate construction, and argument generation—we analyzed each task and proposed corresponding methods. In the first two
classification tasks (argument topic identification and argument mining) and the debate construction task, we primarily
employed a fine-tuning strategy based on pre-trained models, using Harbin Institute of Technology's MacBERT large-scale
model for downstream task training, achieving strong classification performance. For the fourth generation task, we utilized a
prompt strategy with large language models (such as the GPT-4 series), treating the example dialogues provided in the task as

Few-Shot prompts to guide the model in generating opening statements consistent with the example style, yielding optimal



results. In Track 2's simulation task, we constructed simulated roles based on given demographic attributes and employed a
multi-agent debate mechanism to generate more precise survey responses. Specifically, we used the ChatGPT 4.1 API to
simulate multi-turn role-based dialogues, iteratively refining more robust results through viewpoint collisions among the roles.

Ultimately, we secured third place in Track 1 and second place in Track 2. This report elaborates on the background, related

work, technical approaches, experimental setup, and result analysis, along with references for further study.

Key words: Intelligent Argumentation; Pre-trained Models ;

il

0 3l

WHHE N N RINFIRE ST I — T B EAR T, 7E
WAL AP RIEE G Tk, HE
HRESAEHE RN KE, FE & H
(Computational Argumentation) i% ¥k N HT

FURL, HH bR RN RERS B AR . A2 ORI VR Al
W WA ERFHL RN 2. CCAC & E AR AF LTI

(AT-Debater) BIAIZSHM EERH 2 —, &
TE 45 B AL 2% 18 3 5 AR 18 2 VP A5 155 28 7E S By
WHEH S AE f1. Al-Debater 2025 F£45 M4
RIE: FE— “HIFERBES” BF N TS,
3 X L AN (] )2 THT %) v o B AR R A i ) s BT
YR EPRREAL WA E B TR R AL S
MBS AT R, @ 2 8RR S A R
K U FC VA I (] 25

FOE— AN FAES BRI FAES LGB
R AR, HMGE RS2 RE TR
ERE ARG 2 CRIBIZIE) N RMES, A
Wi s B W s R R RS SRR IR AL TAES 3 (ke
) AZHHBAES, Ak s e LR g
RR (I FE R . WIEIL A B AATRE);
TAES 4 (HEWRRAER NERMTES, ZRIE
W e P AR 7 (IEl/RJT7) AshAER—R
SE R AR . B TE — IR AT = AN T 5 46 FE v A R
(Ace) PEMI, &5 4 MES W@ N Ty . 3%
AR S 2B E A A RN O A E
TR ARG, B AR ST 1) 5 1 [l
PRI L HE 2 59 BB AR AR 1S 7 (U0 Debatrix HEZL)
AIEIZ P HER 2 (FL). FEE (A2 E 5 B4

F—, WEAYGELE (CEE. Rl &k
B BUAWI S ERUA AR E N F
=, S RMEHATHEXEER N IR, B2
W, BT BB R, FLOR R R R,
W EE AR 0 [0l 250 5 R A, Bn i R

Multi-Agent Simulation

%

TELFE RS, BATEAT ZMBERT L.
XF AT S, BAMER MacBERT %5 H SC I 4k
B E AR AT RO B 2% Qwen3 A
A% LoRA Tl . BRE HRH KEF A (W
GPT-3/4) FMEAMIASE, (HImg: RERWET
MacBERT 3 Il R 7 40 AT 55 H U e 0 T
P AR AT 55, FRATTE BRI T 2510 K08 &
A (it GPT-4) 4T Few-Shot &7, 4544
PR AL TR U, A AR A RS S R ] —
i, MIEERT T LRI R R . fERIE
i AL, FATHEA T ChatGPT 4.1 [ APT 4%
1, AELAS [ J 1 1) £ o 3R LA AT 0E i 2 46 g it
[] 225 i O ) R, X — SRR S B T R AR I B 2 R
Gio

AR W B 2 AR SOk R, e AR G
TAET 5, ARG VRN R BATH A B 28 5 5058
ik, MENSERSGRE S, &G RE0H A
5 ARk Ty Ao A S A O SCHR S
kBRI, RGN EESTS
1k,

1 HEXIfE

L1HHERERLaSH

HH L (Argumentation Mining) & H R
W E B A — AT, B SRR
W i LHAERR, Hla, —IUE %
WM SIZH Cargument mining), BEMN AT
H B3 BCNATT R W s AR 4

R ZE R TR SOER M A2
o IR UESE AR SR, H ST ¢ TAE A
WAL D o ARG T BB AE TR AR 2 7 2K
ax, TR R S R R, TR I SR A
R ITIERCN 0L, B14nfE A BERT. RoBERTa 4%
RIS I8 i R AT 02K BATHIMESS 1 FIMESS



2 AT LAV EE R = o 28 ) (U o5 A 5% 1 340 W i
PSR, AR5 3 WE =0 FKAE5% . KW
WS IR 20 T R B, T BERT R4
TR SRR R I OR T vk R ey . el %
S H S E L T 9 MacBERT 5 % , 7F £ 151 71 52 NLP
f£4 AU T i e b v gE ', DRk RO AT
fERuAiNE- Y Rt

T RS MR B (2455 3), 1 wF 7t il
W SRR RS TS X SRR A5 A R 4y
F AL A REAL 5 DA AR s AT (G D)
. ER SRR, IXPEMAIRE 5 8 T RIE B
DAL, R FRATE B R ) A5, A
AR B TR R 7 S s . AHOC TAEd, Wf
i 3 22 43 g8 X BEL ) 7 10 A kAT Hl e, (HK
ZHEPIEF LA L

1.2 BREBESTENSHRXE

fE 55 4 BR A B A 38 RS 19 5718 5 3]
Fied, XTI SR A R R . 7E AR il AT 5%
b, ISR RANE B (LLM) 1 GPT-3/4 #%
AT ABRERERNNERIILNE. AR
e, @E AR T TS E ARG (fewshot
prompting), W LA HE w4 A= il g SR 1) AH 0K
PEA— UM, RAMESE X — BB, KHIEiegt
B UGB CAS [R5 06k 2 IF s T SE e R D) AE
FtEm R, 185 GPT-4 LR LR . A
H, 1R 2 55 R R B R B R s X S A R
KA AT A RN, X FR U7 2R 8 LAY
“CEES]Y TR R )RR RS R UESE A, AT AR
B B TR RO T 3 e
L3I XEBAZEREMLESHE

FE R R Z RS NB A T
B, FEBUAFN O JE VA 6 r) B 4E R
A, JRad 2 8 ae kA B AR B R AE ) [ %
ST A B — AT IR, B AT A R A
KAYTE & BB N BB AT At 2 HE) .
BORT SRR TR e KB AR IE AR B R
BAT IS, ATDUBE R R R W s &SR . B
WEIFEHC I R, 2%, 2 A GRS A8 1 55 B
B A M. B, Du AR 2R
BEE (MAD) HMEZE, LRSI LM £ 2 &b
TR, TE RS A HE AT S5 B A T AR
iR . MATRI, ZdZRARR, BAREY
HEH AT F e R R IR, EEERMLN
(hallucination) WD . XLEHFREXH,
Bl 2 A B A EM A MM B, AT

SR IO e o ) [A]

AN, 02 R e R LR T A
3y (persona simulation) MEEZEME. @T
] LLM $2 (52 B A =5 B (AN DSty
fE. RS FR ), LR A Z A A
EEMEMER . mFE -, RITERET
X — BB, il E ChatGPT 278 “ R 1 )&
p ARl , WEBRIZAE—FERE &, SR S5k
JEYE—E I R o AR E B NERR AL,
LSO A 0 2 [RD 3 10 6 U6 R R TF e, AR RE
AR S, AR R RN A A A2, X
R E T 2 8 ek At 207 AT a3,
BRI B R R S B A, Jl ek A2 Y o &% 2R
CIETS:

gi b, AT REA T PSR BROAE
Prompt 7~ A2 AN 2 5 B8 AR BB 45 15 R R . X
BE T VR AEAH O SCHR 35 R . MacBERT A5 8 4%
HEBIZEH SC NLP AR R B % 5 Prompt fI7R
Bl few—shot JikRE R ERA LT E ", ML
A REE T HE A ERAE A R R R . N,
PATTH AE T7 1530 40 VE 4N 1) 3R 3 5% s g LA s
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Logical understanding of four-panel comics

Shuo Wang!, Zhilin Liu", Anyu Zheng"

(1. School of Mathematics and Information Science, Hebei University, Baoding, Hebei 071002, China)

Abstract : A method was proposed to enhance multimodal understanding in the task of four-panel comic strip ordering. The
approach distilled reasoning abilities from large multimodal language models into a compact model. A multilingual dataset
containing Chinese and English comics was used. Visual-language models generated dialogue texts, visual descriptions,
structured reasoning steps, and sequence labels from comic images. These outputs served as training samples. The distilled
model learned to jointly model dialogues and visual details for improved sequence prediction. Experiments evaluated
performance on Chinese and English comic test sets. The results show that the method achieves good accuracy and
adaptability in multilingual, multimodal sequence recognition.

