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Abstract001

While existing role-playing research predom-002
inantly focuses on text, Audio Role-Playing003
(ARP) presents unique challenges regarding004
the synchronized alignment of semantic content005
and vocal characteristics. To address this gap,006
we propose AudioRole, a meticulously curated007
dataset from 13 TV series spanning 1K+ hours008
with 1M+ character-grounded dialogues, pro-009
viding synchronized audio-text pairs annotated010
with speaker identities and contextual metadata.011
In addition, to demonstrate the effectiveness of012
the dataset, we introduced ARP-Eval, a dual-013
aspect evaluation framework that assesses both014
response quality and role fidelity. Empirical val-015
idation showing GLM-4-Voice trained on Au-016
dioRole (called ARP-Model) achieves an aver-017
age Acoustic Personalization score of 0.31, sig-018
nificantly outperforming the original GLM-4-019
voice and the more powerful model MiniCPM-020
O-2.6. The ARP-Model also achieves a Con-021
tent Personalization score of 0.36, surpassing022
the untrained original model by about 38%.023
The blind human perceptual evaluation also024
confirms these findings.025

AudioRole features dialogues from over 115026
main characters, 6 trained ARP-Models, and027
evaluation protocols. Together, they provide028
an essential resource for advancing audio-029
grounded role-playing research.030

1 Introduction031

The evolution of role-playing capabilities in032

LLMs has revolutionized human-AI interaction033

paradigms. Contemporary systems demonstrate034

remarkable proficiency in textual persona simula-035

tion, serving as personalized assistants 1, emotional036

companions2, and social interaction proxies (Park037

et al., 2023). However, this progress remains fun-038

damentally constrained by unimodal (text-only) in-039

teraction frameworks, which neglect the critical040

1https://chatgpt.com/
2https://replika.com/

(So you’re going to work at the patent office?)

(You know I could never live in a city without a radial 
street layout. Now I need to find a job with equal 

significance to keep my basal ganglia occupied with 
routine tasks, freeing up my prefrontal cortex to …)

(Yes I’m considering that.)

Characteristic of Sheldon:

1. Robotic speech patterns, emotionless intonation

2. Technical jargon, logical reasoning

Sheldon

Others

Figure 1: Audio Role-Playing case of Sheldon. The
answer should satisfy not only the lexical similarity but
also acoustic similarity.

role of vocal characteristics in authentic character 041

portrayal — a limitation that is particularly evident 042

when simulating personas from audiovisual media, 043

such as films and TV series. 044

Existing work on audio evaluation considers 045

mainly content accuracy (Chen et al., 2024b) (Has- 046

sid et al., 2024) or only the conversational style 047

(Liu et al., 2025). Vocal expression reflects an inte- 048

gral component of communication that varies con- 049

siderably between individuals in different contexts 050

(Cohen et al., 2015), and the acoustic properties 051

of speech reflect key variables for understanding 052

human behavior (Decety and Lamm, 2006). Vocal 053

expression is highly variable across individuals and 054

contexts, and is influenced by several individual 055

differences. Consider Dr. Sheldon Cooper from 056

The Big Bang Theory (Figure 1): while text-based 057

LLMs can mimic his technical jargon and logical 058

reasoning, they fundamentally fail to capture his 059

iconic robotic speech patterns — specifically, his 060

faster-than-average speaking rate and emotionless 061
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intonation. This disconnect highlights a critical062

