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Abstract001

With the rapid advancement of Multimodal002
Large Language Models (MLLMs), their po-003
tential has garnered significant attention in Chi-004
nese Classical Studies (CCS). While existing005
research has primarily focused on text and vi-006
sual modalities, the audio corpus within this do-007
main remains largely underexplored. To bridge008
this gap, we propose the Multi-task Classi-009
cal Chinese Literary Genre Audio Corpus010
(MCGA). It encompasses a diverse range of lit-011
erary genres across six specialized audio tasks:012
Automatic Speech Recognition (ASR), Speech-013
to-Text Translation (S2TT), Speech Emotion014
Captioning (SEC), Spoken Question Answer-015
ing (SQA), Speech Understanding, and Speech016
Reasoning. Through the evaluation of ten017
MLLMs, our experimental results demonstrate018
that current models still face substantial chal-019
lenges when processed on the MCGA test set.020
Furthermore, we introduce an evaluation met-021
ric for SEC and a metric to measure the consis-022
tency between the speech and text capabilities023
of MLLMs. We will release MCGA and our024
code to the public to facilitate the development025
of MLLMs with more robust multidimensional026
audio capabilities in CCS.027

1 Introduction028

The development of Multimodal Large Language029

Models (MLLMs) has significantly advanced Chi-030

nese Classical Studies (CCS). These models sup-031

port multimodal inputs, providing powerful capabil-032

ities for interpreting ancient texts, which in turn en-033

hances cultural preservation and international com-034

munication (Zhang et al., 2025a). However, while035

most existing research focuses on textual (Cao036

et al., 2024) or visual (Liu et al., 2025b) modali-037

ties, the auditory dimension of CCS remains largely038

unexplored. This gap stems from a lack of high-039

quality, domain-specific audio corpora, thereby040

constraining the potential for an omni-modal un-041

derstanding of CCS.042

Figure 1: Timeline of the Golden Age for Classical
Chinese Literary Genres: Fu (Rhapsody), Shi (Poetry),
Wen (Prose), Ci (Lyric), and Qu (Song).

To bridge this critical gap, we introduce the 043

Multi-task Classical Chinese Literary Genre Au- 044

dio Corpus (MCGA), a comprehensive resource 045

designed to catalyze audio-centric research in CCS. 046

As illustrated in Figure 1, MCGA encompasses 047

five primary literary genres: Fu, Shi, Wen, Ci, and 048

Qu. The corpus consists of 22,000 audio samples, 049

totaling 119 hours of recorded content. To ensure 050

cultural and linguistic authenticity, the data were 051

recorded by native speakers in standard Mandarin 052

Chinese. Crucially, all audio samples include ex- 053

plicit copyright transfers, thereby resolving long- 054

standing Intellectual Property Rights (IPR) chal- 055

lenges in open-source datasets. 056
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危楼还望，叹此意、今古几人曾会？
From this high tower I gaze,

and sigh through all the passing days,
who fathoms such boundless depths?

鬼设神施，浑认作、天限南疆北界。
It seems nature itself has drawn this line,
between South and North in stern division,

as though fate were thus to define.

一水横陈，连岗三面，做出争雄势。
A river lies like a sword outspread;

three ranges rise as if they led,
like two rivals toward imminent fight.

六朝何事，只成门户私计！
What came of Six Dynasties' pride?
It only turns to those noble clans'

their unending benefit inside.

Automatic Speech Recognition

Transcribe the Chinese speech into text.

危楼还望，叹此意、今古几人曾会？
鬼设神施，浑认作、天限南疆北界。
一水横陈，连岗三面，做出争雄势。

六朝何事，只成门户私计！

Speech-to-Text Translation

Translate the Chinese speech into English text.

From this high tower I gaze,
...
It only turns to those noble clans'
their unending benefit inside.

Speech Emotion Captioning

Describe the emotion of the speech in Chinese.

这是一段青年男声。(Age and Gender)
此作以雄浑江山反衬偏安之非。 (Overall Emotion)

危楼还望，叹此意、今古几人曾会 | 登高望远，感
慨自身抱负…… (Transcription | Emotion)

Spoken Question Answering

这首词的作者是谁？

(Who is the author of this Ci poetry?)

