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Abstract001

Recent Audio Large Language Models (Au-002
dioLLMs) exhibit a striking performance in-003
version: while excelling at complex reason-004
ing tasks, they consistently underperform on005
fine-grained acoustic perception. We attribute006
this gap to a fundamental limitation of ASR-007
centric training, which provides precise lin-008
guistic targets but implicitly teaches models009
to suppress paralinguistic cues and acoustic010
events as noise. To address this, we propose011
Unified Audio Schema (UAS), a holistic and012
structured supervision framework that orga-013
nizes audio information into three explicit com-014
ponents—Transcription, Paralinguistics, and015
Non-linguistic Events—within a unified JSON016
format. This design achieves comprehensive017
acoustic coverage without sacrificing the tight018
audio-text alignment that enables reasoning.019
We validate the effectiveness of this supervi-020
sion strategy by applying it to both discrete021
and continuous AudioLLM architectures. Ex-022
tensive experiments on MMSU, MMAR, and023
MMAU demonstrate that UAS-Audio yields024
consistent improvements, boosting fine-grained025
perception by 10.9% on MMSU over same-size026
state-of-the-art models while preserving robust027
reasoning capabilities.028

1 Introduction029

Recent Audio Large Language Models (Audi-030

oLLMs) present a striking paradox: models ca-031

pable of complex reasoning often fail at elementary032

auditory perception. While they excel on reasoning-033

heavy benchmarks, they struggle to reliably iden-034

tify speaker traits, emotion, prosody, or even simple035

non-linguistic acoustic events (Yang et al., 2024;036

Wang et al., 2025; Kwon et al., 2025). For instance,037

on the MMSU benchmark, current AudioLLMs038

achieve approximately 70% accuracy on complex039

reasoning tasks yet drop sharply to around 40%040

on fundamental perception tasks. Such perceptual041

blind spots lead to practical failures: a model may042

correctly transcribe "I’m fine" while completely 043

missing the trembling voice that signals distress, or 044

fail to notice a door slam that signals an abrupt end 045

to the interaction. 046

Despite the rapid scaling of both language back- 047

bones and audio encoders, these perceptual failures 048

persist across different model sizes and architec- 049

tures. This persistence suggests that the underlying 050

issue is unlikely to be solely a result of insufficient 051

model capacity or architectural limitations. Instead, 052

it points to a more systemic factor shared by most 053

existing AudioLLMs: how audio information is 054

supervised during training. 055

Most existing models rely heavily on automatic 056

speech recognition (ASR) as their training signal, 057

using text transcription as the primary interface 058

between audio and language. While effective for 059

semantic alignment, ASR is inherently selective: 060

to recover canonical text, it deliberately normal- 061

izes away prosody, speaker identity, emotion, and 062

acoustic context. This training objective creates a 063

fundamental asymmetry—models are consistently 064

rewarded for reasoning about what is said, while 065

being implicitly discouraged from attending to how 066

it is said or what else occurs acoustically. As a 067

result, perception is not merely under-trained — it 068

is systematically de-emphasized. 069

Motivated by this perspective, we introduce the 070

Unified Audio Schema (UAS), a structured textual 071

representation that decomposes audio into three 072

complementary components (Figure 1a): Tran- 073

scription captures the spoken content; Paralin- 074

guistics encodes speaker-level attributes such as 075

emotion, age, gender, accent, prosody, and timbre; 076

and Non-linguistic Events describes the acoustic 077

context, including both discrete sounds (e.g., door 078

slams, laughter) and continuous background con- 079

ditions (e.g., ambient noise, music). This decom- 080

position follows the classical taxonomy of speech 081

information (Laver, 1994) and is designed to ex- 082

pose perceptual dimensions explicitly rather than 083
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Unified Audio Schema (UAS)
[T] transcription
The wing has rounded edges and that just doesn't generate very much lift at all. And in
terms of stability, all modern aeroplanes have ...

[P] paralinguistics
   age: "Adult"
   gender: "Male"
   emotion: "Neutral"
   accent: "Southern English"
   prosody: "Calm and measured, with a steady pace..." 
   timbre: "Slightly muffled" 

[E] nonLinguisticEvents
   discreteEvents:
         label: "Synthesized musical chord"
              characteristic: "Sustained, harmonically rich" 
   continuousEvents:
         label: "Background hiss"
               characteristic: "Low-level"
         label: "Faint hum"
                characteristic: "Steady" 

(a) Unified Audio Schema (UAS)
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Figure 1: Overview of the Unified Audio Schema (UAS) and evaluation results. (a) UAS structures audio
information into three components: Transcription, Paralinguistics, and Non-linguistic Events. (b) Reasoning vs.
Perception accuracy on MMSU. UAS-Audio significantly enhances perception while maintaining robust reasoning.