challenge in audio-grounded role-playing: authen-063

tic characterization requires not just what the per-064

sona says, but precisely how they say it — the065

synchronized alignment of semantic content and066

acoustic delivery that defines recognizable person-067

alities.068

To promote the solution of this challenge, we069

introduce Audio Role-Playing (ARP), a novel task070

requiring dual-alignment of generated responses:071

(1) semantic consistency with character knowledge072

and speaking style, and (2) acoustic fidelity to vo-073

cal profiles. ARP task extends beyond speech syn-074

thesis — successful ARP systems must dynami-075

cally adapt both what is said (content) and how076

it’s said (delivery) according to situational contexts077

and character traits.078

Central to advancing ARP research is the cre-079

ation of high-quality training data. Current at-080

tempts using general-purpose multi-modal mod-081

els such as GPT-4o-Audio and MiniCPM-O-2.6,082

rely on prompt engineering for audio role-playing;083

however their zero-shot or one-shot performance084

remains suboptimal due to the absence of dedi-085

cated training corpora. Our solution, AudioRole,086

addresses the data scarcity through systematic cu-087

ration of 13 TV series spanning 1K+ hours, which088

makes it support Audio Role-Playing for a wide089

range of characters.090

The dataset’s efficacy is validated through rigor-091

ous evaluation against state-of-the-art multi-modal092

models. When fine-tuned on AudioRole, evaluated093

by our dual-aspect evaluation framework, which094

assessed response quality and role fidelity for both095

acoustic and semantic. While keeping a good096

Acoustic Quality score, our ARP-Model achieves097

0.31 Acoustic Personalization score, significantly098

outperforming the raw mode before fine-tuning,099

even outperform GPT-4o-Audio and MiniCPM-O-100

2.6. It also gets a Content Personalization score101

0.36 higher than the raw model, which shows the102

ability of role-playing trained into the ARP-Model.103

Our work has three key contributions:104

• We formally define Audio Role-Playing as a105

dual-alignment task requiring synchronized106

generation of character-appropriate content107

(knowledge, speaking style) and acoustic108

properties (pitch, pacing, timbre).109

• We construct AudioRole — the first large-110

scale dataset enabling systematic training of111

ARP systems, with 1M+ audio samples from112

more than 115 main characters, capturing nu- 113

anced vocal profiles across diverse TV charac- 114

ters. 115

• Experimental validation—corroborated by hu- 116

man perceptual studies—demonstrates that 117

models trained on AudioRole achieve both 118

higher Acoustic Personalization and higher 119

Content Personalization score than the raw 120

model before training. (Even higher than lead- 121

ing multi-modal models using zero-shot or 122

one-shot prompting), proving the dataset’s 123

critical role in advancing audio-grounded role- 124

playing. 125

To accelerate ARP research, we open-source a 126

complete base comprising AudioRole, ARP-Eval, 127

and 6 fine-tuned ARP-Models, which are poten- 128

tially key resources for developing AI agents that 129

truly embody digital personas3. 130

2 Related Work 131

Role-Playing Recent advancements in role- 132

playing with large language models (LLMs) have 133

predominantly confined to textual modalities, over- 134

looking the critical role of audio cues in enhancing 135

role immersion and authenticity. Li et al. (Li et al., 136

2023) synthesized dialogues for 32 TV/animation 137

characters using scripts and GPT-generated simu- 138

lations, while Tu et al. (Tu et al., 2023) created 139

1,024 MBTI-based personas via ChatGPT-driven 140

conversational agents. Chen et al. (Chen et al., 141

2024a) proposed the first benchmark designed 142

to systematically evaluate the sociality of role- 143

playing conversational agents. The role-playing 144

model’s development emphasizes persona consis- 145

tency through supervised fine-tuning (e.g., Charac- 146

terLLM (Shao et al., 2023)) and in-context learning, 147

with evaluation frameworks evolving from basic 148

persona adherence to nuanced metrics(Tu et al., 149

2024). Role-playing agents now emulate diverse 150

personas—from fictional characters (Chen et al., 151

2023) (Zhou et al., 2023) (Guo et al., 2025) (Li 152

et al., 2024) to user-specific clones (Li et al., 2021) 153

— to deliver emotional or sociological value (Gu 154

et al., 2024). Although (Zhan et al., 2025) proposes 155

a benchmark for voice style adaptation, it only 156

treats role-playing as one of the four categories 157

and directly scores it using an LLM, which omits 158

3We will release all the code, data, and models once the
paper is accepted.
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the importance and complexity of the Audio Role-159