陈亮
(Chen Liang)

Speech Understanding

作者认为六朝覆灭的原因是？
(What does the author believe were the reasons
for the downfall of the Six Dynasties?)

A.危楼 (high tower)   B.天 (nature)
C.争雄 (fight)   　　  D.门户私计 (noble clans)

D

Speech Reasoning

作者借六朝之事，讽刺哪个朝代？
(Which dynasty does the author satirize by
alluding to the affairs of the Six Dynasties?)

A.东晋 (Eastern Jin)        B.刘宋 (Liu Song)
C.南宋 (Southern Song)   D.东吴 (Eastern Wu)

C 
《念奴娇·登多景楼》- 陈亮 

Nian Nu Jiao · Deng Duo Jing Lou - Chen Liang

Figure 2: Examples from the MCGA Corpus. The corpus covers six core speech tasks (ASR, S2TT, SEC, SQA,
SU, SR). Leveraging its parallel speech-text data, it also supports four text tasks: Machine Translation (MT),
Question Answering (QA), Language Understanding (LU), and Language Reasoning (LR).

The MCGA corpus offers two primary advan-057

tages: (1) Task Diversity: As illustrated in Fig-058

ure 2, the corpus supports 6 diverse speech-centric059

tasks, including Automatic Speech Recognition060

(ASR), Speech-to-Text Translation (S2TT), Speech061

Emotion Captioning (SEC), Spoken Question An-062

swering (SQA), Speech Understanding (SU), and063

Speech Reasoning (SR), alongside four integrated064

text tasks. (2) Literary Genre Diversity: It en-065

compasses 5 major literary genres spanning 11066

historical periods, forming a total of 37 distinct067

period-genre categories and covering a comprehen-068

sive collection of 4,497 literary works.069

We evaluated 10 representative MLLMs, includ-070

ing 2 closed-source and 8 open-source models. Ex-071

perimental results indicate that current MLLMs072

still have significant room for improvement in the073

CCS field. Notably, even the top-performing model,074

Qwen3-Omni (Xu et al., 2025b), scored below 60075

on complex tasks such as SEC. Besides, we intro-076

duce a novel evaluation metric tailored for liter-077

ary SEC, along with a Cross-Modal Consistency078

(CMC) metric to quantify the alignment between079

a model’s auditory and textual reasoning. Further-080

more, the substantial performance improvements081

observed through LoRA (Hu et al., 2022) train-082

ing validate the robustness and high quality of the083

MCGA training set.084

Our primary contributions are as follows: 085

• MCGA Corpus: We present MCGA, the 086

first large-scale (119 hours), open-source, and 087

fully copyrighted audio corpus dedicated to 088

Classical Chinese literature. This resource ef- 089

fectively bridges the gap in high-quality audio 090

datasets for this domain. 091

• Evaluation Framework: We establish a com- 092

prehensive evaluation framework centered 093

on MCGA, comprising 6 multifaceted tasks: 094

ASR, S2TT, SEC, SQA, SU, and SR. This 095

enables a rigorous investigation into the capa- 096

bilities of MLLMs. 097

• Evaluation Metrics: We introduce 2 novel 098

evaluation metrics: a domain-specific metric 099

tailored for literary SEC, and a Cross-Modal 100

Consistency (CMC) metric designed to as- 101

sess the alignment between auditory and tex- 102

tual representations. 103

• Empirical Analysis: We evaluate 10 MLLMs 104

to identify performance bottlenecks in the 105

classical Chinese literature domain. Besides, 106

we demonstrate MCGA’s high utility as a train- 107

ing resource, where fine-tuning yields substan- 108

tial performance breakthroughs. 109
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Dataset (Text✝ / Image✣ / Audio✧) Modality Domain Scale License Copyright

ACLUE (Zhang and Li, 2023) ✝ CCS 4,967 CC BY-NC-4.0
CCLUE (Wang et al., 2023) ✝ CCS 36,319 Apache-2.0
WYWEB (Zhou et al., 2023) ✝ CCS 69,700 -
WenMind (Cao et al., 2024) ✝ CCS 4,875 CC BY-NC-SA-4.0
TianWen (Pei et al., 2025) ✝ CCS 4,000 MIT

CII-Bench (Zhang et al., 2025a) ✝ / ✣ General 698 Apache-2.0
FoodieQA (Li et al., 2024) ✝ / ✣ Food 389 CC BY-NC-ND-4.0 ✣