implicitly. Leveraging this structured format, UAS084

enables AudioLLMs to retain perceptual informa-085

tion without sacrificing semantic alignment.086

Crucially, this schema does not require expen-087

sive manual annotation. We demonstrate that UAS088

training data can be automatically synthesized at089

scale from existing corpora using off-the-shelf mod-090

els, converting standard ASR datasets into rich,091

perception-aware supervision.092

Leveraging this scalable pipeline, we validate the093

effectiveness of UAS on both continuous (Xu et al.,094

2025a; Wu et al., 2025) and discrete (Zeng et al.,095

2024) architectures. Experiments confirm that096

restructuring supervision yields consistent gains097

across both paradigms. As shown in Figure 1b,098

UAS-Audio achieves an 11% absolute improve-099

ment in perception accuracy over state-of-the-art100

baselines on MMSU, while strictly preserving rea-101

soning capabilities. Beyond perception, UAS-102

Audio demonstrates robust generalization across103

diverse audio domains, achieving state-of-the-art104

performance on the MMAR reasoning benchmark105

(60.1%) and competitive results on MMAU, secur-106

ing the highest average score (65.2%) across all107

three benchmarks.108

In summary, our contributions are threefold:109

• We identify that the perceptual weakness110

of current AudioLLMs stems from ASR-111

centric supervision, which systematically de-112

emphasizes paralinguistic and non-linguistic113

information during training.114

• We propose the Unified Audio Schema (UAS),115

a structured representation that explicitly de-116

composes audio into transcription, paralin-117

guistics, and non-linguistic events, along with 118

a scalable pipeline to synthesize UAS annota- 119

tions using off-the-shelf expert models. 120

• We train UAS-Audio and demonstrate consis- 121

tent improvements across both continuous and 122

discrete AudioLLM architectures, achieving 123

an absolute 11% gain in perception accuracy 124

on MMSU benchmark while preserving rea- 125

soning performance. 126

2 Unified Audio Schema (UAS) 127

2.1 Schema Definition and Rationale 128

Our schema design is grounded in the semiotic 129

framework of speech signals defined by Laver 130

(1994). According to Laver, speech is not a mono- 131

lithic stream but a composite of three information 132

layers: (1) the Linguistic Layer, conveying the 133

abstract semantic message; (2) the Paralinguistic 134

Layer, encompassing voluntary vocal variations 135

(e.g., tone, prosody) that signal attitude; and (3) 136

the Extralinguistic Layer, containing indexical fea- 137

tures identifying biological constraints (e.g., age, 138

gender) and the physical environment. 139

Building upon this hierarchy, we aim to preserve 140

the full spectrum of acoustic nuance by explic- 141

itly disentangling the signal’s semantic and non- 142

semantic components. We map Laver’s theoretical 143

layers into a practical annotation schema organized 144

along three functional dimensions: 145

Transcription. Corresponding to the linguistic 146

layer, this field preserves the verbatim speech con- 147

tent with 100% linguistic fidelity equivalent to ASR 148
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Audio Caption

The content is technical and educational, using precise 
terminology and a didactic structure. The speaker’s 
delivery is neutral and authoritative, with no emotional 
inflection or conversational cues, and ...

⚠  Missing or incomplete verbatim details

Verbatim Transcript (Ground Truth)

The wing has rounded edges and that just doesn't 
generate very much lift at all. And in terms of stability, 
all modern aeroplanes have ...

⚠  Lacks paralinguistics and non-linguistic events

Acoustic 
Caption 

Generation

Structured 
Schema 

Synthesis

Unified Audio Schema (UAS)
{

}

✅ Structured & Complete

“transcription”: “The wing has rounded edges and that  
just doesn‘t generate very much lift at all. And in 
terms of stability, all modern aeroplanes have ...”,

“paralinguistics”: {
 “age”: “Adult”, 
“gender”: “Male”,

 “emotion”: “Neutral”, 
 “accent”: “Southern English”,
 “prosody”: “Calm, measured, and informative ...”,
“timbre”: “Slightly muffled”

},
“nonLinguisticEvents”: {
  “description”: ”The recording environment is ...”,
“discrete Events”: [], 

 “continuous Events” : [{ 
    “label”: “Background hiss”,
    “characteristic”: “Low-level and consistent”}
]

}

Quality
Validation

Rejected
Samples

Raw UAS
Samples

Pass

Fail

Stage 1

Stage 2 Stage 3

Figure 2: Overview of the UAS Data Generation Pipeline. (Stage 1) Acoustic captions are generated to capture
paralinguistic and environmental context. (Stage 2) A structured synthesizer merges these captions with ground-truth
transcripts. (Stage 3) An automated validation stage filters hallucinations and enforces logical consistency, yielding
a final UAS that is ‘Structured & Complete’

output. This field ensures that UAS never sacrifices149

the semantic precision compared to standard ASR.150

Paralinguistics. Capturing the paralinguistic151

layer and the speaker-intrinsic aspects of the ex-152

tralinguistic layer, this field consists of structured153

attributes describing how speech is produced. It154

is organized into six explicit subfields: (1) Age:155

Speaker age group (e.g., “Adult”, “Child”, “El-156

derly”); (2) Gender: Speaker gender (e.g., “Male”,157

“Female”); (3) Emotion: Emotional state (e.g.,158

“Neutral”, “Happy”, “Angry”, “Sad”); (4) Accent:159

Regional or linguistic accent (e.g., “Southern Amer-160

ican English”); (5) Prosody: Speaking style de-161

scription including pace, intonation, and rhythm;162

and (6) Timbre: Voice quality characteristics de-163

scribing the acoustic texture of the speaker’s voice164

(e.g., “Slightly muffled”, “Clear and resonant”).165

Non-linguistic Events. Representing the environ-166

mental aspect of the extralinguistic layer, this field167

gives acoustic information beyond speech, captur-168

ing the auditory scene through three subfields: (1)169

Description: Overall characterization of the record-170

ing environment; (2) Discrete Events: Identifiable171

sound occurrences with clear temporal boundaries172

(e.g., door slam); and (3) Continuous Events: Am-173

bient sounds persisting throughout the audio (e.g.,174

engine rumble). Each discrete or continuous event175

is annotated with a label and characteristic (e.g.,176

“stylus click” with “sharp, high-pitched”, “Back-177

ground hiss” with “low-level and consistent”).178

It is important to note that UAS supports both179

speech and non-speech data (e.g., pure environment180

sounds or music). For audio segments containing181

no human speech, the “transcription” field and all182

relevant paralinguistic subfields are set to “null”.183

This structured decomposition offers critical ad- 184

vantages beyond mere organization. First, it facil- 185

itates disentangled learning by transforming the 186

implicit task of “holistic understanding” into ex- 187

plicit subtasks. This prevents feature conflation, 188

forcing the model to distinguish what is said from 189

how it is said. Second, the schema introduces syn- 190

tactic invariance. Unlike unstructured captions 191

that suffer from high entropic variability (i.e., many 192

ways to describe the same sound), UAS provides a 193

consistent, low-entropy supervision target, thereby 194

reducing learning difficulty and stabilizing opti- 195

mization. Finally, it ensures programmatic ac- 196

cessibility. The rigorous JSON format bridges the 197

gap between the probabilistic nature of LLMs and 198

the deterministic requirements of software inter- 199

faces, allowing downstream applications to reliably 200

utilize acoustic attributes without complex parsing. 201

2.2 Scalable UAS Data Generation Pipeline 202

To operationalize UAS at scale, we develop an au- 203

tomated pipeline that transforms existing ASR cor- 204

pora into UAS-formatted supervision. The pipeline 205

proceeds in three stages, as illustrated in Figure 2. 206

Stage 1: Acoustic Caption Generation. Given 207

raw audio samples with their original transcrip- 208

tions, we first employ a caption model (Xu et al., 209

2025b) as an acoustic captioner to generate rich 210

descriptions of paralinguistic attributes and envi- 211

ronmental sounds. The captioner is prompted to 212

describe speaker characteristics (age, gender, emo- 213

tion, accent, prosody, timbre), and non-speech 214

acoustic events (e.g., background environment, dis- 215

crete sounds, continuous ambient sounds or music) 216

in detail. This stage extracts the acoustic informa- 217

tion that ASR supervision inherently discards. 218
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Stage 2: Structured Schema Synthesis. The219