Playing task. (Jiang et al., 2025) present a dataset160

of 98 roles and 112k conversations. In contrast to161

our work, their approach relies on GPT-4.1-2025-162

04-14 for dialogue generation and provides only163

one audio reference per character, which may com-164

promise the authenticity and granularity needed for165

robust audio role-playing evaluation.166

Voice Conversion Existing speech conversion167

research primarily focuses on acoustic transforma-168

tion while preserving semantic content. Voice con-169

version (VC) techniques, such as AUTOVC (Qian170

et al., 2019) and VAW-GAN (Hsu et al., 2017), aim171

to modify speaker identity (e.g., accent, timbre) or172

emotional prosody through disentangled represen-173

tations of content and style. Recent advancements174

like Text-guidedVC (Kuan et al., 2023) and Hy-175

bridVC (Niu et al., 2024) leverage text prompts or176

hybrid audio-text inputs to achieve flexible style177

transfer without parallel data. Voice cloning sys-178

tems, including Tacotron-based models (Zhao and179

Chen, 2020) and NAUTILUS (Luong and Yamag-180

ishi, 2020), synthesize speech in target voices by181

replicating vocal traits while retaining input text182

content. These works uniformly prioritize content183

preservation, modifying acoustic attributes without184

altering semantic meaning.185

In contrast, our work introduces audio-grounded186

role-playing, which diverges fundamentally by187

jointly transforming both acoustic features and188

semantic content to align with specific character189

personas. While traditional VC ensures content190

consistency (e.g., "Hello" remains "Hello" across191

styles), our framework enables role-specific re-192

sponses (e.g., a medieval knight might reply, "Hark!193

Who goes there?" instead of "Hello") and even re-194

fusal to engage (e.g., a stoic guard ignoring casual195

queries). This dual focus on acoustic-semantic role196

alignment bridges the gap between speech conver-197

sion and LLM-based role-playing, where character198

authenticity requires synchronized adaptation of199

acoustic style and semantic content—a paradigm200

unexplored in prior speech conversion research.201

3 Audio Role-Playing Task202

We formally define the Audio Role-Playing task as203

follows: Given a target character C, operationally204

defined as a set of reference audio samples exhibit-205

ing the character’s unique attributes, and an in-206

put audio Xa, synthesize an output audio response207

Xb that simultaneously satisfies: which satisfies208

both: (1) The semantic content of Xb demonstrates 209

contextual appropriateness while manifesting C’s 210

distinctive. (2) The vocal output Xb faithfully pre- 211

serves C’s acoustic identity. 212

3.1 AudioRole Construction 213

We aim to ensure vocal consistency for each spe- 214

cific character; therefore, we focus on long-running 215

TV series where main characters maintain stable vo- 216

cal characteristics across seasons. We avoid series 217

with potential actor changes, age-related voice vari- 218

ations, or insufficient dialogue. Consequently, we 219

have selected TV series featured in a recent dataset 220

called “Bazinga” (Lerner et al., 2022)4 which con- 221

tains 16 TV series in the language of English. 222

Our dataset construction pipeline consists of three 223

core phases: speaker diarization, context-aware dia- 224

logue extraction, and postprocessing. These phases 225

are illustrated in Figure 2. 226

3.1.1 Speaker Diarization 227

For each TV series, we aggregate all episode au- 228

dios into continuous streams using FFmpeg’s5 loss- 229

less waveform concatenation processing. This pre- 230

serves original 16kHz sampling rates while nor- 231

malizing audio codecs into uncompressed WAV 232

format. 233

Pyannote 3.16 is employed for diarization to ex- 234

tract speaker timestamps, which generate RTTM 235

(Rich Transcription Time Marked) files containing 236

precise speaker segments with temporal resolution 237

better than 100 milliseconds. 238

The subsequent audio segmentation phase ex- 239

tracts speaker-specific clips using PyTorch’s tensor 240

operations. By calculating exact frame positions 241

from RTTM timestamps and sample rates, we pre- 242

cisely slice the concatenated audio stream while 243

maintaining original quality. These segments are 244

then merged per speaker identity through PyTorch’s 245

tensor concatenation. The output contains the com- 246

plete dialogue collection of each character that is 247

used to choose the target character. 248

3.1.2 Characteristic Dialogue Construction 249

In our dataset, we only apply the following steps for 250

six chosen TV series, which we called AudioRole- 251

Demo, and if you want to make your own character 252

4We used “Bazinga!” exclusively for the purposes of this
research. If you wish to use our dataset, please ensure to
follow the copyright guidelines associated with “Bazinga!”.

5https://github.com/FFmpeg/FFmpeg
6https://huggingface.co/pyannote/speaker-diarization-3.1

3

https://huggingface.co/datasets/bazinga/bazinga
https://github.com/FFmpeg/FFmpeg
https://huggingface.co/pyannote/speaker-diarization-3.1


Episode 1

Episode 2

Episode 3

Episode 4

… …
Episode N

Speaker 1

Speaker 2

Speaker 2

Speaker 1

Speaker 3

Speaker 3

Speaker 3

Speaker 1

… …

Speaker 3

Speaker 9

Speaker 1

Others

Speaker 1

Others

Others

Speaker 1

Others

… …

(If Speaker 1 is the target character.)

① Acoustic Integrity 
Filtering

② Transcript Validation

③ Language Purity Control

Acoustic 
Enhancement

Others

Speaker 1

Others

Speaker 1

Others

Speaker 1

… …

Speaker Diarization Characteristic Dialogue Construction

Postprocessing
AudioRole

Figure 2: The pipeline of AudioRole Construction.

dataset, you can just follow our procedure. We sim-253

ply take the one main character in each TV series to254

be the target character, but we also support building255

any character that is in these TV series. Building256

upon the merged audio, we sort the audio files and257

choose the largest one to be the audio of the main258

character. To ensure validity, we manually verify259

the candidates per TV series, correcting incorrect-260

character or non-character audio segments.261

Dialogue scene extraction then partitions the con-262

tinuous audio stream into conversational units us-263

ing temporal dynamics. We define a dialogue scene264

as a sequence where: 1) multiple speakers partic-265

ipate, 2) pauses between utterances never exceed266

3s7, and 3) contains at least one utterance from the267

target character.268

Each validated scene undergoes role-centric re-269

structuring to form stimulus-response pairs. Con-270

secutive utterances from non-target speakers merge271

into unified "Speaker A" and consecutive utter-272

ances from the target speaker merge into unified273

"Speaker B", while preserving the temporal order274

of all characters’ responses.275

3.1.3 Postprocessing276

To establish a high-quality multimodal corpus, we277

implement a rigorous postprocessing pipeline en-278

suring synchronization between audio waveforms279

and textual transcripts. The transcription gener-280

ation employs Moore Threads’ MooER model8,281

a LLM-based speech recognition and translation282

model.283

Four quality control measures are systematically284

applied in order to purify by removing fragments285

7We tested segmentation thresholds of 2s, 3s, and 4s on a
control set, the 3s threshold provided the optimal balance for
preserving complete dialogue turns while accurately segment-
ing distinct interactions.