Oracle-Bench (Qiao et al., 2025) ✝ / ✣ CCS 2,834 -
Paint4Poem (Li et al., 2021) ✝ / ✣ CCS 93,153 Github
MCS-Bench (Liu et al., 2025b) ✝ / ✣ CCS 6,500 CC BY-NC-SA-4.0

MCGA (ours) ✝ / ✧ CCS 22,000 CC BY-NC-SA-4.0 ✧

Table 1: Comparison of MCGA with existing Chinese cultural datasets. MCGA is the first large-scale, fully
copyrighted classical Chinese literary audio corpus for MLLMs (119 hours). All recordings are sourced directly
from original creators with full copyright transfer, highlighting our commitment to Intellectual Property Rights
(IPR) protection in Chinese Classical Studies (CCS) research.

2 Related Works110

2.1 Chinese Cultural Datasets111

The landscape of Chinese cultural evaluation spans112

many domains. ACLUE (Zhang and Li, 2023) and113

WYWEB (Zhou et al., 2023) establish large-scale114

benchmarks for Classical Chinese and ancient liter-115

ature, focusing on linguistic understanding. Com-116

plementarily, CCLUE (Wang et al., 2023) rethinks117

cultural evaluation across broader contexts. In the118

multimodal sphere, FoodieQA (Li et al., 2024) and119

CII-Bench (Zhang et al., 2025b) probe culinary arts120

and figurative reasoning, respectively, highlighting121

a shift toward assessing complex cultural heritage122

and everyday traditions.123

2.2 Chinese Classical Studies Datasets124

Recent benchmarks deepen the evaluation of Chi-125

nese classical heritage through diverse methodolo-126

gies. WenMind (Cao et al., 2024) assesses deep cul-127

tural cognition and mentalities, while TianWen (Pei128

et al., 2025) provides specialized assessment for129

traditional scriptures and historical knowledge. Ad-130

vancing into multimodality, Oracle-Bench (Qiao131

et al., 2025) evaluates ancient script deciphering,132

whereas Paint4Poem (Li et al., 2021) bridges classi-133

cal poetry with visual synthesis. MCS-Bench (Liu134

et al., 2025b) offers a framework for multimodal135

classical studies. However, few of these bench-136

marks or datasets contain the parallel speech of the137

classical Chinese literature.138

3 MCGA Corpus 139

3.1 Overview 140

We introduce MCGA, a comprehensive corpus de- 141

signed to promote audio-centric research in CCS. 142

This section briefly outlines the construction, the 143

human recording process, the subsequent quality 144

control and the statistics of MCGA. 145

3.2 Data Construction 146

Data Collection and Preprocessing. Classical 147

Chinese literature and corresponding Pinyin were 148

sourced from the web. All works are in the public 149

domain (created over 150 years ago). Following rig- 150

orous cleaning, texts were segmented by sentence 151

boundaries and character counts to limit recording 152

lengths to under 30 seconds. 153

Text Data Construction. Subsequently, we 154

leverage DeepSeek-V3.2 (Liu et al., 2024) to gen- 155

erate question-answer pairs for the text of each clip, 156

with access to the full literary context. This process 157

covers a variety of speech-related tasks, including 158

S2TT, SEC, SU, and SR. 159

Text Data Verification. The generated ques- 160

tion–answer pairs are subjected to trio validation us- 161

ing DeepSeek-V3.2, GPT-5-mini (OpenAI, 2025), 162

and Gemini-3-Flash (Team and DeepMind, 2025), 163

through which pairs that fail to pass the verification 164

are preliminarily filtered out. The test and valida- 165

tion sets underwent human verification to ensure 166

data quality. 167
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Figure 3: MCGA Corpus Construction. Initially comprising only metadata such as titles, authors, and texts, the
MCGA corpus is expanded through human recording, LLM generation, and rigorous verification. Then, it supports
six speech tasks: ASR, S2T, SEC, SQA, SU, and SR. We provide a detailed example of the SEC task in Figure 4.