generated acoustic captions are then combined with220

ground-truth transcriptions and processed through221

an LLM to synthesize structured UAS annotations.222

We design a carefully hand-crafted prompt (de-223

tailed in Appendix H) that instructs the LLM to:224

(1) preserve the original transcription verbatim in225

the designated field; (2) extract and normalize par-226

alinguistic attributes from the caption into the pre-227

defined categories (age, gender, emotion, accent,228

prosody, timbre); and (3) organize non-linguistic229

event descriptions into the hierarchical schema with230

discrete and continuous event separation. This231

synthesis step ensures both semantic fidelity (via232

ground-truth transcription) and acoustic complete-233

ness (via caption-derived attributes).234

Stage 3: Quality Validation. To ensure strict235

data reliability, we implement a multi-level au-236

tomated validation pipeline: (1) Ontology Con-237

straints Enforcement: All categorical fields (e.g.,238

emotion, gender) are verified against a predefined239

closed-set vocabulary, discarding synonyms or240

open-ended hallucinations from the LLM. (2) Tran-241

scription Integrity: Exact string matching with the242

ground truth ensures zero semantic loss. (3) Log-243

ical Consistency Filtering: Rule-based checks re-244

solve inter-field conflicts, such as strictly mapping245

empty transcriptions to “null” paralinguistic fields,246

and rejecting samples where gender attributes con-247

tradict acoustic timbre (e.g., “Male” label with248

“High-pitched feminine” description). (4) Duration-249

Content Alignment: Heuristic filters discard sam-250

ples where the description’s complexity dispropor-251

tionately exceeds the audio duration, reducing the252

risk of generative hallucination.253

Human Verification of Data Quality. To ver-254

ify the automated pipeline, we manually audited255

N = 200 random samples across speech, music,256

and environmental sounds. The results demonstrate257

high reliability, with most paralinguistic and envi-258

ronmental attributes achieving a mean accuracy259

of over 95%. Detailed methodology and per-field260

accuracy scores are provided in Appendix A.261

2.3 UAS-QA262

Beyond raw UAS annotations, we additionally syn-263

thesize a UAS-QA dataset to train the model to264

leverage structured acoustic knowledge for down-265

stream tasks. Based on UAS annotations, we auto-266

matically generate three types of question-answer267

pairs: (1) Direct QA: Questions querying spe-268

LLM

Adapter

Audio 
Encoder

Audio 
Decoder

Text output mode

Audio output  mode

text tokens

audio tokens

Audio 
Tokenizer

Discrete 
Architecture

Continuous 
Architecture

or

Figure 3: Overview of UAS-Audio architectures. Au-
dio input is processed via either discrete tokenization
or continuous encoding (left). The LLM generates text-
only or bi-modal outputs (right).

cific UAS fields (e.g., “What is the speaker’s emo- 269

tion?” → “Neutral”; “What is the speaker’s ac- 270

cent?” → “Southern American English”); (2) Mul- 271

tiple Choice: Questions with candidate options 272

derived from the UAS attribute vocabulary (e.g., 273

“What is the speaker’s age group? A. Child B. Adult 274

C. Elderly” → “B. Adult”); and (3) Yes/No Ques- 275

tions: Binary verification questions (e.g., “Is the 276

speaker male?” → “Yes”; “Are there discrete sound 277

events in this audio?” → “No”). 278

This diverse question format ensures compre- 279

hensive coverage of all UAS fields—transcription, 280

paralinguistics, and non-linguistic events—while 281

providing explicit supervision signals that encour- 282

age the model to attend to fine-grained acoustic 283

details during inference. 284

3 UAS-Audio 285

3.1 Overview 286

To validate the effectiveness of UAS supervision, 287

we develop UAS-Audio (Figure 3), an AudioLLM 288

designed to address the perception–reasoning im- 289

balance identified in existing models. In this 290

section, we focus on the continuous architec- 291

ture of UAS-Audio, whose design aims to pre- 292

serve the strong reasoning capabilities of current 293

AudioLLMs while substantially enhancing fine- 294

grained acoustic perception—achieving holistic au- 295

dio understanding without the trade-offs inherent in 296

ASR-centric or caption-based training paradigms. 297

The discrete variant (denoted as UAS-Audio-D), 298

which follows a similar design philosophy with 299

architecture-specific adaptations, is detailed in Ap- 300

pendix B. 301

Following the successful paradigm established 302

by recent AudioLLMs (Xu et al., 2025a; Wu et al., 303

2025), the continuous UAS-Audio model adopts a 304
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four-component framework that has proven effec-305