Key words: Four-panel comic understanding; Multimodal reasoning; Large model distillation
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Technical Report on the CCAC2025 Task 3:
Four-Panel Comics Comprehension Assessment

Chengfei Li', Chunyu Wang?, Wenya Zhang', Yunjie Zhang', Hanlin Li', Wenkun Chen', Dekun Liu'

1. Artificial Intelligence Research Institute on Education, Qilu Normal University
2. School of Geography and Tourism, Qilu Normal University

Abstract :This paper introduces an evaluation framework for four-frame comic understanding based on the Qwen2.5-VL-7B
multimodal large language model. Tailored training strategies and prompt templates are designed specifically for logical
reasoning and context comprehension tasks. The framework, built upon the LlamaFactory framework, integrates low-rank
adaptation (LoRA) fine-tuning with multimodal fusion mechanisms, utilizing task-specific datasets for targeted fine-tuning.
In the CCAC2025 evaluation, the approach achieved Macro-F1 scores of 0.687 and 0.476 for English and Chinese datasets,
respectively, in Task 1 (logical reasoning), and ROUGE-L scores of 0.516 and 0.618 for English and Chinese datasets,
respectively, in Task 2 (contextual reasoning). The results demonstrate the robust adaptability of multimodal large language
models in complex visual-text understanding tasks.

Key words:Multimodal Large Language Model; Prompt Engineering; Comic Understanding
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A Multimodal Multi-Task Emotion Recognition Method Integrating Humorous
and Sarcastic Semantics

Jidong Leng!, Qiang Yan!, Lanli Yi', Siran Wang', Jiachen Tan?, and Lindi Huang!

(1.School of Economics and Management, Beijing University of Posts and Telecommunications
No. 10 Xitucheng Road, Haidian District, Beijing 100876, China;
2.School of Computer Science, Beijing University of Posts and Telecommunications
No. 10 Xitucheng Road, Haidian District, Beijing 100876, China)

Abstract :Sarcasm recognition poses several challenges in affective computing due to overlapping semantics with humor,
implicit language expressions, and difficulties in multi-modal cue integration. This study explored the semantic interaction
between humor and sarcasm and proposed a Chinese multi-modal multi-task affective recognition model enhanced with
structured semantic features. The model was based on the MacBERT pre-trained language encoder and jointly addressed
sarcasm detection and sarcasm type classification. Contextual utterances and eighteen structured features were incorporated to
improve semantic understanding, including speaker sarcasm tendencies, humor categories, emotional intensity, and
consistency across dialogue turns. Acoustic and visual signals were extracted using OpenSMILE and MediaPipe to capture

non-verbal emotional cues. Weighted Focal Loss and a learning rate warm-up strategy were used to address class imbalance.

IRFRUCHE HER: 20XX- XX-XX; EREHE: 20XX- XX-XX
E2WB: tRMERXFHARECFENNESRIE (2025-YC-T041)



To test robustness, sarcasm targets were replaced using a large language model. Experimental results showed that the

proposed method achieved the highest score of 0.5989 in the benchmark task. These findings confirm that modeling the

semantic linkage between humor and sarcasm improves both recognition accuracy and robustness in multi-modal affective

analysis.

Key words: Multimodal affective recognition; Sarcasm recognition; Multi-task learning
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Technical Report on the CCAC2025 Task 4:
Chinese Multimodal Sarcasm Computing Based on Qwen2-Audio

Chengfei Li', Chunyu Wang?, Yunjie Zhang', Hanlin Li', Wenya Zhang' , Wenkun Chen', Dekun Liu!

1. Artificial Intelligence Research Institute on Education, Qilu Normal University
2. School of Geography and Tourism, Qilu Normal University

Abstract :This paper presents a technical solution for CCAC 2025 Chinese multimodal sarcasm computing evaluation based
on the Qwen2-Audio model. Specialized training strategies and data augmentation methods are designed for multimodal
sarcasm detection and category identification tasks. The framework employs LoRA fine-tuning techniques, combined with
cross-task transfer learning and data balancing strategies, utilizing the "Tucao Dahui" video dataset for targeted fine-tuning.
In the CCAC2025 evaluation, the approach achieved macro F1 scores of 0.7245 for Task 1 (multimodal sarcasm detection)
and 0.3782 for Task 2 (multimodal sarcasm category identification). The results demonstrate that cross-task transfer learning
significantly improves sarcasm detection performance, and simple data balancing strategies are more effective than complex
audio augmentation techniques.

Key words:Multimodal Learning; Sarcasm Computing; Qwen2-Audio; Transfer Learning; Data Augmentation
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WU B BRG], LG Sarcasm (I]5E) |
Irony ( Jx #& ) . Satire CH M XX %) .
Understatement (457X 5 ) . Overstatement
(#ZK) . Rhetorical question () . M
MEE YR macro F1 70 F0E N E RN 645,
DA 4 TH] i B A R AR R 2R 2RI

2 FiEw

2.1 REGREFSIISR

RN 22 RS PRI Rl 1R B A 1, A SN B
T Qwen3-8B. Qwen2.5-VL. SenseVoice 2 £ ff
PR T 2 B &% F Qwen2-Audio 1FE N3 R Y,
FEETHNEN-CAZHEESES R, B&
JR AR SRR R T, R AE R A0 - SR E A
RTINS, RS T RIS R IREE ).
Qwen2-Audio 32 FFZ 5 m RO SR, LAY S5
w1 Fis.

Multi-Task Pre-training

.,\||\. A sy o i Crinse ™

K 1 Qwen2-Audio %Y &5 f4
RN SR 2, SRHAJ LoRA flifi SR WS,
EARS M LoRA # 32, Alpha &% 32. ¢ XK
5e-5, Y& 3 4~ epoch, #HLIKK/NS, BHEE B
WE 4. LI B AR R AL BE ST IR 8 3R 2 ]
WS T8 -~F47, 6eie A b THSE Y A2 PR 1R )
1155 LRI .

2.2 WIRHEIAREE

B o 2 ) RS 465 1) R, Vet T 22 b R 1 o
i AR RR T, AR -4 B AT
0.9 {51 1.1 f5H A e, BIMBEARZAEN:, TTS
W, A SCA S 5 BOR A A B AR
BN IR . BT T, 8 R bk
BIFEA, BB D AR . LI REH,
7 B PR B 5 A2 1) S W E ASAE 45 b R B N 2K
2.3 BESIEED

MR AT FR A, RS AT 55 10 B 2 31 3R
W&o EARME N RS = OS2 IR
B, 3@ AR B 5 N FAE S — (432K,
BT BT A K 2 5 48— B B SRR AR S, AR
FEARRERFF AL . L6 R, NS AE N 03
FETF =0 AT 55 R B P B

3 SWRITSER

3.1 EH—MI U



B, BIMARS— () dar 7 REg
B, YIS RER, BAE RS EE 1
F1 %008 0. 6629, B, @i V%E LoRA LB 5
B, F1 A HORTHE 0.6846 (£ 1) o iX — &5 £ W,
A B 1 2 B0 AL e 0% A R oS S A A KU R )
B4 HRRDL, NGR4T RS L ht .

F 1 AT — LA 2B 45

3.4 BREMARGRIE
BT EBESIERE M EE LRI, TATR T

T RGNS RIESLE . fFEX—kr B, Rk
6 0L 5 AR 55 — B I SR R A6 B AR 55 — 3L
Mo 4 R, LA DAl AS R S 241 & 1 RCR (38 3D

3B AR AR

ID | #ds o LoRA Fit & F1
TN
1 pn (rank=16, alpha=32, 0. 6629
lr=1e-4)
2 T rank=32 0. 6846

3.2 ES i seie

55 “ AR N3 KR AT B R N R
BEAT T ARG B G R A R R R R, AR
BRI (R 2)

2RSSR IR S5 R

s %= | {1%—
D 1t LoRA

i&ﬁ E!gi (0] QEE Fl ﬁ%z Fl

10 T AR rank=32 | 0.265 | 0.7184
k=32,

1| g | 0.3227 | 0.7148
lr=5e-5
k=32,

12 | A TS | O 0.3091 | 0.7175
lr=he-5
W 1-4 rank=32,

13 0.3461 | 0.7238
il — 1r=5e-5
PREE 1-4 rank=32,

14 0.3280 | 0.7196
2 1r=5e-5
W 1-4 rank=32,

15 0.3373 | 0.7058
S =4 1r=be-5

D B 3 o LoRA Fii & F1
3 ¥ LIgN 0.3241
FRZE 1-4 6 A7 #r
Lo i
4 (0.9, 1.1 %) BRIk 0. 3241
5 W2 1-4 Mixup LIgN 0.3026
Fr%% 1-4 RIR EINN 0. 2693
AR bR 3 5
7 2R 0.3161
3 0 Rk
8 | FRZL 1-4 AR I rank=32 0. 3050
- k=32
9 | KRs 14 EEA S ran 0. 3269
lr=5e-5

SRR, SR Mixup A RIR 45 5 2% 35 4 1
SRR A, BEALTEREATE BB, il NI Ty
IRATRE TP 1 DRSS I Pl 5 1) O% SR S AL RS ALE (A
UEAEARAE S HIEAEH . T, ] B 1 3
AR NS HA A B ROR AR