3.3 Human Recording168

Volunteer Demographics. We recruited 28 na-169

tive speakers (13 males and 15 females, aged170

18–40) to record the texts via a dedicated private171

website. All participants have good educational172

backgrounds, half of whom are Chinese majors.173

Recording Protocol. We explicitly stated the174

recording guidelines to the volunteers, as follows:175

Volunteer Guidelines
• use a tone that matches the emotion of the text.
• can access the pinyin for all Chinese characters.
• ensure the recording environment is quiet.
• each clip must be read in 30 seconds.
• each clip is read by at least 1 male and 1 female.
• clips from the same work are sent to the same person.

176

3.4 Audio Quality Check177

MLLM Verification. We employed a dual-stage178

speech recognition verification process using Qwen179

and Whisper (Radford et al., 2023) models to iden-180

tify samples with significant errors, which were181

subsequently re-recorded by the volunteers.182

Human Verification. We recruited 6 data quality183

inspection volunteers to verify the validation and184

test sets. The inspectors were instructed to score the185

samples. Low quality samples (pronunciation error186

or presence of background noise) were removed187

from the sets.188

Both recording volunteers and quality inspec-189

tion volunteers signed labor agreements and were190

compensated with reasonable remuneration.191

Speech Emotion Captioning

请对音频进行情感解析，遵守以下格式：
第一行：用一句话进行声音画像，点名性别、年龄等特征；
第二行：用一句话点明全文的情感基调；
随后每行：采取“原文|情感意境分析”的形式逐句拆解。

Please perform SEC on the audio and follow the format below:
Line 1: One sentence describing the speaker's voice profile,
including gender and age;
Line 2: One sentence summarizing the overall emotional tone;
Subsequent lines: Decompose each original sentence in the format
"Transcription | Emotion".

这是一段青年男声朗诵。(Age and Gender)

这首词以雄浑苍凉的笔触，通过描绘山川形胜与追问历史兴衰，抒发
了对南宋朝廷偏安一隅、苟且私计的极度悲愤与深沉历史批判，营造
出壮阔而沉郁、激越而悲怆的艺术意境。(Overall Emotion)

危楼还望，叹此意、今古几人曾会？ |开篇登高望远，一个“叹”字
直抒胸臆，将个人深沉的家国忧思置于古今历史长河中，感慨知音难
觅，奠定了全词孤愤、苍茫的情感基调。(Transcription | Emotion)
……

六朝何事，只成门户私计！ |词锋由空间转向时间，借古讽今，以犀
利的反诘直指六朝（实指南宋）旧事。将偏安政权的国策斥为只顾小
集团私利的“门户私计”，充满了对历史悲剧重演的痛心疾首与对当
权者自私苟安的猛烈抨击。(Transcription | Emotion)

Figure 4: Case for SEC Task.

3.5 Case Study for SEC 192

SEC Task. To capture the emotional and artistic 193

nuances of classical literature, we present a case 194

study in Figure 4. For SEC, the MLLM must se- 195

quentially generate three components: 196

1. Persona Profiles: Analysis of the speaker, 197

including age and gender. 198

2. Overall Sentiment Analysis: A summary of 199

the general emotional tone and attitude. 200

3. Paired Transcription & Emotion: A 201

sentence-by-sentence decomposition in the 202

format: “Transcription | Emotion.” 203
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Figure 5: Corpus Statistics. It comprises 22,000 filtered human-recorded speech samples (totaling 119 hours) and
supports 6 downstream tasks. Sample counts for S2TT, SEC, SU, and SR are lower due to the removal of invalid
QA pairs. (NSD: the Northern and Southern Dynasties; FD: the Five Dynasties)

3.6 Dataset Statistics204

Figure 5 shows the statistics of MCGA. It spans 5205

genres across 11 historical periods, resulting in 37206

unique period–genre categories.207

Tang Shi has the most samples, followed by208

Song Ci. This is because the Tang and Song dynas-209

ties were the two peak periods of classical Chinese210

literature. Shi was the most popular genre in the211

Tang dynasty, while Ci was in the Song dynasty.212

The corpus comprises 22,000 filtered human-213

recorded speech samples (totaling 119 hours) and214

supports 6 downstream tasks: ASR, S2TT, SEC,215

SQA, SU, and SR. The longest audio sample is216

30 seconds, the shortest is 3.5 seconds, and the217

average duration is 19.5 seconds.218

It should be noted that sample counts for S2TT,219

SEC, SU, and SR are lower due to the removal of220

invalid QA pairs. Also, the validation or test sets221

for the six tasks are not parallel.222

Task Metric Details

ASR CER ↓ Text normalization
Following Morris et al. (2004)

S2TT LLM-B ↑ LLM Evaluation
Following Chen et al. (2025)

SEC LLM-C ↑ LLM Evaluation
Proposed in this work

SQA F1 ↑ Open-ended
Factuality Evaluation

SU Accuracy ↑ Multiple-choice questions
Options derived from the speech

SR Accuracy ↑ Multiple-choice questions
External knowledge reasoning

Table 2: Metric Details.