tive for audio–language modeling: (1) an Audio306

Encoder that transforms raw waveforms into con-307

tinuous representations; (2) a Projection Layer308

that aligns audio representations with the language309

model’s embedding space; (3) a Large Language310

Model backbone that performs reasoning over com-311

bined audio–text inputs; and (4) a Speech Decoder312

based on the flow matching architecture (Lipman313

et al., 2023), which converts audio tokens into mel-314

spectrograms that are subsequently transformed315

into waveforms using a HiFi-GAN vocoder (Kong316

et al., 2020).317

We next describe the training pipeline for this318

continuous architecture.319

3.2 Training Pipeline320

We follow the standard multi-stage alignment pro-321

tocol established in Wu et al. (2025); Xu et al.322

(2025a). We do not introduce new modules or323

specialized loss functions; we simply plug in the324

UAS data.325

Stage 1: Discrete Token Alignment. Although326

our primary architecture leverages a continuous au-327

dio encoder (plus adapter) for high-fidelity input328

processing, discrete audio tokens remain essential329

for enabling the LLM to perform speech genera-330

tion. To establish this output capability, we ex-331

tend the LLM’s vocabulary with discrete acoustic332

codes derived from StableToken (Song et al., 2025).333

This stage aligns text and audio representations via334

Automatic Speech Recognition (ASR) and Text-335

to-Speech (TTS) tasks, effectively equipping the336

model with the interface to autoregressively predict337

audio segments for the speech decoder. During this338

process, only the embedding layer and the LLM339

head are trainable, while all other model parame-340

ters remain frozen.341

Stage 2: Audio-LLM Adaptation. The second342

stage adapts the audio encoder to the pretrained343

LLM for cross-modal alignment. We train exclu-344

sively on UAS annotation data, with the LLM back-345

bone and audio encoder frozen and only the pro-346

jection layer updated. By introducing structured347

acoustic understanding at the outset, this stage pre-348

vents the model from developing ASR-centric rep-349

resentations that would later need to be “unlearned”350

to accommodate paralinguistic information.351

Stage 3: Full Instruction Tuning. The third352

stage performs comprehensive instruction tuning353

across diverse audio understanding and generation 354

tasks. We unfreeze all model parameters except the 355

audio encoder and train on a mixture of: (1) Foun- 356

dational audio data, following prior work (Xu 357

et al., 2025a; Wu et al., 2025), including ASR and 358

TTS tasks; (2) UAS annotation for generating com- 359

plete UAS JSON from audio input; and (3) UAS- 360

QA for answering questions about specific acoustic 361

attributes across all UAS fields. 362

This diverse task mixture ensures that the model 363

develops comprehensive audio intelligence span- 364

ning perception, reasoning, and generation. The 365

inclusion of both UAS annotation and UAS-QA 366

data—as validated by our ablation study—provides 367

complementary supervision: UAS annotation 368

teaches what to perceive, while UAS-QA teaches 369

how to apply this knowledge. 370

Stage 4: GRPO. Following previous work (Wu 371

et al., 2025), we utilize Group Relative Policy Op- 372

timization (GRPO) (Shao et al., 2024; Li et al., 373

2025a) to further enhance the model’s capabilities. 374

4 Experimental Setup 375

In this section, we detail the experimental setup, 376

including the evaluation benchmarks, baseline mod- 377

els, and implementation details. 378

4.1 Evaluation Benchmarks 379

To comprehensively evaluate audio understanding 380

and reasoning capabilities, we utilize benchmarks 381

that collectively assess perception, reasoning, and 382

generation abilities. 383

Audio Understanding. We evaluate audio under- 384

standing using three benchmarks. MMSU (Wang 385

et al., 2025) is a comprehensive benchmark for 386

understanding and reasoning in spoken language, 387

comprising 5,000 audio-question-answer triplets 388

across 47 tasks. Notably, MMSU is divided into 389

perception and reasoning subsets, making it partic- 390

ularly relevant to our work as it directly measures 391

the paralinguistic perception abilities that UAS 392

targets. MMAU (Sakshi et al., 2024) evaluates 393

multimodal audio understanding on tasks requir- 394

ing expert-level knowledge and complex reasoning, 395

comprising 10k audio clips with human-annotated 396

QA pairs spanning speech, environmental sounds, 397

and music. MMAR (Ma et al., 2025) evaluates 398

deep reasoning capabilities of Audio-Language 399

Models across multi-disciplinary tasks, containing 400

1,000 curated audio-question-answer triplets where 401
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each item demands multi-step reasoning beyond402

surface-level understanding.403

Audio Generation. We evaluate audio gener-404

ation capabilities using Seed-TTS (Anastassiou405

et al., 2024) on both Chinese (Seed-zh) and En-406

glish (Seed-en) test sets. This benchmark assesses407

the model’s fundamental text-to-speech synthesis408

ability, ensuring that UAS training does not com-409

promise basic generation quality.410

4.2 Baselines411

We compare against three state-of-the-art Audio-412

Language Models with 7B-scale language model413

backbones: Qwen2.5-Omni (Xu et al., 2025a), a414

unified multimodal model capable of perceiving415

and generating across text, images, audio, and416

video; Kimi-Audio (Ding et al., 2025), an audio-417

language model with strong audio understand-418

ing and generation capabilities; and Step-Audio2-419

mini (Wu et al., 2025), a compact yet powerful420

model designed for efficient audio understanding.421

Results are cited from Xiaomi (2025) and we422

adopt the same evaluation framework.423

4.3 Implementation Details424

We build UAS-Audio upon the Qwen2.5-7B (Xu425

et al., 2025a) language model backbone with AuT426

(Audio Transformer) (Xu et al., 2025b) as our audio427

encoder, using a linear projection layer to align au-428

dio representations with the language model’s em-429

bedding space. We use the AdamW optimizer with430

cosine learning rate scheduling and linear warmup431

across all stages. A comprehensive list of the spe-432

cific datasets used for training is detailed in Ap-433

pendix C. Detailed hyperparameter configurations434

for each training stage are provided in Appendix G.435

While UAS serves as a dense supervision signal436

during training, we do not mandate the generation437

of full UAS JSONs during inference. Instead, we438

adopt a task-specific prompting strategy to align439

with standard evaluation protocols: we use standard440

transcription prompts for ASR, synthesis prompts441

for TTS, and discriminative prompts (e.g., multiple-442

choice) for understanding benchmarks like MMSU.443

This approach ensures our method remains compat-444

ible with existing metrics and incurs no additional445

latency overhead compared to task-specific base-446

lines.447

5 Results 448

5.1 Main Results 449

Table 1 presents comprehensive evaluation results 450

across three benchmarks. Our UAS-Audio achieves 451

the highest overall average of 65.2%, outperform- 452

ing all baselines by a substantial margin. 453

Perception-Reasoning Trade-off. The most 454

striking finding emerges from the MMSU bench- 455

mark, which explicitly decouples perception and 456

reasoning capabilities. UAS-Audio achieves 55.7% 457

on perception tasks—a remarkable +10.9% im- 458

provement over the best baseline (Kimi-Audio at 459

44.8%). Crucially, this perception gain does not 460

come at the cost of reasoning: UAS-Audio main- 461

tains competitive reasoning accuracy (77.4%), only 462

0.2% below the top-performing Qwen2.5-Omni 463

(77.6%). This result directly validates our hypothe- 464

sis that ASR-centric training creates a perception 465

bottleneck that UAS effectively addresses, while 466

the structured schema format preserves the model’s 467

reasoning capabilities. 468

Cross-Domain Generalization. On the MMAR 469

benchmark, which evaluates audio understanding 470

across diverse domains, UAS-Audio achieves the 471

highest overall score of 60.1%. Notably, UAS- 472

Audio demonstrates consistent improvements in 473

both speech-centric tasks (66.0%, +6.1% over 474

Qwen2.5-Omni) and music understanding (45.2%, 475

+4.4% over Qwen2.5-Omni), suggesting that 476

our unified schema effectively captures domain- 477

specific acoustic attributes. The improvement in 478

speech tasks is particularly significant, as it indi- 479

cates that enriching supervision with paralinguistic 480

information enhances the model’s ability to com- 481

prehend speaker characteristics and spoken content 482

simultaneously. 483

Balanced Audio Understanding. On MMAU, 484

while Step-Audio2 achieves the highest overall 485

score (72.7%), UAS-Audio obtains competitive 486

performance (69.4%) with notably balanced scores 487

across all three categories (Speech: 67.0%, Sound: 488

70.0%, Music: 71.3%). This balance performance 489

contrasts with baseline models that exhibit larger 490

variance across domains, demonstrating that UAS 491

provides a more uniform understanding of diverse 492

audio types rather than excelling in specific cate- 493

gories at the expense of others. 494

Universality Across Architectures. We further 495

validate the robustness of our approach by apply- 496
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Model
MMSU MMAR MMAU