3.3 BESTIHR

TEMASARA B B0 E , 3 — 25 20T 55
TN INERAS B B IE i bR S i 7 5K
R TAES — (=025 o BARMOE =% A IR
2K G0 — WL 9 IRRIAR 2, S E KU RE A bR 25 AR
FEAAR, SEEGEE I IR, IR S5 F1 BN 0. 6846
PEFH] 0. 718, FEFIRE N 4. 9% X —IREH,
YIRE B 3 AT 45 B0 % 1A B T 32 FH Rk B 43 26
F 45 1R 1 A

BRA IR SR WA 1 AT S5 M S ST AR E
VR Rt skIGGE R EIR, "ARAE 1-4 Bl —
By 7 SRS AEAE 55 AR 55 — 12 P UG T Rl
RO, VLT 180 7 1 e 8 A R AR I A
e, SRTHE A iz AL fE

3.5 VIZRRAEXTLE

N T ATV AN R 5 56 0 1 R0R, FeAiTk
— XTI T LoRA 1R 5 2S5 2 M RE . 5K
045 MK B, LoRA UMAE 3 A epoch B XS T &
R (fF4% = F1 }y0.3461, F%—1T# F1L A
0.7238) . A HINGAIT 2 Il Ee IR T8
PERE T %, Ui S O SR 1z 4k
Ae 71, &R GRES R S B0 58 A Bl T AR A

FEfttb. (F4 .
4 YNGR g X LS I 4 R
o 14— | £%5—
1D Y 25 3R W& Epochs rl R FL
13 | LoRA 1M 0.3461 | 0.7238
16 | LoRA {3 4 0.2575 | 0.4890
17| &SHA 4 0.2106 | 0.4326

3.6 SRRBEREML

FESE AR RIRAL J5 . N T ISR A T, 3K
AT — DR R TR AR R HEPLARAL AN O bR 25 3R
WSS RN ITE (R 5D .
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5 RIS AR

| E%—
w | Wt | men | A | e
F1
. PELEE
£
18 | LR, (13, 14, 15) 0.3389 | 0.7178
19 | HEFAL AL Tempifi;ure: 0.3452 | 0.7245
W F APT i /E
APT+ AT | 100 & 4525 1-4
20 | M e 0.3782 | 0. 7245
B 1% M ERES, A
LTH#%

SERE IR, APT Dy bR 4 & N Lo A% 10 5 k4
PIANMESS LRI IR T AR S TR R R
IR R e AR AR o AL AL AT AR Y £

PR T s R T, (HPCRS I T Dy br 2075 .

3.7 LRGERRY

W RGN LSRR IR R, BRAVH 2 T4
X CCAC 2025 H 3 2 1545 WUl T B4F 45 1) e AR 4
RITH. SEWIGAE T TS IER % IR ER,
E B T B HOHE T AT SR WS A T A A Y
A, FHHHIL T LoRA fUR fE MR EF ST 45 M e
77 TH B B

SE 56 f 0L B 8 R AT 55 — )N SR A Y+ 2%
WLSERS, BCA 7 hRES 1-4 &6 —0 7 1 Bl
Hemg, I R ARSEY TS E, LoRA IiE

BN rank=32, 1r=5e-5, %k 3 4> epoch, 153
BEMERE . IR R A IR T AHE LR

T Qwen2-Audio MIHLARTT E A M, NH X%
A8 285 K T SR AT B 5 K S 6 S £ A I
PSS

4 ERSHEITR

WS AT 55 3L R 2 ST A U £ EARBLAE LT
JUANTTH: (1) 55 — BRI 22 3] X 70 AN [F] X
RSB ABARRAL, 8 TRERR: (2) A7
KbrZfft y EFE R EES, AUTEAE
HEARKTE LR (3) 20REFAAIENMK
HOR, BENER IR AR E A, AT IR T
ZALRETT

fiy B K Al 52 ) SR D0 A2 2% 5 G ok 1) iR A
ARERAE: (1) RS AR AT PRI, B A %L
EHIEIAEAR BRI N EE; (2) R E MY
53R FT e S R RS TN BT R 00 < B B A RRALE s (3)

Hdia 52 1 GE W ELIE SRR 2R 9 AN -7 1) AL
R K R A BE T

FETI A

5 4kig

A SCEF X CCAC 2025 FR 3 22 458 25 AU 11 5217
MRS, T3 T Qwen2-Audio BB 4R 7
R, RELWERRKRY, BELSTIRFIAREBAH
R TR R B fE, kL AR S5 22 I Bh T
FHRLFEEAT 25 AL Ak s 7 B8 1) Bl P g SR s L T 2
e AN 58 J5 8 LoRA SO 7E SR EFITE R 68 J 5 THI

RIRLF o ARBIFCAT LU TS (1) B
T RGPS B RE D AR 2R (2) AL

W SRR, - THRE R SO e IR (0 B A fE
715 (3) JFARERE MBI AR AL SR UV (4)
SEILAS R AL I LM, 5 TR R X AN [R] 1 X
T FR I L

SE Rk
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CLoA [ RHA B SEORBE T, dE5TTT 100190)

FEE Ao F LS B AR HAE 4, TR T — A A T HABH R AL R R0 A RBHF k. H 4,
AT D HABIE 3%, REASHE 3R L AR A0 M RGE UAAE, AR S AL 0 B A AR A . JLOR, BRA LA 9T,
IR 5 AL HABHIE, ARGHARIERRMAL, RB6, BAERSATHIEE, ARSI GKE, &Y E
— BB E, FRRNAEANTORIBE, S RIEN, AT HIEWH B A E R B ER I F kR
% Lt macro F1 4547/ T RAFAI K R .

EERI: ARG SHLA SRR BAE K

T ES KT TP391 SCERFRIRES: A

Multimodal Sarcasm Calculation for Chinese Content via Data Augmentation
and Model Ensemble

XU Hui', YANG Qixu', SHEN Wutao!, ZHANG Jin'
(1. Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China)

Abstract : Aiming to enhance sarcasm detection in Chinese multimodal sarcasm calculation tasks, this paper proposed a
method combining data augmentation and model ensemble. The method employed chain-of-thought-based data augmentation
to enrich textual emotional and semantic features, which enhanced model generalization. Multimodal representations from text,
audio, and video streams were fused through cross-modal attention mechanisms. An ensemble of downstream models combined
complementary predictions while mitigating individual biases. Evaluation on the official benchmark dataset showed that the
method achieved competitive performance in macro F1 score.

Key words: sarcasm sentiment analysis; multimodal; data augmentation; model ensemble
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WHIE N — R EF IR, TTizBilT &

HE R SCEBME R R H e e iRz AR A S 2 A R T AR 55 R ER & 2>
WEAETREWEE R IEM A F 15, MRt W SIRERSG SOAR . SRS 2 A (S
Ve WSRO S R R S IKIEANFIRIR &, LSBT IR 2 1 75 2R 4 T AR ARG #E IR
B, ATt — 2B iy N2 R, 5l o
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AR S AR TR AR S, AT S R A
THES

(D Z RV, xF 48 € 1) 2 S H0E,
AW LA A BAT RO R, TR — A A PR
FE PRI 1 5 AT 55

(2 ZhE P 1) 2 A2 KR R0 R A, %2R0
VAR 0 it b e LA i 0 ORI S, AT AL
N—NZRREF.

1 ESHELE

1.1 BIEER

ERZW RIS G, RATMERHE 4
8 WIS A 4 8 345 HIINAKE A 17 75 A0 45
JFr BORIA R R S E R A dws N 4 8 606 (1)
A AR A7 AE AR P B U6 I 18] KT 25 ARIN T8 (1)
I 78

T IR AR B e vk BB, N IE R $R R
PRAI 5] 5 AUREAE A8 I N R DA A6 B 1)
PRSI B 77 20, 29 K R A [l R S 1 S 4 )
8] A2 #E  00:38:09,000 5 01:09:32,895.
1.2 HERLTE
1.2.1 SCAHHE T s 3

IGHAR LS A EAR LAY, 53R
AR HIFRIE B UG N . SCAR NS IR H b o
FRATIN IR H A A2 PR R 3 (1 S B 3. FH 32 5% o
TCESEATIR AT, SR B1E N 5 SCAR W B
K.

2 25§ 7 1l (prompt) 27 2] Ui A\ T8 1125 48
N IR, BAITETUHIEANSCANFWE T
W% 1 Fros B3R 7~ AR .

®1ETREASNAARNRT AWER

LIEN TR

speaker:
Piih A
sentence:

SR

[SPK]{speaker}[TEXT]{sentence}

AR BT N5 U N RS NIRRT U
BARAE NG SR B SCA KN, [SPK]H [TEXT]
RSN R T S5 AR B (1) 43 1] 8% (tokenizer) 1] i 1]
Fekbrd, HTHRE S SN A 4 iR 3CARK
B
1.2.2 HLARES 0 AL 2

TRATTHL 52 2 S 5 5 s 4R &4
ARE B BRI B FEAN ] 5E o BT A0 s 4 2
15 1) P8 1% 4H.(Group of pictures, GOP)45 4y, 1EAKHE
L AR /25 A MU B A BN, A7 A R U6 ol g it
Mt (P il B i) iy ik 25 T — S HR it (1 Mot) S B
rhOCE IR B D B R R, A A S EEMAE B R
%o

oo BIR IR R, FRATTSR P U AR A Ak B T
H FFmpeg 40 EL 45 H () 45— ot 35 5 3 S 5
BT, DAORIE Fr B mit i i U1 43 S AT RE 3G K
HARBEMEAEER.