8https://github.com/MooreThreads/MooER

of questionable quality: 286

Acoustic Integrity Filtering Discard audio seg- 287

ments shorter than 1s and truncate those exceeding 288

30s to focus on meaningful utterances, removing 289

samples with abrupt cuts or incomplete phrases. 290

Transcript Validation For there may be tran- 291

scription questions, always generating very long or 292

very short texts, we eliminate transcripts with fewer 293

than 2 characters or exceeding 512 characters9. 294

Language Purity Control For the transcription 295

generation, sometimes transcribe English audio 296

to Chinese audio or Chinese audio to English au- 297

dio. Take English audio as an example, we imple- 298

ment cross-lingual filtering by discarding segments 299

where the non-target language character ratio ex- 300

ceeds 0.1." 301

Acoustic Enhancement We use Deep Filter 302

Net10, a low-complexity speech enhancement 303

framework designed for full-band audio based on 304

deep filtering technology to suppress audio’s noise. 305

Finally, we got the AudioRole dataset and 306

AudioRole-Demo dataset, which we will all re- 307

lease. 308

3.2 Dataset Statistics 309

Our dataset contains 515.66h of audio generated 310

from 13 TV series containing 1M+ character- 311

grounded dialogues. As shown in Table 1, TV 312

series like The Walking Dead have more than 75% 313

loss when extracting speaking audios from the orig- 314

inal audio, showing that the zombie TV series uses 315

9Our manual inspection revealed that over 90% of ASR
failures manifested as either hallucinated infinite repetitions
or cross-lingual confusion. Setting the length limit and the
following language purity threshold proved to be an effective
method.

10https://github.com/Rikorose/DeepFilterNet

4

https://github.com/MooreThreads/MooER
https://github.com/Rikorose/DeepFilterNet


Table 1: Statistic for AudioRole. Speech time is the
time with the character speaking, which is generated
from the Audio time. All time units are hours.

TV series Episode Speech time Audio time

24 192 56.25 134.41
Battlestar Galactica 71 19.64 52.28
Breaking Bad 61 17.16 46.49
Buffy the Vampire Slayer 143 43.42 101.32
ER 330 135.41 235.49
Friends 233 51.32 84.93
Game of Thrones 60 18.45 53.17
Homeland 70 19.87 57.83
Lost 104 22.72 74.61
Six Feet Under 63 25.14 56.72
The Big Bang Theory 207 44.17 68.69
The Office 188 44.65 71.76
The Walking Dead 99 17.46 72.17

a lot of ambient sound, silence, and visual story-316

telling instead of dense dialogue. In contrast, sit-317

coms or pseudo-documentary style TV series like318

Friends, The Big Bang Theory, and The Office rely319

on dense dialogues to create laughs and advance320

the plot, and maintain the comedy rhythm and au-321

dience entertainment experience through rapid line322

interactions in fixed scenes, so the environmental323

sound loss is less than 40%.324

All the 515.66h audio contains more than 115325

main characters’ multi-turn dialogue, which makes326

it a rich dataset with the potential to build a role-327

playing dataset.328

The end-to-end training is computationally in-329

tensive, which constrained us from training mod-330

els for every character in this initial AudioRole.331

So following the pipeline introduced above, we332

built the role-playing dataset for six main charac-333

ters from six different TV series, which we named334

AudioRole-Demo, containing six main characters,335

who are Jack Bauer from 24, Laura Roslin from336

Battlestar Galactica, Walter White from Breaking337

Bad, Buffy from Buffy The Vampire Slayer, Tyrion338

Lannister from Game Of Thrones, and Sheldon339

from The Big Bang Theory.340

The statistic is shown in Table 2. We split all the341

multi-turn dialogues in the training set into single-342

turn dialogues and directly appended them to the343

original multi-turn dialogues. Our AudioRole-344

Demo covers the speaking times range from 1.50h345

to 12.5h and characters from a hard-core agent who346

speaks briefly, directly and commandingly to a ver-347

bose, jargon-filled, socially awkward, outspoken348

geek, which covers a wide range of speaking time349

and a wide range of characters, making it fully350

Table 2: Statistic for AudioRole-Demo. “Scenes” are
before the postprocessing step, and all time units are
hours.