4 Experiments 223

4.1 Experiment Setting 224

Baseline MLLMs. We evaluate 2 closed-source 225

MLLMs (GPT-4o-mini-Audio (OpenAI, 2023) and 226

Gemini-3-Flash (Team et al., 2025)) and 8 open- 227

source MLLMs: the Qwen series (Chu et al., 2024; 228

Xu et al., 2025a,b), the Voxtral series (Liu et al., 229

2025a), Phi-4-Multimodal-Instruct (Abouelenin 230

et al., 2025), MiDashengLM (Dinkel et al., 2025), 231

and Step-Audio-2-mini (Wu et al., 2025). 232

Training Details. We fine-tuned Qwen2.5-Omni- 233

7B using the ms-swift framework1 with LoRA 234

(r = 8, α = 32) (Hu et al., 2021). The model was 235

trained for 3 epochs on 4 A100 GPUs using the 236

AdamW optimizer with a learning rate of 1×10−4, 237

a per-device batch size of 8, and a gradient accu- 238

mulation of 4. 239

Evaluation Metrics. As shown in Table 4, we 240

evaluate MLLMs across six tasks. All open- 241

source models are deployed using the vLLM frame- 242

work2 (Kwon et al., 2023), with inference per- 243

formed via API requests at a temperature of 0. To 244

provide a more intuitive performance metric, we 245

normalize the S2TT and SEC results to a 100-point 246

scale. Specifically, the ASR task is evaluated using 247

the Character Error Rate (CER)3, while the S2TT 248

and SEC tasks are scored by the deepseek-chat 249

API (Guo et al., 2025). For SQA, we report the F1 250

score, and for SU and SR, we report Accuracy. 251

1https://github.com/modelscope/ms-swift
2https://github.com/vllm-project/vllm
3https://github.com/jitsi/jiwer
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Model
ASR S2TT SEC SQA SU SR

CER ↓ LLM-B ↑ LLM-C ↑ F1 ↑ Acc ↑ Acc ↑

Closed-source Models

GPT-4o-mini-Audio (OpenAI, 2023) 20.5 42.2 6.0 31.2 75.0 70.4
Gemini-3-Flash (Team et al., 2025) 7.0 74.5 54.0 48.7 86.6 83.7

Open-source Models

Phi-4-Multimodal-Instruct (Abouelenin et al., 2025) 58.2 26.2 12.7 24.5 51.2 54.5
Voxtral-Mini (Liu et al., 2025a) 28.0 24.7 14.8 12.4 59.6 62.5
Voxtral-Small (Liu et al., 2025a) 29.3 33.2 14.6 28.3 72.9 71.8
MiDashengLM (Dinkel et al., 2025) 11.7 43.9 22.6 22.5 72.2 75.6
Step-Audio-2-mini (Wu et al., 2025) 10.1 43.0 39.9 45.3 80.7 79.9
Qwen2-Audio-7B-Instruct (Chu et al., 2024) 18.9 30.6 24.1 25.1 71.9 64.7
Qwen2.5-Omni-7B (Xu et al., 2025a) 10.5 50.5 36.8 43.2 81.3 79.5
Qwen3-Omni-30B-A3B-Instruct (Xu et al., 2025b) 4.4 70.0 59.5 51.8 87.1 83.2

Table 3: Performance comparison of different models on the MCGA test set. Complete results for LLM-B and
LLM-C are shown in Table 6 and Table 7.