FRA R B Hp 25 it ) PEG NASE F 36 2 BT 7= 1)
5% 7= W 2% (Residual Network, ResNet) ] £ it 2 %
HEAT AL B

R 2 BREMEZEGHLESH

S 4 ZHA
Iy R 224x224
4 R 8 [0.485, 0.456, 0.406]
T fE 72 [0.229, 0.224, 0.225]

|

FFAEHUR
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7 AT
ResNet50 = ConviD H
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/
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2 EFEHAR

PATTXS 3L A AS PRI T F SAT 55 IR R A 15 0
FEZL @ Y &l 1 Fros .

B TAT 45 AT AN 2 AR AT 55— 1 S At xef
WHNE A HEAT 0~5 ISR 4325, WFRAT e
SIRGEREE —MES G, Rz B —A
1E55 o ABLE I ZRABE TN ) W7 ST AR A2 75 2 KU (1) 2%
R, B RLE G AIE SR b g 25 UE R Ol A
70%~80%, RUKIEATESS—MER, 2/H 20%01
BAELEAESS 2 h RARTEB B IEW 5. Bk
TR AT 55 88— N5 e 18 A) A 5 40 A
B, BT RS R PRURILE Y I -EA 2 R FINAT 45

R4 Wit 5 RV RIS E IR, A
TINS5 B TR RN B R B e, IR B J5 AR 4R T A5 14
Lo G AT S5 A (3 BRI RR 25 (1 75 28 b5
BEH A, ERAT S — B AR
2.1 ETRERAXERIFEE R

FAZH T 17 T2 A 1 JE 4 4% (Chain-of-
Thought, CoT) /5 7%, f# T 7l (Qwen) & 71| KiE
SHAIBIR B BB R Qwen2.5-32b ¥ T &
2 TR (3 IR P 8 FE AR 1) SCA ) R AT 5
1 5

“E AR SR SRR ST . ok, R E
FIkT A S A Rk, REE, il R R
TRFIT ARG RRIEERR, ART LA A 2E A 6fh, 70l
2 DY, DRiBl, DRAScaEl . DSl
[£KRY, (] o B DB, 55 88T S
FREIP&EERITE: [AGE] R ESHTEEREY
BALFEEEEE:  DRACE] . ARSI RA S
FESP B METIRAD P, [ERRE ] . 15 ERRIE SE
HEPERITI; (SR, BRSO A ES
AP, Dheisl ] . 35S RiEa) 5] S S F A 5 b
LB AR 5 R PFit. filhn, SO “aHgnahgs, i
WAKESE. 7 IREIRREN: CRHImARKEFE
EREA T "Lbbiy (W] ; AAME. HMEf—
#o "HTRME DRGEY o SCR™METE S E e i 2 §i
AR EAER. "Ry DRRISCE] s SRR
RERBER T OB HRGH 5207 .
ATLLBR Ay DRk Y o SR ETAT G5 M 1 OB AS
FARIER . "W ELby [ER] o JCARTR=ENN, Al R
i, B RALE R IS, R B RSB REE?

BN DR ALY o ARTE BRI IE SO B T
AlRE, (AAERLARAARSCRT R . b
EREES/EI00FE . JOARMRE: »

B 2 ET B RTRERRERP

MR P oy KA R VAR IR 1 AE 55 (1 SE LIRS »
BV Sl 07 SCAS R 5 A R A R, O LA IR
BRI SCA G 73 R4 s 7E L BE Aty F 3 o 25451 P 40
FERE 5 I R S 1A 3L, I T A R 8 S 1) B 1
HEHAKYE .

Bl 3 R T ASANREAR (¥ S0 A 2 i),
TR AR R AR P A R A B 9 SCAR ) U
.

A
[sm, mkmun. wammm. |

; Qwen2.5

_’5:'\ C‘wzmrm

R
BEDR, ATEREE, Maipeim. ZBOUCRER 7
LRI, EEERLAR “ATERERT A “Hish
HIPLER " AR A A ARV 5 2O R
SRR, A IR AIRIERID Ak, BAEMTEK
FIBESRIE R A RTER, Wom OB REUT A& 4
O IR . (K, ST 1l R i ok
PeIBSE b m T B R A

B 3 T JE YR HE R SCAHIE I R A

TR T AR RAR R R I SO BT AN %5
TRMbREE, LA ORI 2R 8 5 DA SE R A i T
B IX B ARG R KA R S R A S T ) 4
R, HAERER T “BEZRESE” WL,
P 1 ORAR T i)k B AR U S 2k B AR B4t
— 1%

WG R R, JRATIRTS T
FERUHG 98 )5 SCA, ATE 2 1 R 5 Bla S 0 5t
B Bz A BE T H) H
2.2 FHERE
2.2.1 HEHRESR I

AR R AE OB &R AAE S B0 B Tl
S RSB @A Wav2Vec2 B4 K Python
[¥) Libsora X} ¥ 450F B 52 I & AHURFAIE I SR HL

Forr, Wav2Vec2 M JEH ¥ S50 Hh S AL &
BEEERGN. EREAL TEREESE LT UK
FIENR JZ 8 & LR, FE0 B — MR il — A 1024 4
[FRFAE R & 170 Libsora JE U A AT A B 32 B
N R AIE 1) M R AR 31 3 R E(MFCC) 5 &
(Pitch),

XFERAREAR BT Bra, HORFEERIH
KA 16Khz J5, Wav2Vec2 #& B H& B a0 =X (1) Fr s
(R 2 & SRS 1R @y, Libsora i $ HUMS R % 45 1
AL Qe T T R AL Qpieen, IR 3 013K
W EA G BH R AN ayp -

ay = wav2vec2(a) (D)

Amfec — Amfec Apitch — Apitch ) (2)
std(amfcc) std(ap,-tch)
2.2.2 PLAURFAE SR AL

TER BB AT R 5 ERe fa, AR
I ZRIRT5% 22 X 2% H 1) ResNet50 A5 28 IR Fr Bt

ajip = concat <[



FH AR % BT PR SR B 2048 4 AL BE 15 SUHRFAE
XfEARER LA By, B DL RS SR A
10 Mt 18 45T 5 0] 25 ot 5 i3k 4T T Ad BE 5 e A2 L
I A3 2| Frs AL B ik o
vy = resnet50(v) (3)

2.2.3 ARG
FATTR H TI 2535 5 #5284 ERNIE(Enhanced
Representation through kNowledge IntEgration)®
X RN SO B ym B AT gm b, FLAE BERT 24 b
I T SEARGHERD 5 RN IR G 58, Ym bl R AT .
X A S ) i 7 STASH s £ AT 70 1] 4% g B O
A E FE HERD 5, B ERNIE #7855 (B Z RS
B AE Dy 768 HERFHR AN IR Ty, W (4) Fros o
T; = ernie(t) (4)

2.2.4 A AL

T BROSCARRFAESN, P AS BIALAI 5 & S5UR Ak
Y EANTYERE, BSOS — =M W E I 4ESE,
MV T AR 45 R E 1 35 it Ak B 7 A
PRI . AR T35t Ak, IS A5 e B 4
) ik %% AN IS 8] SRR AE O BB e — 44, Witk
NEBETTERIRATRA .

EAVEH ConvlD 5N %L ReLU, Xfay
a4 AT — 4E RS B 768 4EIIR
JZ T IR L Aup 505 8 5 R AE Awyp s K3t AT
—YEHERTH] 768 4 ISR IL Vi
2.3 SiNCARIER

% L& BRAIAE Ny — P2k, H 3 B A
HWH R SCRE R, RS B S B 25
B AE R, BRI 3RATTN R A SCAE B ek
SPRAES AT TS =K.

AT E Al T SCA & B 2 W 2% (Text
Convolutional Neural Network, TextCNN). {EN%&
R P SCAR - AR S BN, HAH 2
AR RN BURZ SR IR BCA) 1 1 S8 S R
T 5 B b Al 412 35 ) v 1 = i AH SR

FEREAT B T YR I SCAR B R G o 5, kAN
KT RO TN ZR1E 5 R 70, X SO g i
Hfl ) ERNIE B 78 1 9 5 1) SCAS B4l 46
AT, DASR TR AR YRR SCAR 7 SR IX — K E
5% Bz AR
2.4 BETFZEEHFITENFINSESER

Tl 5 51

[REEZIE]

1
i Q K v Q K v

S S S t /
ST E R R L1 .