Characters Times Scenes Turns-train Turns-test

Jack Bauer 5.30 2624 2075 90
Laura Roslin 1.50 1117 600 42
Walter White 2.76 994 682 30
Buffy 7.70 1703 3589 190
Tyrion Lannister 1.34 1300 339 22
Sheldon 12.50 723 4209 250

demonstrating our datasets’ high quality through 351

the experiment below. 352

To verify the representativeness of AudioRole- 353

Demo, we conducted a comparative analysis on 354

100 randomly sampled clips from the full corpus 355

versus the demo subset. The results demonstrate 356

high consistency across key metrics, with the full 357

dataset and demo subset achieving comparable Av- 358

erage SNR (19.37 dB vs. 18.24 dB), Average Noise 359

Duration (0.69s vs. 0.73s), and Speaker Overlap 360

Rate (8% vs. 11%). These aligned figures con- 361

firm that the evaluated subset accurately reflects 362

the broader corpus quality, validating the effective 363

generalization of our pipeline. 364

3.3 ARP-Model 365

To demonstrate the high quality of our dataset, 366

we trained the ARP-Model using the AudioRole- 367

Demo. We use the GLM-4-Voice (Zeng et al., 368

2024) as the base model, which is an end-to-end 369

voice model that can directly understand and gener- 370

ate Chinese and English speech. It has three mod- 371

els: (1) GLM-4-Voice-Tokenizer takes audio input 372

and converts raw audio input into discrete tokens. 373

(2) GLM-4-Voice-9B takes the token inputs, then 374

thinks and responds also in discrete tokens. (3) 375

GLM-4-Voice-Decoder converts discrete speech 376

tokens into continuous speech outputs. 377

To make the model have the ability to role-play 378

the character in both semantic content and acoustic 379

identity, we trained the GLM-4-Voice-9B model 380

and GLM-4-Voice-Decoder separately. 381

To train the GLM-4-Voice-9B model, we format- 382

ted the training data into 13 text tokens and then 26 383

audio tokens for each character in our AudioRole- 384

Demo dataset, and then followed the common train- 385

ing procedure of Colossal AI platform11 with 20 386

training epochs. Considering the GLM-4-Voice- 387

Decoder, we first extract all the audios of the target 388

11https://github.com/hpcaitech/ColossalAI
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characters to form six high-quality unsupervised389