Avg.
Perception Reasoning Overall Speech Sound Music Overall Speech Sound Music Overall

Discrete Input Architecture
GLM-4-Voice 11.04 16.16 13.30 34.35 29.70 19.90 29.60 35.44 27.63 27.84 30.30 24.4
UAS-Audio-D 31.32 48.55 39.66 44.56 40.00 36.89 43.30 46.25 59.16 62.57 56.00 44.2

Continuous Input Architecture
Kimi-Audio 44.8 75.7 59.8 58.5 49.7 33.0 48.0 62.2 75.7 66.8 68.2 58.7
Qwen2.5-Omni 42.7 77.6 58.1 59.9 58.8 40.8 56.7 70.6 78.1 65.9 71.5 62.1
Step-Audio2 42.9 73.2 57.6 61.2 54.6 42.2 56.8 68.2 79.3 68.4 72.7 61.9
UAS-Audio 55.7 (+10.9) 77.4 66.2 66.0 58.8 45.2 60.1 67.0 70.0 71.3 69.4 65.2

Table 1: Unified evaluation results on MMSU, MMAR, and MMAU benchmarks. The models are categorized
by their audio input representation (Discrete vs. Continuous). Bold denotes the best result; underline denotes the
second best. UAS-Audio-D denotes the discrete-input variant of UAS-Audio.

ing it to discrete audio representations (Top block497

of Table 1). Compared to the baseline GLM-4-498

Voice, our UAS-Audio-D achieves a transformative499

improvement, nearly doubling the overall average500

score (24.4% → 44.2%). This result confirms that501

the structured supervision of UAS is effective not502

only for high-fidelity continuous encodings but also503

for discrete token-based models.504

5.2 Ablation505

Figure 4 shows ablation results on MMSU. Both506

UAS annotation and UAS-QA contribute substan-507

tially to perception: removing UAS drops accuracy508

by 6.3%, removing UAS-QA by 9.6%, and remov-509

ing both by 15.0%. The larger impact of UAS-QA510

suggests that explicit question-answering training511

is more critical for translating acoustic knowledge512

into task performance.513

Crucially, reasoning accuracy remains stable514

across all configurations, confirming that our per-515

ception enhancements do not compromise reason-516

ing capabilities. This validates our hypothesis that517

perception and reasoning operate as independent518

factors in audio understanding, and that current519

Audio LLMs suffer primarily from a perception520

bottleneck rather than reasoning limitations.521

Due to space limitations, further analyses in522

the appendices ablate the impact of GRPO (Ap-523

pendix E) and demonstrate that our structured524

schema significantly outperforms unstructured cap-525

tions (Appendix F).526

5.3 Speech Generation Ability527

To verify that perception-focused training does not528

compromise generation capabilities, we evaluate529
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Figure 4: Impact of individual components. We ob-
serve a consistent performance drop when removing
the UAS module or the UAS-QA strategy from the full
model.

TTS performance on Seed-TTS benchmarks (Ta- 530

ble 2). UAS-Audio achieves the best average WER 531

score of 1.6, outperforming Qwen2.5-Omni (1.9) 532

and Step-Audio2-mini (2.7). Notably, UAS-Audio 533

matches or exceeds baselines on both Chinese and 534

English synthesis, demonstrating that our UAS 535

training not only preserves but enhances speech 536

generation quality. We attribute this to the enriched 537

acoustic representations learned through structured 538

paralinguistic supervision, which naturally transfer 539
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Model Seed-Zh Seed-EN Avg

Baichuan-Audio-Instruct 2.9 4.7 3.8
Qwen2.5-Omni 1.4 2.3 1.9
Step-Audio2-mini 2.1 3.2 2.7

UAS-Audio 1.4 1.7 1.6

Table 2: Evaluation results on TTS benchmarks. Avg
reports the average score of Seed-Zh and Seed-EN. Bold
denotes the best result.

to benefit generation tasks. This confirms that UAS-540

Audio achieves unified audio intelligence without541

understanding-generation trade-offs.542

5.4 Flexibility and Robustness of Structured543

Generation.544

While UAS-Audio supports standard, low-latency545

ASR generation (Targeted Mode), it uniquely546

possesses the capability to output holistic UAS547

JSONs—providing rich acoustic context alongside548

the transcript. A natural question is whether embed-549

ding transcription within such a complex structure550

imposes a "tax" on recognition accuracy. To in-551

vestigate this, we treat the holistic UAS generation552

as a stress test and compare its transcription field553

against standard ASR prompting.554

As shown in Table 3, the transcription qual-555

ity remains virtually identical across both settings.556

On the LibriSpeech test-clean set(Panayotov et al.,557

2015), the WER difference is merely 0.1 (2.2 vs.558

2.3), and similarly on AIShell (Bu et al., 2017), the559

difference is also 0.1 (2.3 vs. 2.4). This negligible560

deviation demonstrates that our model maintains561

high recognition accuracy even when simultane-562

ously predicting paralinguistic attributes, speaker563

characteristics, and non-linguistic events within a564

structured JSON format.565

6 Related Work566

The evolution of LLMs has driven the transition of567

spoken dialogue models from traditional cascaded568

pipelines to end-to-end Audio-Language Models569

(AudioLLMs) (Lakhotia et al., 2021; Rubenstein570

et al., 2023; Zhang et al., 2023; Gong et al., 2024;571

Tang et al., 2023; Hu et al., 2024; Fang et al., 2024;572

Défossez et al., 2024; Li et al., 2025b; Wang et al.,573

2024; Bai et al., 2024; Goel et al., 2025; Wijngaard574

et al., 2025). These models generally adopt one575

of two audio representation strategies: continuous576

representations (Huang et al., 2025) or discrete577

representations (Van Den Oord et al., 2017; Zeng578

Prompt Strategy Output LS-Clean AISHELL

Targeted ASR Raw Text 2.2 2.3
Holistic UAS JSON 2.3 2.4

Performance Deviation ≈ 0.1 ≈ 0.1

Table 3: Robustness of ASR Capability under Multi-
Task Generation. Comparing standard ASR generation
versus extracting transcription from the unified JSON
output (Holistic). The model maintains high recogni-
tion accuracy even when handling complex structured
predictions.