4.2 Main Results252

We present a comprehensive evaluation of ten253

MLLMs across six audio tasks. By analyzing the254

interplay between model performance and task dif-255

ficulty, we derive the following key observations:256

Closed-source vs. Open-source Models. In Ta-257

ble 3, Qwen3-Omni demonstrates superior perfor-258

mance on the MCGA test set for Chinese under-259

standing and generation tasks, specifically in ASR260

(4.4 CER ↓), SEC (59.5 LLM-C ↑), SQA (51.8 F1261

↑), and SU (87.1 Acc ↑). Conversely, closed-source262

models such as Gemini-3-Flash maintain a com-263

petitive edge in English generation and Chinese264

reasoning tasks, leading in metrics such as S2TT265

(74.5 LLM-B ↑) and SR (83.7 Acc ↑). Overall, the266

open-source models have achieved a competitive267

level of performance compared with the closed-268

source ones.269

Comparison across Different Tasks. As shown270

in Figure 6, existing MLLMs demonstrate their271

strongest performance in Chinese classical litera-272

ture ASR tasks. This is followed by SU and SR273

in multiple-choice formats, where models achieve274

relatively robust results. Regarding the S2TT task,275

overall performance is acceptable but remains to be276

enhanced. In contrast, performance on SEC is no-277

tably poor, indicating a critical need for enhanced278

affective computing capabilities. Finally, for open-279

ended SQA, F1 scores remain low, suggesting that280

audio "hallucination" issues (Du et al., 2025) have281

yet to be effectively resolved.282

4.3 Further Analysis 283

4.3.1 Analysis of ASR Task 284

Performance Disparity Across Genres. Table 4 285

shows the MLLMs’ performance which varies sig- 286

nificantly by genre. Qwen3-Omni achieves state-of- 287

the-art results on MCGA, maintaining the lowest 288

CER across all categories, particularly in Ci (2.9). 289

A consistent trend across various models is that Ci 290

achieves lower CER, while Fu consistently poses 291

the greatest difficulty. This difficulty stems from 292

Fu’s ornate rhetoric, frequent classical allusions, 293

and high density of modal particles.

Models Shi Ci Qu Fu Wen

GPT-4o-mini-Audio 22.9 20.1 18.4 22.8 18.3
Gemini-3-Flash 6.1 6.8 7.7 8.4 6.1

Phi-4-Multimodal-Instruct 58.5 61.3 62.5 60.0 50.7
Voxtral-Mini 27.4 24.7 27.8 32.4 27.1
Voxtral-Small 30.5 24.7 29.6 32.7 28.7
MiDashengLM 12.7 10.1 9.4 15.7 10.0
Step-Audio-2-mini 9.0 6.8 7.5 15.1 10.8
Qwen2-Audio-7B-Instruct 19.1 16.7 15.9 23.1 18.7
Qwen3-Omni-30B-A3B-Instruct 3.8 2.9 3.8 6.4 4.6

Qwen2.5-Omni-7B 11.6 7.8 8.8 15.1 8.6
Qwen-Omni-MCGA 2.8 2.9 7.7 5.2 4.2

Table 4: CER Scores Across Different Genres.
The test set contains 1,000 samples (200 per genre).
Underline indicates the best-performing genre for each
individual model. Qwen-Omni-MCGA is a LoRA-
based adaptation of Qwen2.5-Omni-7B. It achieves
state-of-the-art results on all genres except for Qu.

294
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Figure 6: Comparison across Different Tasks. Existing MLLMs exhibit robust performance in ASR, SU, and SR
tasks, but they still encounter challenges regarding the beauty of translation in S2TT, affective modeling in SEC,
and hallucination issues in open-ended SQA. CER∗ refers to (1− CER%).

Figure 7: CER∗ Across Dynasties and Genres. CER∗

refers to (1− CER%)

ASR Quality. Table 5 reveals a 0.2 CER gap295

(Qwen3-Omni) between human-verified valid/test296

sets and the train set, confirming high data consis-297

tency. Residual errors primarily stem from uncom-298

mon characters and phonetic loanwords (tongjiazi)299

in Classical Chinese. Figure 7 shows the CER dis-300

tribution across dynasties and genres.301

Models Train Valid Test Avg.

MiDashengLM 11.7 11.2 11.7 11.7
Step-Audio-2-mini 10.5 10.1 10.1 10.5
Qwen2.5-Omni-7B 9.8 9.5 10.5 9.8
Qwen3-Omni-30B-A3B-Instruct 4.6 4.4 4.4 4.6

Table 5: CER Scores for Quality Check. The train,
valid, and test sets show high data consistency.