speech data from a single speaker, then trained the390

flow matching model of GLM-4-Voice-Decoder391

from scratch about 15 epochs.392

We do the training on 8×40GB GPUs about393

30 hours in total. Finally, we directly follow the394

original structure of GLM-4-Voice, and put the395

untrained tokenizer and the two trained models396

together in order for each character to form our 6397

ARP-Models.398

3.4 ARP-Eval399

The dual-alignment paradigm of Audio Role-400

Playing necessitates a comprehensive evaluation401

framework that simultaneously addresses both402

acoustic and semantic dimensions of character em-403

bodiment. We propose ARP-Eval as a unified as-404

sessment framework that rigorously quantifies 4405

critical aspects of performance. This framework406

emerges from the fundamental observation that au-407

thentic character portrayal requires not only high-408

quality speech synthesis but also consistent preser-409

vation of character-specific attributes across multi-410

ple modalities.411

Acoustic Quality (AQ) AQ establishes the ba-412

sic requirement for perceptual acceptability. We413

employ Audiobox’s pre-trained aesthetic scoring414

model (Tjandra et al., 2025)12 to compute produc-415

tion quality scores in a range of 0 to 10, quantifying416

technical attributes including signal-to-noise ratio,417

harmonic-to-noise ratio, and spectral flatness. This418

ensures Xb meets broadcast-standard technical cri-419

teria before character-specific evaluation.420

Content Quality (CQ) CQ requires output audio421

Xb to demonstrate both contextual appropriateness422

and domain accuracy while maintaining the target423

character C’s persona. For instance, when input424

audio Xa queries “Explain quantum entanglement,”425

Xb from C-Sheldon should respond: “While quan-426

tum entanglement appears spooky, it’s simply cor-427

related quantum states persisting after particle sep-428

aration” – employing scientific lexicon without429

deviating into unrelated topics. Our pipeline us-430

ing whisper-turbo13 transcribes Xb to text Tb, then431

computes semantic alignment using the GPT-4o432

model, and the score is in a range of 0 to 2. The433

prompt used is shown in Table 6.434

12https://github.com/facebookresearch/audiobox-
aesthetics

13https://github.com/openai/whisper

Acoustic Personalization (AP) AP quantifies 435

voice characteristic preservation through PyAnno- 436

tate’s speaker embedding model14. Given reference 437

audio samples Xc of C and synthesized Xb, we ex- 438

tract their embeddings ec and eb and then calculate 439

AP using cosine similarity. The score ranges from 440

-1 to 1, where higher values indicate greater simi- 441

larity to the target character’s acoustic identity. 442

Content Personalization (CP) CP evaluates 443

stylistic consistency using GPT-4o-audio multi- 444

modal reasoning ability. The model takes in Xb 445

and a reference audio sample Xc, and a prompt 446

to analyze whether they show the same character’s 447

style in a range of 0 to 2. The prompt used is shown 448

in Table 7. 449

By combining objective signal measurements 450

with learned character representations, ARP-Eval 451

provides comprehensive insights into system per- 452

formance, while this multifaceted approach ef- 453

fectively captures the complex interplay between 454

speech quality, contextual intelligence, and char- 455

acter consistency, which defines successful audio 456

role-playing implementations. 457

4 Experiment 458

4.1 Baselines 459

To establish a comprehensive benchmark for the 460

Audio Role-Playing (ARP) task, we select the fol- 461

lowing state-of-the-art models as baselines: 462

• GPT-4o Audio15: As one of the most power- 463

ful proprietary multimodal models, GPT-4o 464

Audio sets a strong baseline for general au- 465

dio understanding and generation, and for our 466

evaluations, we utilize its default “alloy” voice 467

profile. This baseline represents the zero-shot 468

capability of a top-tier commercial system for 469

our task. 470

• MiniCPM-o 2.616: This open-source model 471

is a strong contender that explicitly sup- 472

ports voice style adaptation and one-shot role- 473

playing, making it a highly relevant and strong 474

baseline for assessing few-shot character adap- 475

tation performance without specialized train- 476

ing on our dataset. 477

14https://huggingface.co/pyannote/wespeaker-voxceleb-
resnet34-LM

15https://platform.openai.com/docs/models/gpt-4o-audio-
preview

16https://openbmb.notion.site/MiniCPM-o-2-6
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• GLM-4-Voice: We use the original, pre-478

trained GLM-4-Voice model as our base479

model. It allows us to isolate and quantify480

the performance improvement gained specif-481

ically from fine-tuning on our proposed Au-482

dioRole dataset, separate from any inherent483

capabilities of the underlying architecture.484

For our fine-tuned ARP-Model, the model re-485

quires only the user query, as the persona is intrin-486

sic to the model weights. For baselines, we utilized487

a direct prompt as shown in Table 5 to test their488

inherent one-shot role-playing capabilities, which489

provides a fair baseline comparison without heavy490

prompt engineering491

4.2 Experiment Analysis492

We conduct a comprehensive evaluation of the493

ARP-Model against baseline models on the494

AudioRole-demo dataset. As shown in Table 3, our495

experiment reveals three key findings, including496

both quantitative metrics and qualitative observa-497

tions:498

Acoustic Content Tradeoff The experimental499

results show that although the audio quality is re-500

duced to a certain extent (ARP-Model AQ=6.5501

vs GLM-4-Voice=7.6), our model showcases per-502

sona adaptation without catastrophic forgetting of503

fundamental speech capabilities. This controlled504

degradation primarily stems from two technical505

factors: (1) the inherent conflict between character-506

specific vocal patterns (e.g., Sheldon’s acceler-507

ated speech rate) and the base model’s default508

prosodic templates during fine-tuning; (2) preser-509

vation of environmental noise from TV record-510

ings (outputs from our AudioRole-demo dataset,511

which achieve AQ=6.3 under the same evaluation)512

prevents smoothing to synthetic speech patterns.513

Notably, GPT-4o Audio’s anomalously high CQ514

scores may reveal evaluation bias - when using515

GPT-4 as both generator and evaluator, the self-516

consistency preference inflates scores.517

Acoustic Personalization Superiority The fi-518

delity of the role-playing experience is most sen-519

sitive to Acoustic Personalization. In contrast to520

the more tolerable variations in AQ, CQ, and CP,521

differences in AP have a pronounced effect on the522

perceived authenticity of a character. ARP-Model523

demonstrates 5× higher AP scores than GPT-4o Au-524

dio and 80% improvement over MiniCPM-O-2.6,525

validating the necessity of dedicated role-specific526

training. The remaining gap from score 1.0 pri- 527

marily occurs in three scenarios: 1) The outputs 528

from AudioRole-demo (the reference answer) has a 529

different answer strategy from the ARP-Model, re- 530

sulting in differences in speaking speed, emotional 531

fluctuations, etc., 2) The ARP-Model’s answer still 532

has some noise or somewhere badly learned after 533

fine-tuning, and 3) The context of the non-linear 534

nature of high-dimensional cosine similarity. 535

Content Personalization Dynamics Despite 536

lower absolute CQ scores, ARP-Model’s CP out- 537

performs GLM-4-Voice by 38% and even a lit- 538

tle higher than MiniCPM-O-2.6’s one-shot per- 539

formance. This indicates successful injection of 540

character-typical speech patterns. When meeting 541

the same input, the ARP-Model can generate more 542

personalized output compared to the raw GLM-4- 543

Voice model. However, the CP gap between ARP- 544

Model and the reference answer exposes limita- 545

tions in contextual adaptation - the model occasion- 546

ally generates character-consistent but situationally 547

inappropriate responses (e.g., using humorous in 548

solemn contexts).

So what did you say to Amy? She's mad at me right 
now and I have no idea why. Well, were you talking 
before she got mad? Yeah, that's probably why. What 
did you say to her? 

Oh Lenard, according to the Social Interaction 
Handbook, the best strategy for starting a 
conversation with a woman is to center it around a 
shared activity. We haven't played Star Wars together 
yet, that's our weekend ritual.

Oops, I might have said something to upset her. Or 
maybe I should have said it differently. I really don't 
want to make her angry.