et al., 2024; Song et al., 2025). Despite significant 579

progress in speech recognition and dialogue, most 580

existing AudioLLMs primarily focus on what is 581

spoken while underutilizing paralinguistic informa- 582

tion about how it is spoken. 583

Recent works have explored richer audio repre- 584

sentations. MiDashengLM (Dinkel et al., 2025) 585

proposes using general audio captions to fuse 586

speech transcripts with acoustic descriptions into a 587

unified textual output. However, this approach re- 588

lies on unstructured natural language, which inher- 589

ently entangles paralinguistic nuances with linguis- 590

tic content rather than isolating them. In contrast 591

to such implicit supervision, our work advocates 592

for an explicitly structured schema to ensure pre- 593

cise disentanglement of perception and reasoning. 594

SenseVoice (An et al., 2024) implements rich tran- 595

scription through interleaved tags, inserting spe- 596

cial tokens (e.g., <laughter>, <happy>) directly 597

into the linear ASR text stream. While useful for 598

sparse events, this "flat" tagging structure gener- 599

alizes poorly to dense, continuous attributes such 600

as prosody, timbre, and emotion. Additionally, it 601

treats these representations as specialized outputs 602

rather than a general-purpose supervision method- 603

ology for AudioLLM training. 604

7 Conclusion 605

We propose the Unified Audio Schema (UAS) to 606

address the deficiency of fine-grained perception in 607

current AudioLLMs. By restructuring supervision 608

across linguistic, paralinguistic, and environmen- 609

tal dimensions, UAS-Audio achieves a 10.9% im- 610

provement in perception accuracy on the MMSU 611

benchmark. Importantly, this gain is achieved with- 612

out compromising reasoning or transcription capa- 613

bilities. Our findings suggest that structural rich- 614

ness in supervision is a critical factor for evolving 615

AudioLLMs beyond simple scaling. 616
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Limitations617

Despite the promising results of UAS-Audio in618

bridging the perception-reasoning gap, we acknowl-619

edge certain limitations in our current study that620

point to directions for future research:621

• Linguistic Diversity: Our current experi-622

mental validation primarily focuses on high-623

resource languages (English and Chinese) due624

to the composition of mainstream benchmarks625

like MMSU and Seed-TTS. While the UAS626

framework is language-agnostic by design, its627

efficacy on low-resource or code-switching628

scenarios remains to be verified in future629

work.630

• Complex Overlapping Speech: While UAS631

effectively handles background environmental632

events, our current schema focuses on the pri-633

mary speaker for paralinguistic analysis. Sce-634

narios involving highly overlapping speech635

(e.g., the cocktail party problem) with mul-636

tiple active speakers requiring simultaneous637

paralinguistic disentanglement are not fully638

covered in this iteration and warrant further639

investigation.640
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A Human Evaluation of UAS Data878

Quality879

To rigorously assess the reliability of the automated880

UAS generation pipeline, we conducted a manual881

quality audit on a randomly sampled subset of the882

generated dataset.883

Data Sampling and Participants We randomly884

sampled N = 200 audio segments, ensuring a rep-885

resentative distribution across diverse audio types,886

including speech, music, and environmental sounds.887

The evaluation involved three volunteer human an-888

notators with expertise in audio analysis. All partic-889

ipants provided informed consent prior to the task.890

They were informed that the task involved listen-891

ing to standard audio samples and that they could892

withdraw at any time. No monetary compensation893

was provided.894

Annotation Interface and Instructions To facil-895

itate the evaluation process, we developed a web-896

based annotation interface, as shown in Figure 5.897

The interface presents the audio player at the top,898

followed by a series of predicted attributes (e.g.,899

Age, Gender, Emotion) derived from the synthe-900

sized UAS JSON.901

Figure 5: The web-based human evaluation interface.
Annotators listen to the audio and verify if the predicted
JSON values (black boxes) match the acoustic reality
by selecting "Correct", "Incorrect", or "Unsure".

The instructions provided to the participants are902

as follows:903

Please listen to the audio clip provided904

in the player. Below the player, you will905

see a list of attributes extracted from the 906

system. Please determine if the label ac- 907

curately describes the audio content by 908

selecting one of the options: Correct, In- 909

correct, or Unsure. 910

Evaluation Metric For each sample, three an- 911

notators independently verified the alignment be- 912

tween the audio signal and the synthesized UAS 913

JSON fields. An attribute was marked as "cor- 914

rect" only if the annotator consensus (majority vote) 915

confirmed it accurately reflected the acoustic real- 916

ity. We report the mean accuracy across the nine 917

specific fields within the Paralinguistics and Non- 918

linguistic Events domains. 919

Quantitative Results As shown in Table 4, the 920

UAS pipeline achieves high precision across most 921

fields, with most paralinguistic and environmental 922

attributes exceeding 95% accuracy. 923

UAS Domain Field Accuracy (%) 95% CI

Paralinguistics

Age 98.5 [95.7, 99.5]
Gender 97.0 [93.6, 98.6]
Emotion 89.5 [84.5, 93.1]
Accent 96.0 [92.3, 98.0]
Prosody 95.5 [91.7, 97.6]
Timbre 95.0 [91.0, 97.3]

Non-linguistic Events
Description 96.5 [92.9, 98.3]
Discrete Events 90.0 [85.1, 93.4]
Continuous Events 96.0 [92.3, 98.0]

Table 4: Human evaluation accuracy across UAS fields
(N = 200). 95% Confidence Intervals (CI) are calcu-
lated using the Wilson score interval method.