(©000] (0000] (0000

MU Fvip

LA R,

(©000) (0000

5 T R Auy,

It 1 A

B 4 ETRERAMELSH KR RAELRE

ARSI R b, e EEAR G 2 B HA
RIBE 4 Pl (0 5 58 SO s 3T i AL i) 22
BEASHY o AT B o R IR 2 5 ) 2 Au, MA% ¢
B A) B Ay, TR G R JZ 58— &2 768 4
HrE A AR R ER N ESRNE, U
WS SRS MR, Bl T-V ZXERNE
N, SCAS TR RN [ BT A 9 5 (Query, Q) 3L
AN PLBURRAE 1) B Vi B (Key, K) 5 0B
(Value, V)IHI N, =F &0 MM EHRH1F5Q,
K, 5V, FEIINEW it E oG xR,
Hrhd WK YR, Jd NG UR F, Q5 Koyiit
SERRAHALRE 76 4 T30 30 1o S 4 e KA 32 R 3
(Softmax)f3 2| B .

KT

W oy = softmax (M> (5)
V@

CAroy = WryVy (6)

R ZOE I NG SRS SO Rl & T HLSE B
IRFAE 7 51 C Ay W (6) FT 7R o
BP0 AS A SO T )E T R AE A
CA7 .y 5 CAp L ) FUSCA TR RN [ BT (S AR 9T
EHLRZE RN TTENSZ 0 (7)) PrRPiE
=MNE, AN EHR S Sigmoid UK R
BRI Eg.
g = f(linear(concat([T, CAy—y, CAr—4])) (7)
0y =gTs+ (1 - g)(ayCAroy + a4,CAr-y) (8)
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SAPIME 0.5 BIRT 5 =) AL AIA 5 0] 5 5] &



BB, DASCAR R B TAE N EAA T 12 EH g,
CAT-»VL?CAT-.A)H\U EEC{VL?CZA?ﬁ%IH:REEQEB 1-g,
R 20 g B 22 1T HE L A 3 2 fl & SO S
A LRI RHE o

B2, LMoy 5 At R 0 g W B3 251
oo 25 S 7] &
2.5 B

TEE AT S I B, AR T gl SeA
BRI Z AR AE Z PR, JF il S 500 5
MR, A5 T R — R A F S HRA .

NiE— SR BRI Z R 2 Rn %
B, FEFAEFRTREGR, RINSFET
IR B, A AR AE RO TV, B E
AN RE AR, A R R R AR Ry E AR A
() A 22 I 0, AT 2 THEE AR R M

PATZ R T =R IR AT R AL A

(1) B ZE 3% (Soft Voting), 1 F &4 R %} 4%
FEAM HE — A “ BB TR 7o R TR FEA
AT TN &5 B Gt a5 I R 2 1) 269
VENZAE A I B 2 N 45 2R

(2) # ¥ (Hard Voting), 3 FH 515 54 %t
B FEAR Gt — AN F At d K AL 38 oR i SR
Mo X TREMFEA, KA BRI ME AR 45 R A%k
AT, BRAEERT IR E B R M ZEE N
TZFEAS IR TR 25

(3) W REBEEEE, N TR, LI&
AR (1 0 5 SR e s R 3 s B IR 2, AR
S5 M A AR e i 456 DROME 238 06 82 11 28 AR Dy e
2

TA TS ML SR HE A, FHE
ISR SR EAK S FH =R vt A7 20 ey Fioml, - B
PERMAE SR

3 HH<sCIE

3.1 HEENTSSHEE
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Evaluation Scheme for Chinese Multimodal Sarcasm Recognitionglish

Hu Shaotao!, Chen Guanxiong!, Zhang Yi!

(1.College of Computer Science and Technology, Xinjiang University ,Urumgqi, Xinjiang Uygur Autonomous Region

830046, China )

Abstract :This report presents the team's entry scheme for the CCAC2025 Chinese Multimodal Sarcasm Recognition track.

For the task of recognizing satire through the fusion of Chinese text, audio, and vision, we propose a model architecture based

on dynamic cross-modal alignment and weighted late fusion. Modal features are extracted using BERT-base-chinese,

WavLM-base, and Dino-vitb16 with improved GCG. Combined with the weighted late fusion strategy, the model finally

achieved a score on the test set and ranked fourth, verifying the effectiveness of the scheme.

Key words:Chinese Multimodal Sarcasm Recognition; Multimodal;
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e SE 1 =AY
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(1M RIET AL K2 HH8Eds, BT M/RIE BB 150001)

WE: ZAAN P L SEBEERRTEES, BB T SRS AE L Transformer k4 U] 897
RIR A 7 ko #EZR AT RoBERTa 5 HUBERT, S AI#BM L AL FHi4sie, ZAoBREILEzE N 52858
EEANE, FASEESE LGRS SR ER, RABLAFHAEL., FHALTHE LT AR 6 3Z
fRRE /1o Loh, SINZHESIFEF D 5 S MRMARE, FFARENE X5 Ladak, AT (iF X
20 AAMEY P L SRERANMIBEGFRIELEREN, IRTEAET HT LR TRF0.5107 985, #HE
$E, BIET H A B A AR AE S P e Rt

RRIF: WAt H; SHERS; WIGHEA

THES X5 TP391 HERFRIAEG: A

Chinese Multimodal Sarcasm Computing Based on Pretrained Models and
Transformer Fusion Mechanism

Abstract : This study proposes a sarcasm recognition method for Chinese multimodal sarcasm computing,
which integrates pretrained models with a Transformer-based fusion mechanism. The framework leverages
RoBERTa and HuBERT to extract text and audio features, respectively. A cross-modal attention mechanism
combined with unimodal self-attention enables collaborative fusion and independent modeling of multimodal
information, enhancing the model's ability to capture sarcasm semantics, prosodic variations, and contextual
dependencies. Furthermore, a multi-task joint learning strategy with multi-loss optimization is introduced to
improve the performance of both sarcasm detection and type classification. Experimental results on a Chinese
multimodal sarcasm dataset constructed from the "Roast" talk show demonstrate that the proposed method
achieved an overall competition score of 0.5107, ranking fifth, which verifies its effectiveness in multimodal
sarcasm recognition tasks.

Key words: Sarcasm Computing; Multimodal Fusion; Pretrained Models
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Hierarchical Multi-Perspective Fusion for Chinese Multimodal

Sarcasm Detection

Hao Guo', Zhifa Geng!, Subin Huang'

(1. School of Computer and Information, wuhu, anhui 24100, China)

Abstract : Sarcasm detection is a challenging task in natural language understanding, especially in the context of
Chinese, where the complexity of linguistic expressions and the variability of prosody make sarcasm difficult to identify. To
address this, we propose a hierarchical multi-perspective fusion method for Chinese multimodal sarcasm detection,
which integrates both textual and audio modalities. Our model first utilizes pre-trained RoBERTa and HuBERT models to
extract unimodal features from text and audio respectively. Then, a cross-modal encoding module (CME) is applied to capture
deep semantic interactions between modalities. The original features and the fused features are concatenated and passed
through Transformer encoders to model multi-perspective representations. Finally, a hierarchical fusion network is used to
perform sarcasm classification. Experiments on a Chinese multimodal sarcasm dataset demonstrate that our method
outperforms several strong unimodal and multimodal baselines across multiple evaluation metrics, validating the
effectiveness of the proposed hierarchical multi-perspective fusion strategy.

Key words: Multimodal Sarcasm Detection; Multi-Perspective Fusion; Cross—Modal Interaction
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®  HIUN UM R T
Audio,; = CrossAttn(Audio,Lang)
222 HER S
TEEREARA G, 2RI 0HE 5 S TS AN
FE VR R AR, R R AR A R RO G &R
Langes = SelfAttn(Lang,)
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Algorithm 1 —EHEIMTHE

Require: [E|EXfp; = (subjecty, object1), pa = (subjects, objects)
Require: SEEAERUE BB enriy . FTHEILE BI{EO 00
Ensure: 7i/R{HindicatingFH U4
siMgypject < CalcloU(subjecty, subjects)
simopject < CalcloU(objecty, objects)
if Opir < 1.0 then
return  min(simsypject, SiMobject) = Opair {TEHR/IMELIE}
else
return S’Lmsubject;‘slmobject > epm.r {1Eﬁﬁilzi/37f°ﬁfu}_§‘}
end if




Algorithm 2 IR EEMETE
Require: £ MEBFITRMLERM = {My, Mo, ..., My}, HAM; 6 EER T A AR
XA
Require: FHLLE BIEO, . E%%ﬁiﬁ@”ﬁﬂﬁml
Ensure: 855 ARG EN EEPrina
. PR WERFTEME— | E X
L Pan — U, M, {&FEFTEBELT}
: U, C <+ FindUniquePairs(Pyy, Osim) {EBEHGIHHIR}

1
2
3
4:
5: 55%2: l"‘ﬁiﬁg
6
7
8
9

: for j =1 to |U| do
support[j] «+ 0
for =1 to k do
if Ip € M; such that IsSimilar(p,U[j], Osim) then

10: support[j| + support[j] + 1
11: end if

12:  end for

13: end for

14:

15 B3 R B E

16: for j =1 to || do

17: similaritysym < 0, count < 0
18:  forl=1to U], #j do

19: siMgupject < CalcloU(U[j].subject,U[l].subject)

20: simopject < CalcloU(U[j].0bject,U[l].object)