Well, considering the social nuances and interpersonal 
complexities often elude me, it's highly probable that 
my choice of words or perhaps an unintentional breach 
of protocol may have given rise to Amy's reaction. 
Without more data, I can't make a definitive 
conclusion, but it's a statistically significant 
hypothesis. One must always remain vigilant for 
variables in human behavior.

I wanted to talk to her about how to start a 
conversation naturally, like cooking together -maybe 
she cooks for you, maybe you cook for her. When she 
lifted her hair, I noticed that her glasses were 
missing... No, I didn‘t care about these details at all. I 
was just thinking about how to approach her gracefully 
and playfully to make...

Well, let’s start watching the new The Flash TV series. 

Figure 3: One typical case of Sheldon, and the words
in orange show the scientific terms used by the models
to imitate Sheldon. “Reference” means the output from
the AudioRole-Demo dataset

.
549

Figure 3 shows a representative example of how 550

each model responds to a query directed at Sheldon. 551

The ARP-Model’s answer clearly reflects his per- 552
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Table 3: Main experimental results. For each metric (higher is better) in “Avg.”, the highest score is highlighted
in bold and underline, while the second best is marked with italics and underline. All values retain two decimal
places.

Characters GPT-4o Audio MiniCPM-o 2.6 GLM-4-Voice ARP-Model
AQ CQ AP CP AQ CQ AP CP AQ CQ AP CP AQ CQ AP CP

Jack Bauer 7.80 1.90 0.02 1.30 6.50 0.66 0.13 0.30 7.50 0.37 0.05 0.24 6.00 0.22 0.23 0.49
Laura Roslin 7.70 1.80 -0.02 0.80 7.10 0.71 0.24 0.41 7.50 0.50 0.03 0.24 6.20 0.33 0.33 0.41
Walter White 7.50 1.60 0.08 1.30 7.10 0.70 0.22 0.38 7.60 0.37 0.07 0.43 6.40 0.50 0.26 0.17
Buffy 7.70 1.80 0.01 1.10 6.80 0.69 0.09 0.34 7.60 0.52 0.10 0.25 6.70 0.43 0.39 0.36
Tyrion Lannister 7.60 1.90 0.00 0.95 6.90 0.59 0.14 0.14 7.60 0.36 0.04 0.10 6.8 0.55 0.25 0.26
Sheldon 7.70 1.30 0.29 1.00 6.80 1.10 0.24 0.54 7.60 0.43 0.01 0.32 6.70 0.28 0.42 0.44

Avg. 7.70 1.70 0.06 1.10 6.90 0.74 0.17 0.35 7.60 0.43 0.05 0.26 6.50 0.39 0.31 0.36

sona: it uses precise scientific terms, adopts a con-553

descending tone, and notably avoids any apology or554

show of emotion. When it encounters discomfort,555

the ARP-Model even changes the subject abruptly556

(e.g., redirecting the conversation to a physics con-557

cept) – a classic Sheldon move. The reference558

answer from the TV show behaves very similarly,559

confirming that the ARP-Model has captured many560

of these quirks. In contrast, the raw GLM-4-Voice561

response, while factually reasonable, misses the562

mark on character. It might apologize or express563

empathy, which Sheldon would never do. The GPT-564

4o Audio output is fluent and technically detailed,565

but it actually overuses jargon; it sounds as if the566

model is deliberately forcing scientific buzzwords,567

making the response feel contrived. Essentially,568

GPT-4o’s answer is too polished and verbose – akin569

to an actor trying too hard. Finally, the MiniCPM-570

2.6 answer is longer and more emotional, injecting571

sympathy or personalization, which again does not572

fit Sheldon’s unemotional style.573

This qualitative case underscores our quantita-574

tive findings. The ARP-Model best approximates575

the true character by naturally blending persona and576

content: its answer may have slightly lower audio577

clarity, but it “feels” like Sheldon. The other mod-578

els either sound too polite, too artificially scholarly,579

or too sentimental. In sum, the targeted fine-tuning580

of the ARP-Model leads to more authentic role-581

playing speech than these generic approaches.582

4.3 Human Perceptual Evaluation583

While automated metrics provide a scalable assess-584

ment, human perception remains the gold standard585

for evaluating role-playing authenticity. To validate586

our automatic metrics (AP and CP), we conducted587

a blind human evaluation on 50 randomly selected588

test samples. Two annotators ranked the responses589

of four models (GPT-4o, MiniCPM-o-2.6, GLM-590

Table 4: Human perceptual evaluation results. The
two Rank scores are the “Average scores” and “Agree.”
represents “Agreement”.

Model AP Rank CP Rank AP Agree. CP Agree.