4.3.2 Analysis of S2TT Task 302

Beauty Evaluation of Translation. As illus- 303

trated in Table 6, we evaluate the translation quality 304

across four dimensions: Beauty of Form (LLM- 305

BF), Beauty of Meaning (LLM-BM), Beauty of 306

Sound (LLM-BS), and their average score (LLM- 307

B). The closed-source model Gemini-3-Flash 308

achieves the highest performance across all metrics, 309

reaching a peak average score of 74.0 (LLM-B ↑). 310

S2TT Quality. Additionally, we provide high- 311

quality ground-truth translation candidates. The 312

LLM-B score of 79.2 (4.0) is constrained by the 1– 313

5 evaluation scale, as the DeepSeek API evaluation 314

model typically assigns moderate scores and rarely 315

grants a perfect score of 5. To provide a more 316

intuitive performance metric, we normalize these 317

raw API scores to a 100-point scale. 318

Models LLM-BF LLM-BM LLM-BS LLM-B

Ground Truth 79.8 80.3 77.4 79.2

GPT-4o-mini-Audio 40.7 41.7 44.2 42.2
Gemini-3-Flash 72.4 74.5 75.2 74.0

Phi-4-Multimodal-Instruct 26.0 26.2 27.2 26.5
Voxtral-Mini 24.7 24.7 23.9 24.4
Voxtral-Small 33.3 33.2 32.7 33.1
MiDashengLM 43.0 43.9 40.1 42.4
Step-Audio-2-mini 42.8 43.0 39.8 41.9
Qwen2-Audio-7B-Instruct 29.5 30.6 30.7 30.3
Qwen2.5-Omni-7B 50.0 50.5 45.3 48.6
Qwen3-Omni-30B-A3B-Instruct 68.7 70.0 66.5 68.4

Table 6: Beauty Evaluation of Translation. Following
Chen et al. (2025), we employ Beauty of Form (BF),
Beauty of Meaning (BM) and Beauty of Sound (BS) as
evaluation metrics. LLM-B denotes the average score.
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4.3.3 Analysis of SEC Task319

SEC Evaluation. We design an LLM-based320

penalty evaluation mechanism based on reference321

answers. The mechanism consists of the following322

three metrics:323

• Persona Recognition (SEC-P, 0–2): Mea-324

sures the capability to extract identity features325

such as age and gender. Starting from an ini-326

tial score of 2, 1 point is deducted for each327

attribute error.328

• Global Emotional Tone (SEC-G, 0–3): Eval-329

uates the overall emotional atmosphere based330

on the richness and accuracy of the descrip-331

tions. A score of 0 is assigned if the emotional332

category or context is misidentified.333

• Sentence-level Emotion Tracking (SEC-S,334

0–5): Evaluates sentence-by-sentence tran-335

scription and analysis. 1 point is deducted for336

each error in emotional portrayal. If the tran-337

scription is entirely unrelated (hallucination),338

a score of 0 is recorded.339

Open-source vs. Closed-source MLLMs. As340

shown in Table 7, Qwen3-Omni outperforms other341

models across all SEC metrics. This superior per-342

formance is attributed to its deep understanding of343

Chinese cultural nuances and its robust transcrip-344

tion capabilities. It is followed by Gemini-3-Flash,345

which maintains competitive results.346

In contrast, GPT-4o-mini-Audio exhibits poor347

performance. This is primarily because its stringent348

safety protocols frequently trigger refusals when349

tasked with persona-based or emotional analysis.350

Models SEC-P SEC-G SEC-S LLM-C

Ground Truth 20.0 30.0 50.0 100.0

GPT-4o-mini-Audio 1.5 3.2 1.2 6.0
Gemini-3-Flash 13.4 16.9 23.6 54.0

Phi-4-Multimodal-Instruct 4.6 7.7 0.4 12.7
Voxtral-Mini 4.9 9.1 0.8 14.8
Voxtral-Small 1.7 10.8 2.1 14.6
MiDashengLM 13.1 6.6 2.9 22.6
Step-Audio-2-mini 16.3 12.6 11.1 39.9
Qwen2-Audio-7B-Instruct 10.2 11.4 2.5 24.1
Qwen2.5-Omni-7B 14.1 13.9 8.8 36.8
Qwen3-Omni-30B-A3B-Instruct 16.1 19.0 24.4 59.5

Table 7: LLM-based Evaluation for SEC. (1) SEC-P
(0–2) for persona identification; (2) SEC-G (0–3) for
global emotional tone analysis; (3) SEC-S (0–5) for
sentence-level emotion; (4) LLM-C is the sum of scores.