21: similaritysym < similaritysum + Szm“l’j“t; SMobject
22: count < count + 1

23:  end for

24:  consistency[j] + % if count > 0 else 0
25: end for
26:

2. R4 WRELEEH/S

28: for j =1 to [U| do

29:  scorelj| « support[j] + 0.5 X consistencyl[j]
30: end for

31:

32: HPR5: MRUE B 7 sk

33: Pfinal <~ {Z/{[j] : SCOT‘@[j] > afinal}

34: return Pyipg

3 SCHRMHTY

£ %5 — R HQwen2.5-14B-Instruct F ) & B & & | £ 5 = % HQwen2.5-14B-
Instruct ~ GLM-4-9B-0414 - GLM-4-32B-0414 1E 2 % & & & | £ $5 = X FHGLM-4-32B-
0414~ InternLM3-8b « Qwen3-32B + Gemma3-27b-it {EHE KA . FEFms-swift(Zhao et al.,
2024)# TTLoRATIJE , global batch size 716, Ir’Ajle-4, rank /128, alpha}256. Il %% 58 ik
G, HET 2.5 NMBREFHITEMR

4 KREEER

RIURR T ZEFH MRS — LS “MERER T - 45RERM, ZEFZIIES —HE
KA, X THES WE—ERIT, IS TR RS ARl AR A B FER -



PRGE:]

R

53

Ny

55—

—

=

15

o~

NG
i

Pl

Avg

£S5 —

BAESS

15

0.0000 0.8211

0.8893 0.2500 0.7231

0.5000 0.5634 0.5217
0.4516 0.8078 0.8938 0.3333 0.7500 0.4000 0.6216 0.4348

0.5336
5866

0.6885
0.7073

Table 1: ZAE55% > WMESS—FIES ZAOTERERNA

TR

R

i

AN

—=

=

2

7~

MIZ
oy

Tt

Avg

HAESS

AT

fERE

0.0000
0.1333
0.0000

0.8211
0.8208
0.8276

0.8893
0.8865
0.8913

0.2500
0.5000
0.5556

0.7231
0.7234
0.6988

0.5000
0.5641
0.6512

0.5634
0.4211
0.6014

0.5217
0.5833
0.6522

0.5336
0.5791
0.6097

EARNZ

AT

R

0.4516
0.1840
0.3704

0.8078
0.8089
0.8082

0.8938
0.8403
0.8908

0.3333
0.5000
0.4615

0.7500
0.6301
0.7230

0.4000
0.4583
0.4225

0.6216
0.5128
0.5957

0.4348
0.5417
0.4314

0.5866
0.5595
0.5879

Table 2: ANFFIPRED0ETT RIS BALFZ NG L LSRRI LSS — L RPERER R

F2RIR T ARIINRZEIGH J7 205 BAL SR 2 AL S Y SR AU AL S5 — E I RERZ M - W
WL EE R AR ZI: 1. B DIREN I — B R SRR L, 2. BOHIRSE
JE 2RSS —AEEHED, ERaERIER -

F3E R T EIRH RN B GRS — Bt RE R - WERSCIGAE R LIA R, WiRE—
e RS — EIgR, WISBIRSE — M BRI R ZRIRR , TR A 2S5 ZR 1% RE
— BRIt

FRAEITR T R BIECEXT T ZAES NGB RIEALSS — B ROERER M « FATE %70 shoti R E T
HIT TR, BREH2-shot TEMREE, LEZRFITRESEER 2B FILERSSE
SR T2 shot % & -

F5EIR T2 shoti B N 2AE552%>] « WS DG A I Bl 2R SRS 20 A AR S5 — BITE e
M o SEASEE SRR, BINBMCRE AR E— TR tERE R IR, (B G KIS FR L AR
TF . BARUL, PREDGH RIS S HISSEPRE R ANUR, WM E L ESESINER,; ERES
SEOTHMEOUS, BRSO IEE N AR AR T, MAEZ 52 IE O S IIM i - 2R T
FLERRT R, FRATRIX LI G R I — PR R, B ARR B TAEREE 232

F6REIR T2 shot MEIEIE 58X & F EmotionPrompt 5 AN B PR % 0 SRHG 2H & X AR 55—tk
BEFN o« MSEEGLE AT DIIER S|, EmotionPrompt 52 Bt AF R I 2R -

RTER T RS T NRAES UEE MR B ERE -

5 BE5RE

AR EVEA N T BATECCAC2025 LFE WU FRE TEOR % - @i 255225 - BdE
W5g . ERICES] S SRR MR T B AR LA &, BATERERTE TR PO AR 2
DITESS LRIMERE - LI REF, BALZIMT —RIVEBHIG, FralR A E-mikERSHE
RIA R EARNE, ERE PR SER -

27 ik

Cheng Li, Jindong Wang, Yixuan Zhang, Kaijie Zhu, Wenxin Hou, Jianxun Lian, Fang Luo, Qiang Yang,
and Xing Xie. 2023. Large language models understand and can be enhanced by emotional stimuli.
arXw preprint arXiw:2307.11760.

Multi-Linguality Multi-Functionality Multi-Granularity. 2024. M3-embedding: Multi-linguality, multi-
functionality, multi-granularity text embeddings through self-knowledge distillation.

Yuze Zhao, Jintao Huang, Jinghan Hu, Xingjun Wang, Yunlin Mao, Daoze Zhang, Zeyinzi Jiang, Zhikai
Wu, Baole Ai, Ang Wang, Wenmeng Zhou, and Yingda Chen. 2024. Swift:a scalable lightweight
infrastructure for fine-tuning.



——

TIFE K IF ® = H = T Avg
JRUGE T 0.0000 0.8211 0.8893 0.2500 0.7231 0.5000 0.5634 0.5217 0.5336
HEEE 0.2857 0.8146 0.8796 0.3636 0.6552 0.4706 0.5789 0.6207 0.5836
BT B+ 8455 | 0.0000 0.8178 0.8811 0.3333 0.7077 0.5000 0.5075 0.5714 0.5399
W B+ 2455 | 0.2759  0.8305 0.8975 0.5714 0.7206 0.5161 0.5882 0.4762 0.6096
Table 3: E(IEIG5EFPA N B I GRAAE S5 — FIIE RERZ I
TiEE Ik iF 5 = =l = T Avg
0 shot | 0.4516 0.8078 0.8938 0.3333 0.7500 0.4000 0.6216 0.4348 0.5866
JRIAEE 2 shot | 0.5000 0.8101 0.8953 0.4444 0.6906 0.4828 0.6571 0.5833 0.6330
3 shot | 0.4545 0.8100 0.8940 0.2500 0.6897 0.4828 0.6000 0.5385 0.5899
B 0 shot | 0.2759 0.8305 0.8975 0.5714 0.7206 0.5161 0.5882 0.4762 0.6096
TP 9 shot | 0.6000 0.8030 0.8980 0.4444 0.7092 0.4516 0.6316 0.6087 0.6433
Table 4: /REIEEXT T ZAES NG E(LS— L RVERER M
TE%E K 58 A% = H = 1 Avg
T 0.4000 0.8364 0.8959 0.3333 0.7552 0.6364 0.6389 0.6667 0.6454
e (145 P BE+1AE | 0.3636  0.8449 0.9027 0.3333 0.7536 0.6364 0.5641 0.6667 0.6332
R 0.3750 0.8289 0.8881 0.5000 0.7442 0.4706 0.6571 0.5806 0.6306
PN B +fEFE | 0.4545  0.8305 0.8883 0.3333 0.7123 0.4706 0.5352 0.5333 0.5948
g 0.2667 0.8214 0.8799 0.4000 0.6829 0.6364 0.5591 0.5455 0.5990
L% PR BE+IAE | 0.3529  0.8267 0.8985 0.2500 0.7194 0.5000 0.6133 0.6154 0.5970
R 0.2500 0.8321 0.8959 0.4444 0.7133 0.5000 0.5672 0.6452 0.6060
R B +EFE | 0.3846  0.8111 0.8921 0.4444 0.7183 0.5714 0.6479 0.5926 0.6328

Table 5: 2 shotiZ & N ZAE55%>]  FE7RHESRAMM B i)IIZR M A0 2H & XRS5 — HITERERA

TGS

R

uf

Ny

==

=

"

7~

T

TN

T

Avg

EP

- | 0.3636
0.3750

0.8018
0.8195

0.8819
0.8829

0.4000
0.5000

0.7188
0.7068

0.6316
0.6667

0.5352
0.5750

0.5000
0.5333

0.6041
0.6324

Gk

EP

0.5385
0.3429

0.8241
0.7915

0.8866
0.8734

0.3077
0.3077

0.7188
0.7097

0.5714
0.5455

0.5135
0.6053

0.4800
0.5000

0.6051
0.5845

R

EP

0.3704
0.2927

0.8413
0.8077

0.9012
0.8785

0.4000
0.4615

0.6829
0.7244

0.6667
0.5455

0.5882
0.5753

0.5517
0.4375

0.6253
0.5904

Table 6: 2 shotF1&E #4558 % & N EmotionPrompt5 A~ [F] & 7= #4580 24H & WAL 55 — I Pk