ARP-Model 4.00 2.75 100% 90%
GPT-4o-Audio 1.61 3.58 84% 76%
MiniCPM-o-2.6 3.00 2.56 100% 92%
GLM-4-Voice 1.39 1.11 84% 88%

4-Voice, and our ARP-Model) from 1 (worst) to 4 591

(best) based on Acoustic Personalization and Con- 592

tent Personalization as shown in Table 4. 593

The results strongly validate our automatic met- 594

rics, and both annotators said ARP-Model’s voice 595

is significantly better than others, which is almost 596

the same as the character. The high inter-annotator 597

agreement (>76%) further confirms the reliability 598

of these findings. 599

5 Conclusion 600

We present AudioRole, a novel framework for 601

audio-grounded character role-playing that bridges 602

text-based persona simulation and vocal identity 603

preservation. We release a large-scale dataset Au- 604

dioRole of 515+ hours from 13 TV series with 1M+ 605

character-aligned audio-text pairs and a human- 606

checked AudioRole-Demo, which contains 6 main 607

characters’ multi-turn dialogue data over 31h. By 608

both automated metrics from ARP-Eval and human 609

listeners, the experimental results demonstrate that 610

our ARP-Model successfully combines character- 611

specific speech patterns with appropriate semantic 612

content. 613

This work provides essential resources for de- 614

veloping authentic multi-modal AI personas to pro- 615

mote the development in this area, and you can 616

easily create your own favorite character’s dataset 617

just following our pipeline. 618
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Ethical considerations619

AudioRole is derived from a publicly available620

dataset consisting of audio from popular TV se-621

ries. We believe this research uses publicly accessi-622

ble, fictional content for non-commercial purposes623

presents no major ethical concerns.624

Limitations625

Despite implementing advanced diarization tech-626

niques and noise-suppression methodologies to en-627

sure dataset integrity, speaker attribution errors con-628

tinue to occur. Notably, in scenes with conversa-629

tional overlap, non-stationary environmental noise630

can still compromise precise voiceprint extraction631

in certain acoustic conditions.632

Current assessment protocols, while comprehen-633

sive, exhibit limitations in quantifying nuanced634

temporal speech dynamics and fully capturing635

cross-modal alignment, particularly the synergistic636

relationship between vocal delivery and semantic637

content during character portrayal.638

Our current experimental setup focuses on639

single-turn evaluation. While multi-turn consis-640

tency is vital for long-term interaction, we prior-641

itized isolating the acoustic role-playing capabil-642

ity—a foundational step before addressing complex643

contextual memory. However, it also notes that the644

AudioRole dataset itself preserves full dialogue his-645

tory and speaker turns, making it natively ready646

for future research into multi-turn consistency and647

persona stability.648

These identified constraints underscore critical649

pathways for future refinement in developing ro-650

bust multi-modal role-playing systems. Addressing651

these limitations—through expanded data diversity,652

enhanced audio processing pipelines, refined eval-653

uation metrics, and multi-turn testing — will be654

pivotal for advancing the field.655
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6 Appendix 811

6.1 Prompts for Generation and Evaluation 812

To ensure reproducibility, we provide the exact 813

prompts used for baseline generation and auto- 814

mated evaluation metrics. 815

Prompt for Baseline Models (like GPT-4o-
Audio)

Please imitate the character of “{role}” in TV
series of “{TV}” and reply to the content of this
audio given to you in “{role}” ’s style.

Directly generate your answer, don’t say any
other words.

Table 5: Generation prompt of baseline models.

10

https://aclanthology.org/2022.lrec-1.367/
https://doi.org/10.1145/3589335.3651584
https://doi.org/10.1145/3589335.3651584
https://doi.org/10.1145/3589335.3651584
https://doi.org/10.1145/3589335.3651584
https://doi.org/10.1145/3589335.3651584
https://arxiv.org/abs/2505.15727
https://arxiv.org/abs/2505.15727
https://arxiv.org/abs/2505.15727
https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2502.05139
https://arxiv.org/abs/2502.05139
https://arxiv.org/abs/2502.05139
https://arxiv.org/abs/2502.05139
https://arxiv.org/abs/2502.05139
https://arxiv.org/abs/2509.09716
https://arxiv.org/abs/2509.09716
https://arxiv.org/abs/2509.09716
https://arxiv.org/abs/2509.09716
https://arxiv.org/abs/2509.09716


Prompt for Content Quality (CQ) Evaluation

I will give you one turn dialogue, the first sen-
tence is said by some one else and the second
sentence is said by “{role}” from the TV series
“{TV}”. After carefully read, you should score
the helpfulness of the second sentence to evalu-
ate under the character of “{role}” whether it
is a good answer to the first sentence.

The first sentence is:
“{gold_transcription}”

The second sentence from “{role}” is:
“{transcription}”

Your helpfulness score should be from 0 (lowest)
to 2 (highest).

Directly generate your score in an int number,
don’t say any other words.

Table 6: Evaluation prompt of CQ.

Prompt for Content Personalization (CP)
Evaluation

I will give you two audios, one of them is the
audio from “‘{role}” in the TV series “{TV}”
and the other audio is from UNKNOWN.

Please help me determine whether the two
audios maintain the same speaking style and
whether their content is obviously spoken by
the same character “{role}”. Please score the
UNKNOWN audio’s Content Personalization
degree from 0 (lowest) to 2 (highest).

Directly generate your score in an int number,
don’t say any other words.

Table 7: Evaluation prompt of CP.
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