4.3.4 Analysis of SQA, SU, and SR Tasks 351

Open-ended vs. Multiple-choice QA. As shown 352

in Table 8, a substantial performance gap exists 353

between multiple-choice and open-ended formats. 354

MLLMs struggle significantly more with open- 355

ended questions, such as identifying authors or 356

titles, compared to complex reasoning tasks that 357

provide candidate options. For instance, Gemini-3- 358

Flash scored 86.6 in SU and 83.7 in SR but drops to 359

48.7 in SQA. This gap indicates that MLLMs suffer 360

from severe hallucinations in open-ended factual 361

QA, despite their strong reasoning. 362

Cross-modal Consistency. To evaluate how reli- 363

ably MLLMs maintain consistency across different 364

input modalities, we define the Cross-modal Con- 365

sistency (CMC) metric as: 366

CMC =
1

3

(
SQA

QA
+

SU

LU
+

SR

LR

)
× 100 (1) 367

As shown in Table 8, SQA, SU, and SR rep- 368

resent performance on speech-based tasks, while 369

the denominators QA, LU (Language Understand- 370

ing), and LR (Language Reasoning) serve as the 371

text-only upper-bound references. Step-Audio-2- 372

mini achieved the highest CMC score among all 373

evaluated MLLMs. 374

Models SQA SU SR QA LU LR CMC

Gemini-3-Flash 48.7 86.6 83.7 66.0 94.6 91.5 85.6

Phi-4-Multimodal-Instruct 24.5 51.2 54.5 25.1 69.5 61.0 86.9
Voxtral-Mini 12.4 59.6 62.5 13.6 77.5 69.5 86.0
Voxtral-Small 28.3 72.9 71.8 39.6 89.9 83.6 79.5
MiDashengLM 22.5 72.2 75.6 41.7 89.6 85.0 74.5
Step-Audio-2-mini 45.3 80.7 79.9 51.3 89.8 85.8 90.4
Qwen2-Audio-7B-Instruct 25.1 71.9 64.7 35.6 79.6 71.1 83.9
Qwen2.5-Omni-7B 43.2 81.3 79.5 53.6 91.3 84.9 87.8
Qwen3-Omni-30B-A3B-Instruct 51.8 87.1 83.2 60.4 93.6 91.0 90.1

Table 8: Cross-modal Consistency. CMC quantifies the
performance gap between audio and textual modalities.

5 Conclusion 375

This paper introduces MCGA, the first large-scale, 376

fully copyrighted audio corpus for classical Chi- 377

nese literature, featuring six speech-language tasks. 378

We develop an evaluation metric for literary SEC 379

and a metric to assess cross-modal consistency. Our 380

systematic evaluation of 10 MLLMs shows that the 381

Qwen-series models demonstrated superior profi- 382

ciency in understanding CCS. 383
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6 Limitations384

Although MCGA incorporates audio-text multi-385

modal data across six distinct tasks, several limita-386

tions persist. First, copyright constraints preclude387

the inclusion of real-world image samples that are388

precisely aligned with both textual and auditory389

modalities. Second, the Qu genre emerged signifi-390

cantly later than Shi, Ci, Wen, and Fu. Due to the391

relatively short-lived nature of the Yuan Dynasty,392

the volume of extant works is considerably limited,393

leading to a lower representation of Qu within the394

corpus.395

7 Ethical considerations396

We emphasize that ethical standards are of397

paramount importance in research involving human398

audio data. All audio data used in this study were399

recorded by human volunteers who contacted the400

authors directly. The volunteers were fairly com-401

pensated for their contributions and have signed a402

Voice Authorization License Agreement, explicitly403

granting permission for their recorded speech to404

be used for research purposes. Data handling and405

usage strictly comply with all applicable privacy406

and data protection regulations. All audio data in407

the final corpus have been anonymized.408
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