M, EPLE I AEmotionPrompt

£%— (Avg) E%— (F1) EF= (Acc)
ISUFEE 0.6956 0.7396 0.9980
N FERES 0.5731 0.7186 0.9935

Table 7: S uESEAIMIAE L HIAIERE

P
Ae s



CCAC2025-Task5 Fi AR & : EEMANELLRIAIFEFTHET
XA EE

wAR XNEE MK BA#EAE EREC

Emt B TR LA BE . JE AT 100081)

WE: 7 LA T KAV CCAC2025  tmks A bk 4ik 6 1 4 4 A7 3 M BT K A 89 77 ik o & A11i£ A Qwen—14B—chat X i%
TGN A EEA, BT ETXMA (In-Context Fine-Tuning) ik, ZAFBLE LTI FINERMET —
ANB A& ) i dE B A prompt AR AR, JHZEA LoRA MR R, SEAL T ARAIST AW i ) P S a9 iF 4 £ A, b g o
AARF AR EG R, S ME TR EAGRREIATELFOER . RARMNG T ELEES 189 Macro-F1 55 A
0.5516. 45 % 2 49 F1 4 0. 6667, 4 3 a9 /EHEH 0.9895, KB THRALBY R, LT &M T A Em@mb
LB g TR — 15 EAR — R e Ak

EEHA KETHA; ETXFI; 4R

CCAC2025-TaskS Technical Report: In-Context Fine-Tuning for
Fine-Grained Simile Emotion Analysis

Xingchen Zhang, Yicheng Liu, Cheng Yang, Youchao Zhou, Shumin Shi*

(School of Computer Science and Technology, Beijing Institute of Technology, Beijing 100081, China)

Abstract : This paper presents our approach to the fine-grained simile emotion analysis task in CCAC2025.
We employed the Qwen-14B-chat large language model as the backbone and proposed an In-Context
Fine-Tuning method. This approach integrates contextual learning principles to construct a dynamic
example pool for prompt template optimization and combines LoRA fine-tuning technology. The method
adaptively addresses three subtasks: identifying emotional categories in similes, extracting ontological and
metaphorical pairs, and determining the metaphorical basis from contextual information. Our approach
achieved promising results: a Macro-F1 score of 0.5516 for Task 1, an F1 score of 0.6667

for Task 2, and an accuracy of 0.9895 for Task 3, demonstrating its effectiveness in addressing the
complexities of fine-grained simile emotion analysis.

Key words: Large Language Models; In—Context Learning; Instruction Tuning

*HBE/EHE: bjssm@bit.edu.cn



FERUAE A DO i Wi &, FEAS
P SONFIY) =2 am 325 8 . A O HLIAE
TEB A (R E4 Sk (HilZ k)
Z (A R R AR AU e e CRP YRS ), 38 e 3 b S Bk
LY G LRSS E E R . £ CFAE.
FEAS AR AL R SRS BR N 5t SRR )
TG RIB R, A A, XL
SEPR B SCARE X S51E %G Bz 7k
fik o

ARUGF IS X 1ZAE 55 AR E T B XA
(In-Context Fine-Tuning) f777%, BAH RA%
TOREER bR s 2 L2 5k, ik R H I 2k
LB RHME B R HL,  RAESEAfAEB Bha
()32 3 AH AL 7 491 FH SR A4 2 prompt, PAfE -1k K
T 7R T G A A B A A g A D) ) Bl A1 R
o FRATIREEEMNARBILERHT
LoRA[1] (Low-Rank Adaptation) H7A NG IAs Y
AT = R Z B0, DU T Lk R Y B b i
2R B B AP 4] 43 BT AR 55

1 75

A% U AR FE BE AL ) 1 2 o0 T PR IIAE 55 0
=ATAES, AL A B . ARLEEAR
A< e AR AU Al B DA B <A A — g A% > ) g JER A
=ANFAES YR A Qwen—14B-chat FAY SR AR Jy
it A 280 7 e Al B AT IR0
L1 RBEHRS5KARR

WAL Qwen—14B—chat HERY [3] 1 Jy Kk i
AL, EROERY B, SRA PEFT MEZLA Y LoRA
R, PLE BAF RT3 . LoRA KB
WR: B (rank) N 16, lora alpha B A 32,
T transformer R E B E K
i E (AL q projs k proj. v_proj. o _projs
gate_proj. up_proj. down_proj ).

1.2 EhiSsTBltbiaE

%7 E 322> (In—Context Learning)
MR, A T A a8 AE Il SIS B 4 M Al 42 B B

) R TR ORI, IR I 25 5 TURE A 2 Rl —
AN RBIM, FERE prompt I, R4 2 AT &
LA B ) Fan N 7 A5tk Hh g 5 A AH AL IR B A 45
TN E] prompt Hr, DAEREA 5 SR F1 1) ER
IR M AT B ORI LA A) a0 A, FRadEAT
W A2 F G JEC ()4 3K o T o9l 2 A2 Il R R ik
W, FrLLC& i 7 ARTE, X EHRTE 1 RE S 4
WA Y B AR AT 55 7 SR AR AT G s N e

FAR R, 78 2 Bh & 7 ]t i 3RATT Ik %
paraphrase-multilingual-MiniLM-L12-v2 {E N
St B 45 SR AR UK 2 IR IR TR SOORTR, 78 I 2R HE BE
B B3R X A7, DU DR — B 55 . 7RI
SR B, T RN, Mt i EER A
AR 2 NFEAS CE T I 2RIt A8 FH I 25 4 1 )
Fr DA B i O\ B By e H R A T HERR D,
NP — A 8B prompt. FEHEFPYEL,
XA — AR, DR BlB AL B top—k (k
AT DR SEPR B B FHALIIREA, Z5E A
TR prompt 1A A HEAT 4 Y o BEAA ) 7 VA HE 8
w1 FTR

In-Context Fine-tuning

imilar samples

v

Example Pool Similar
Samples

r 3

v

=

1 BUEFERN

2 SEIf
2.1 HEHE

ARIRVEM 53 R = AFAES, A B2 508
W R s

B MAAk, AR ERE: JIZ4ER
5 3582 M), 4000 AR K mar Ak i BEXT . 56
WEEEALFE 897 M) T, 1000 AN A4 K W4 Fr B %ot
DR b S 2B s Ll , L FE 4148 ANA) T



Prompt({£:%% 3):

R AT AT A B AT A, SER R MRS 7,
"4 E AL A AN — A AR - RS X, DL R aQE AT U R . 7,
“\n AN MG BRI )T, TG B W I PR AR AR O X DA R e I, 7

“\nfr: IEFEDRZ (A/B/C/D)

\n ARG AT, ANER AR RS, AL EOR AR . BAREIRREMEN 7,

“\n 7=l 7

*x1 % 3 Er XA B prompt #£1R

AR - Mg > I A A . IR A4S 4000
BRI AEALFE 1000 R . MR B L
FIEHE A R, LS 5000 2% Hidi .

NY T BRI prompt HEAT R Y ) S0 I 2
AR, AT BIEFE AN T W 2 Fros g,
RIS FAE4S 1 MRS 2, FRATE IR R AH [ 11
H)F AT A, B R T TR E AT AR
XA H N — 2% IR X T1E5% 3, JATE
I G H N — DR NG BLRL . &t Tl
AbH B A B AE S 1 FIESS 2 MR8t
3582 %, 1155 3 MINZREdEA 4000 % .

B 2 AEEHHHERX R

2.2 BRIAKE

Prompt 15 THX5 KiE F A 10 1% 6E A FE A
FHRKBZW . 2 SeihalfE, FATEEE
VE RSN TE Tk, REZCK AR %R
1 s (FE55 1 LSS 2 R 75 S0 N 28 #4718 B B
CIDR

B S AR AR B A i N K s ) Tt o e oAE LU kA
FEA IO BB B J5 T, WU R T R A
prompt.

2.3 LIRS

N TR R G PR RE R AR, AR IR
AT 55 F-ATAE P 9K 24GB 17 3090 b #E 4T Il 45 1k
W, IR % B A B GPU BRI ZR bR K
2, BEE RS ECN 4, NERRIKN 3. &
AR 7E J B IR ) () BL5E i T SR AHE R, BHIE T
O TT R AE /N B AE GPU Il 5 KR AL ) 9, g
ANEE I ROR

2.4 SCIGHEER

XFAES 1, AT kw5 B
Macro—F1 7} ¥ A 0. 5516, XFT4E%% 2, ATHI 7
EAEMAAEE B FL 0408 0. 6667, 1155 3 ik
WRIE R 1 0.9895, WEM T RATHI T IEAEZAE S
FBRA—ERA .