Analysis The evaluation reveals that stable bio- 924

logical and environmental traits (e.g., Age, Gender, 925

and Continuous Events) exhibit a high degree of re- 926

liability, with lower bounds of the 95% confidence 927

intervals consistently remaining above 92%. This 928

suggests that the pipeline effectively captures these 929

relatively objective acoustic properties. The rela- 930

tive performance decrease in Emotion (89.5%, 95% 931

CI: [84.5, 93.1]) and Discrete Events (90.0%, 95% 932

CI: [85.1, 93.4]) reflects the inherent subjectivity of 933

emotional state perception and the temporal spar- 934

sity of short-duration sound events. However, even 935

accounting for statistical uncertainty, the accuracy 936

for these challenging fields remains robustly above 937

84%, demonstrating that the UAS pipeline provides 938

a high-fidelity representation across all acoustic di- 939

mensions. 940
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B Discrete Architecture Training941

For the discrete architecture, we initialize the942

model with Qwen2.5-3B and adopt the same audio943

tokenizer as GLM-4-Voice (Zeng et al., 2024).944

Compared to the continuous architecture, the945

training pipeline is simplified in two aspects.946

First, we omit the adapter alignment stage, since947

discrete audio tokens are directly embedded into948

the LLM vocabulary and therefore do not require949

an additional projection or alignment module.950

Second, we do not employ GRPO-style rein-951

forcement learning. This choice follows the train-952

ing design of GLM-4-Voice, where discrete audio953

representations are learned purely through super-954

vised objectives without reinforcement learning.955

The model is trained on UAS annotation tasks956

to establish structured acoustic understanding, fol-957

lowed by fine-tuning on UAS-QA tasks to enhance958

its ability to answer questions about specific acous-959

tic attributes. The learning rate is scheduled with960

cosine decay, starting from 1× 10−4 and 5× 10−5961

respectively.962

C Training Datasets for UAS-Audio963

We train UAS-Audio on hundreds of thousands of964

hours of both open-source data and in-house data.965

All open-source datasets used in this work are listed966

in Table 5.967

Dataset Duration (#hours)

LibriSpeech (Panayotov et al., 2015) 960
Multilingual LibriSpeech (Pratap et al., 2020) 27,322
GigaSpeech (Chen et al., 2021) 10,000
Yodas (Li et al., 2023) 29,155
Hi-Fi TTS (Bakhturina et al., 2021) 292
VCTK (Veaux et al., 2017) 44
LibriTTS (Zen et al., 2019) 586
AISHELL-1 (Bu et al., 2017) 150
WenetSpeech (Zhang et al., 2022) 10,005
Common Voice (Ardila et al., 2019) 2,133
Emilia (He et al., 2024) 96,750
AudioSet (Gemmeke et al., 2017) 4,922

Table 5: Summary of datasets used for training UAS-
Audio

D Inference Efficiency and Flexible968

Generation Strategy969

A potential concern regarding the adoption of the970

Unified Audio Schema (UAS) is the inference la-971

tency and token overhead associated with generat-972

ing verbose JSON structures. While the full UAS973

format (containing keys for transcription, paralin-974

guistics, and events) involves a larger number of975

output tokens compared to simple tagging, it is cru- 976

cial to distinguish between UAS as a supervision 977

objective during training and UAS as an inference 978

format during deployment. 979

Decoupling Supervision from Generation. The 980

primary goal of training with UAS is to force the 981

model to internally disentangle and encode fine- 982

grained acoustic information that is typically sup- 983

pressed by ASR-centric objectives. Once the model 984

is aligned via this structured supervision (specifi- 985

cally after Stage 3: Full Instruction Tuning), the 986

rich acoustic representations are embedded within 987

the model’s parameters. Consequently, during in- 988

ference, the generation format is entirely flexible 989

and controlled by the user prompt. 990

Targeted Perception via Prompting. As demon- 991

strated by the inclusion of the UAS-QA dataset in 992

our training pipeline, UAS-Audio is capable of fol- 993

lowing diverse instructions. For latency-sensitive 994

applications, users need not generate the full holis- 995

tic JSON. Instead, they can prompt the model to 996

extract specific attributes directly. 997

For instance, to retrieve emotion and gender, a 998

user can prompt: "Identify the speaker’s emotion 999

and gender in a concise format." The model, hav- 1000

ing learned the underlying concepts through the 1001

UAS schema, can output a short response (e.g., 1002

"Neutral, Male") without the overhead of the full 1003

JSON syntax. This "Targeted Mode" drastically 1004

reduces token consumption to be comparable with 1005

standard classification heads, while still benefiting 1006

from the superior perception accuracy gained from 1007

the UAS training paradigm. 1008

In summary, the structured JSON serves as a 1009

high-density information scaffold during learning, 1010

but the model retains the flexibility to operate in 1011

a low-latency, token-efficient manner during infer- 1012

ence. 1013

E Impact of GRPO 1014

To explicitly quantify the contribution of the rein- 1015

forcement learning stage, we evaluate a variant of 1016

UAS-Audio trained without Stage 4 (GRPO). As 1017

presented in Table 6, removing the GRPO stage 1018

results in a marginal performance drop of 0.9% in 1019

perception (55.7% → 54.8%) and 1.4% in reason- 1020

ing (77.4% → 76.0%).While these results confirm 1021

that GRPO serves as an effective strategy for im- 1022

proving model performance, the ablation highlights 1023

a critical finding: even without GRPO, UAS-Audio 1024
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achieves a perception accuracy of 54.8%, which1025

still surpasses the strongest baseline (Kimi-Audio,1026

44.8%) by a significant margin of 10.0%. This1027

empirical evidence demonstrates that the substan-1028

tial performance leap (+11%) reported in our main1029

results is primarily driven by the structured super-1030

vision of the Unified Audio Schema (UAS), rather1031

than the optimization techniques in the final train-1032

ing stage.1033

Model Settings Perception Reasoning Average

UAS-Audio (Full) 55.7 77.4 66.2
− w/o GRPO (Stage 4) 54.8 76.0 65.2

Best Baseline (Kimi-Audio) 44.8 75.7 62.2

Table 6: Ablation study on the impact of GRPO train-
ing (Stage 4) on the MMSU benchmark. The results
show that while GRPO provides further optimization,
the majority of the performance gain stems from the
UAS supervision.

F Impact of Structured Format1034

To validate the effectiveness of our schema design,1035

we conducted a controlled comparison between1036

UAS Supervision (structured JSON) and a Cap-1037

tion Supervision baseline (unstructured natural1038

language). Notably, this Caption Supervision set-1039

ting conceptually emulates the general audio cap-1040

tioning paradigm adopted by recent works such1041

as MiDashengLM (Dinkel et al., 2025). We ex-1042

clude the final reinforcement learning stage (Stage1043

4) in both settings to strictly isolate the impact of1044

the supervision format while controlling for model1045

architecture and training data.1046

Target Format Perception Reasoning Average

Unstructured Caption 48.4 75.5 61.5
Structured UAS 54.8 76.0 65.2

Table 7: Impact of supervision format on MMSU. The
"Unstructured Caption" setting serves as a proxy for
caption-based approaches (e.g., MiDashengLM). Both
settings use the exact same synthetic data source. All
models are trained without GRPO.