NEUE RO IR, DRSS 3 N, FATE
o AT A Y R S0 UE R B AT HERE, A& L
37 0.491 MHERA R, FRAT VR BRI 32
FH i B 230 100%, 3t — B IRAE T &% LA &L
P

Task3 ACC
Qwen—14B—-chat 0.4910
Qwen—14B-chat-ICFT 0. 9895

#x 2 NAETXHERIEERESTEE ((EF3)

4]

w
g

TEAVR CCAC2025 M PP, AT H T —Fh
T T BN RN B R SO i . il i X g
i 38 A R B A 7 i, S 0 0 1 SCAH AL I 2R
AR EF IR, 454 LoRA S 805 WO+
A, fE Qwen—14B—chat K AIILAE FsZBL T X6 =
MNFALS PIBR G . SEIR S5 R, %7 iEE
551 (5408 J Macro-F1 ik 0. 5516, 1%




4

% 2 (ARAR-MgR3hED F1 ik 0. 6667, 1% 3 (W
JESHI D) AERAR 2 ik 0. 9895, B4k i i AL A 42 T
T 100%. % 5 V2B 2h 2508 R BR A 5 R Bk
R BT A LGS A, 10 PR R HE B AR 1 [
W EETE T AR EAS R HTHERE, NSO
(RSB XN 7 = L Y W =) 3
W%, JFEABMEIER S 2 ARSI E
N ANE

H AT EATT G 7 4 B X SRR AR B — Ik
[, KOREHSATEST H AN — LA %
F— AN AR Y5 A R B A F A URE A 31T 2
U I T3, %7 1R IR AR BRI 2 U B HE
T B AR RO R B v B AR DN B A, DA D
TR 4 B AR RIS B I BE AL PE S AR AR, A R AR
YA 45 B e P .

SE

[1] Hu E J, Shen Y, Wallis P ,et al.LoRA: Low-Rank
Adaptation of Large Language Models[]J].
2021.DOT:10. 48550/arXiv. 2106. 09685.

[2] Hendel R , Geva M , Globerson A .In—Context
Learning Creates Task Vectors[J]. 2023.

[3]Bai J , Bai S, Chu Y ,et al.Qwen Technical
Report[J]. 2023.



E TSR B B AL L A R R 4 A 53

WE: M T L e P kM mpe AR Ao HR T E, §ABE LS HFENEE
SR R A EABCES, TALERNE RO REFI RS, EFgsLasd, £
F Chinese-RoBERTa-WWM-Ext R B #h & WAL g sl b5 A & 5 Bk y £ RM, HF8RIEEEF]
S AR 0.89 E 091 Z 1] o AR AR IR AL 4 & T BERT-Base-Chinese #)3 5 747 i £ 58, BU4F 0.86
8 F1{E, #Hi8d T0%FHFERBEANEMER L EER T FRLRAREN ZNE F. WK FE SR
A Qwen3-0.6B #£ A fie & LoRA (IkAkiE i) #iAH &, K2 97.7%49 £ 4%, 48tk BERT A &R 3.7
NE b BEHRFTER T G MG Ao i BT USRI T A B Rk &2

K LMK G AT, MII4ETHEA, LoRA #8; FRIARER AR, )& Ti0g EaL s

Tk

0 35

FCALAE Dy R SR I AE e T ik, I R
S ST AR A g 1k 2 TR R ALLIE B R, AR
FEMTE TS5 . AR, HEIRIEER
LKL 25 WA BR AR SCATE SCRC G R T 1R
Ao ASHETE AT K — B e BRI LE
WAEZE T BoR MR R J5 %8, #2I CCAC
PPINZESR, BSe M RING2E 02K, Ak
AU RIS A ) = AR S T, il
TR JBE 27 ST R SEBURT ELAUAE T 10 4 i 2
fitt, ST BEAR R BT A h SO A )
B 32 P AR R B

1 EARELA
1.1 HEREBE#s

KRG B AL LI = K% 0D fg

f£5%5—: HAELE T, RRH IR
AEEMAE RS ORI & =
B & L g HAMREESE
] 71 AN T4 ]

55— AORIRRFAL A, R HE A
TR I il B EE A0 R B AT A AR - A
Bt SELTRF ORI 8 AL AN TE CREXS

55 = WERAH, B T4 2 A
AR AR, A DG Ak 3 3 T #E Aff )31 L
AR R, SEBLIRJZ1E SCRLE .

1.2 AR

AW TR 2 T I R0 S R AR A R
FEEE IR IR L, & XA [RE 255 mU 3
7 A TR TR

R 55 — 2 T Wl SR B B8 4y i3k 47 B 1t
K H Chinese-RoBERTa-WWM-Ext 1E &3
fii g b5 2501, 5] AN BhAIC1Z 38 58 E = Il
il A B R A, LB 2 R A 2R SR
SRR IS 4G A . 1% AR A A
5 SR S AE KA AR SR BTN gk, BA
12 JZ Transformer 4mfid#s, &)Z 12 MER
713k, BasZ4ERE 768 4, MSHEY 1.1
12

{125 — % T BERT-Base-Chinese 4 & /7
B FRyEMEZER], @i BIO kriE 5 R Al offset
mapping F7 A SZ I 7 R R B SEAR R,
K B B B AR A A . ff
FH FF B AR B A A e 4000 5 S AR 3] 1m) 8t
T RS TR 9 O AR 2 S B A R g
(1)K i 5 6 5 BE R o

1£45 =FIH Qwen3-0.6B K if & B )
SRS SRS T, 8IS 5 ML G B
HT LoRA 1y RV SR RE , <2 I /5 4 2 VA JEG
Hal e H TIN5 SR HOETE, W
R A LR B Re A Y, R A R
IS SCHEL R AT R SO RE D .

1.3 XERARS
AT SR E B U SIS



1125k &[1,10,128], 7 10 4> 128 4Eid
12K, Bt Xavier IEA VI, bR
HEZERH 0.02. IE 2R 5 R i 2 40 BE e i
THE AW M 2 S i 2 AL RS, X R
HEAMFEAR (FEARE<20) 325 W E U 7] AL
HE LS. MNEaails @it &
g=0(Wy[7;m]+by) LI, Hor h 2 JR 4G %R,
ma LB MLiZANE, HERHBN
h=gOh+(1-g)Om, BEL% 1 HEHE
N gL AZAE BB FHFE S .

H I& N JZ A 7 SR « BT P e 1k
PR, B — A o R R TS
Wt GRIAEND , 5 = RAE SN &R
HATHRLEE 3K RSBy HOHEW
Focal LossPl, & WL Hf# FHvy=2.0, #if K
Al (FEAH<200) fi fy=4.0, I3 EER1E
OIMEAA R B SRR AR RE . MR
B H5CR FH AT R AL S, AU THE 4 3
Awi=n,./(nlassesxn;), Fdt 47 15— 1k A
BUE S T 2800 38, ORIE B ARG B2 5 4 1)
FaE M.

ERE FE P HIbRIEROR s $R 2T offset
mapping {775 -token A& i % 75 5 %, il it
BertTokenizerFas [f] return_offsets_mapping
VIR 3R HUEE token X B Y iR 46 #4747 B -
GINBASACE BN, THw T As
H: weight=1/(frequency+e), HHe=le-6,
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Technical Report on the CCAC2025 Task 5:
Fine-grained Metaphorical Ground Detection in Analogical Sentences

Chengfei Li', Chunyu Wang?, Hanlin Li', Bei Zhao!, Shengyu Shao!, Sirui Zhang', Jingxuan Liu'
1. Artificial Intelligence Research Institute on Education, Qilu Normal University
2. School of Geography and Tourism, Qilu Normal University

Abstract :This study presents an evaluation approach for metaphorical ground detection in analogical sentences using the
Qwen3-14B large language model. Multi-stage training strategies and data augmentation methods were designed for the
CCAC 2025 fine-grained analogical sentence emotion analysis task 3. The method incorporates LoRA parameter-efficient
fine-tuning, CMDAG external data augmentation, and multi-API pseudo-labeling mechanisms with staged training
optimization. In the CCAC2025 evaluation, the 1+3 staged training approach achieved an accuracy of 0.993 on the validation
set, while the 1+2+3 three-stage training approach, though achieving 0.992 validation accuracy, demonstrated stronger
generalization capability. The results indicate that multi-stage training strategies exhibit significant performance
improvements when handling heterogeneous data sources.

Key words:Large Language Model; Analogical Sentence Understanding; Multi-stage Training; Data Augmentation;

Parameter-efficient Fine-tuning
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Brief on Fine-Grained Sentiment Analysis Techniques

Jia Liul', Xipeng Yuan2', Zhaoyi Yuan3', Huan Xu4' Ruotian Lan5'
(1.Xihua University School of Computer and Software Engineering,Chengdu, Sichuan 610039,China)

Abstract :This study devises a deep learning model to carry out three tasks: fine-grained sentiment analysis of analogy
sentences, ontology metaphor recognition, and metaphor base recognition. Fine-grained sentiment analysis involves analyzing
whether a given sentence belongs to one of the eight categories: no emotion, happiness, joy, anger, sadness, fear, disgust, and
surprise. Compared with the traditional three-class classification (positive, neutral, negative), it has a finer granularity and is
more challenging. Sequence-enhanced Attention (SEA) is specifically designed to fulfill task 1. For task 2, the LoRA
algorithm is employed to fine-tune DeepSeek-R1-Distill-Lema-8b for ontology metaphor recognition. For task 3, the
zero-shot learning method, combined with cue word optimization, is utilized to complete the discrimination of the metaphor
base. The Macro-F1 indices of task 1 and task 2 reach 46.7% and 54.43%, respectively. The third task attains an accuracy of
88.4%.

Key words:Attention; LoRA; Zero—shot
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