As shown in Table 7, structured UAS yields a sig-1047

nificant 6.4% perception gain over the unstructured1048

caption baseline. confirming that the schema for-1049

mat itself lowers learning difficulty given identical1050

data. Specifically, UAS enforces explicit disentan-1051

glement by assigning orthogonal slots to prevent1052

semantic interference, offers syntactic invariance1053

by providing a low-entropy target devoid of linguis-1054

tic variability, and ensures forced completeness by 1055

mandating dense predictions for all acoustic fields, 1056

thereby capturing subtle details often omitted in 1057

fluent captions. 1058

G Training Hyperparameters 1059

Table 8 summarizes the hyperparameter configura- 1060

tions for each training stage. 1061

H Prompts Used in Experiments 1062

In this section, we provide the detailed prompts 1063

used in our pipeline for reproducibility. 1064

H.1 Audio Caption to UAS Format 1065

Conversion 1066

We utilized the Qwen3-30B-A3B-Instruct model to 1067

convert raw audio captions into the Unified Audio 1068

Description (UAS) format. The prompt used for 1069

this transformation is shown in Figure 6. 1070

H.2 QA Pair Generation from UAS 1071

To generate Question-Answer (QA) pairs based on 1072

the audio UAS format descriptions, we employed 1073

the Qwen3-235B-A22B-Instruct model. The spe- 1074

cific prompt guiding this generation process is de- 1075

tailed in Figure 7. 1076

I LLM Usage Statement 1077

In accordance with the conference policies on 1078

Large Language Model (LLM) usage, we hereby 1079

disclose the following: After completing the initial 1080

draft of this paper, we utilized LLMs to enhance 1081

grammar and polish the writing of this manuscript. 1082

No new research ideas, experimental designs, or 1083

scientific content were generated by LLMs. 1084

This statement is provided to ensure trans- 1085

parency and compliance with the conference’s poli- 1086

cies on LLM usage. 1087
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Hyperparameter Stage 1 Stage 2 Stage 3 Stage 4

Peak Learning Rate 5e-4 2e-4 1e-4 5e-6
Warmup Iterations 500 1,000 1,000 200
LR Schedule Cosine with Linear Warmup
Optimizer AdamW (β1 = 0.9, β2 = 0.95)
Weight Decay 0.1
Gradient Clipping 1.0

Trainable Parameters Projector Projector All (excl. Encoder) All (excl. Encoder)

Table 8: Hyperparameter configurations across training stages.

Prompt for Caption-to-UAS Conversion

Given a detailed description of an audio sample, output a JSON object containing the
following audio features:

- **transcription**: If human speech is present, provide an accurate transcription of the
spoken content in the original language. If there is no human voice, set this field to
null.

- **paralinguistics**: If human voice is present, provide the following fields:
- `age`: One of `Child`, `Adult`, or `Elderly`.
- `gender`: Specify as `Male` or `Female`.
- `emotion`: This field MUST use ONE of the following seven specific categories: `Anger`,

`Disgust`, `Sadness`, `Happiness`, `Neutral`, `Surprise`, `Fear`. Only these values are
allowed.

- `accent`: Describe the accent or variety of language used (e.g., `Standard Mandarin
Chinese`, `American English`, etc.).

- `prosody`: Summarize prosodic features, which refer to the patterns of rhythm, pitch,
pace, emphasis, and intonation in speech (i.e., how something is said).

- `timbre`: Briefly describe the timbre of the voice. **Timbre** refers to the unique tonal
quality or color of a sound that distinguishes one voice or instrument from another,
independent of pitch and loudness. For example, descriptors may include "nasal,"
"breathy," "warm," "bright," "harsh," or "gentle."

**Note:** Timbre is *not* the same as prosody; prosody relates to temporal and pitch-based
features, while timbre describes the characteristic sound qualities.

If there is no human voice, set all fields in the `paralinguistics` object to null.
- **nonLinguisticEvents**:

- `description`: A summary sentence describing general non-speech audio characteristics or
context.

- `discreteEvents`: A list of discrete (one-shot or instantaneous) non-linguistic events
(such as a car horn, a door slam). Each item must contain a unique `label` and a brief
`characteristic` describing its intensity, duration, or other relevant attribute. (e.g.,
`label`: `"Car horn"`, `characteristic`: `"Short, loud"`). Event labels must not repeat.

- `continuousEvents`: A list of continuous or background non-linguistic events (such as
engine noise, wind, music), again with a unique `label` and a brief `characteristic`
descriptor.

Always follow these rules:
- If the audio contains **no human voice**, set `transcription` and all fields inside

`paralinguistics` to null.
- For `emotion`, ONLY USE ONE OF THESE: `Anger`, `Disgust`, `Sadness`, `Happiness`,

`Neutral`, `Surprise`, `Fear`.
- Ensure that all event `labels` are unique and clearly indicate what type of sound or event

they refer to.

Respond ONLY with a JSON object as output (do not include any preamble, explanation, or extra
formatting), with all required fields. Use the formats and categories exactly as
described above.

Figure 6: Prompt for using the Qwen3-30B-A3B-Instruct model to perform Caption-to-UAS Conversion

15



Prompt for QA Generation

**Instructions:**
You are given a structured audio description in UAS (Unified Audio Schema) JSON format.

Please generate a relevant question in the form of a **Multiple Choice** question, along
with the corresponding answer, based on the specific fields provided in the JSON (such as
transcription, paralinguistics, or non-linguistic events).

**Requirements:**
- Provide 3-4 answer options. Each option must include both the letter and the content (e.g.,

"A. male", "B. female").
- The question can pertain to specific attributes found in the UAS structure, such as:

- The speaker's gender, age, emotion, accent, prosody, and timbre (from `paralinguistics`).
- Specific sounds or events (from `discreteEvents` or `continuousEvents`).
- The content of speech (from `transcription`).

- The question text must not directly reveal or hint at the answer; answering must require
information from the audio, and not be possible by simply reading the question.

- Do not include phrases like "according to the JSON" or "in the paralinguistics field".
- The correct answer must be option ${correct_option}.

**Input Format:**
A JSON object containing `transcription`, `paralinguistics`, and `nonLinguisticEvents`.

**Output Format:**
Present your output in the following JSON format:
```json
[

{"role": "user", "content": [{"type": "text", "text": "question_text"}]},
{"role": "assistant", "content": "answer_text"}

]
```

**Now, generate a question and its answer for the following UAS input using the above
guidelines:**

${uas}

Figure 7: Prompt for using the Qwen3-235B-A22B-Instruct model to perform QA Generation from UAS input
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