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Abstract001

Advances in large language models (LLMs)002
have enabled significant capabilities in audio003
processing, resulting in state-of-the-art models004
now known as Large Audio Language Mod-005
els (LALMs). However, minimal work has006
been done to measure audio understanding be-007
yond automatic speech recognition (ASR). This008
paper closes that gap by proposing a bench-009
mark suite, SCENEBench (Spatial, Cross-010
lingual, Environmental, Non-speech Evalua-011
tion), that targets a broad form of audio com-012
prehension across four real-world categories:013
background sound understanding, noise014
localization, cross-linguistic speech015
understanding, and vocal characterizer016
recognition. In addition to performance, we017
also measure model latency. The purpose of018
this benchmark suite is to assess the audio be-019
yond just what words are said— rather, in how020
they are said and the non-speech components021
of the audio. Based on the needs articulated022
by audio understanding use-cases of accessibil-023
ity technology and industrial noise monitoring,024
this benchmark reveals critical gaps in current025
LALMs. The performance in each task is quite026
varied, with some tasks having performance027
far below random chance and others with high028
accuracy. These results provide direction for029
targeted improvements in model capabilities.030

1 Introduction031

Remarkable strides in natural language understand-032

ing have powered a wide range of applications in033

search, conversation, and information retrieval. As034

the capabilities of these models improve, we must035

develop methods to evaluate them effectively.036

Speech, a widely shared mode of human com-037

munication, is an extension for text-based large038

language models. However, understanding spoken039

language is not limited to transcription. Proper040

audio comprehension involves recognizing tone,041

emotion, background noise, environmental con-042

text, speaker intent, and more. These elements043

often coexist and can significantly impact mean- 044

ing. They also enable practical systems, such as 045

assistive devices or captioning tools that describe 046

traffic sounds and approaching sirens for individu- 047

als with hearing impairments, as well as telehealth 048

and well-being systems that detect coughs, or sobs 049

in patient speech. 050

Companies releasing LALMs, such as GPT-4o 051

(OpenAI, 2024) and Qwen2-Audio (Chu et al., 052

2024), advertise capabilities beyond ASR—for ex- 053

ample, Alibaba states that Qwen2-Audio “can tran- 054

scribe speech and identify audio info . . . includ- 055

ing spoken words, music and ambient noises” (Al- 056

ibaba Cloud, 2024). However, current evaluation 057

strategies primarily measure speech recognition, 058

not audio understanding. That is, they assess what 059

words were said, not how they were said, or the 060

non-speech components of the audio. 061

In this paper, we present a new benchmark suite, 062

SCENEBench, for evaluating a broader conception 063

of audio understanding in LALMs, grounded in 064

the needs of accessibility technology and indus- 065

trial noise monitoring. Many prior benchmarks 066

focus on controlled, single-modality, or clean 067

scenarios. Our benchmark tests four categories 068

that reflect real-world complexity: background 069

sound understanding, noise localization, 070

cross-linguistic speech understanding, 071

and vocal characterizers (e.g., crying). All 072

of these are measured along with model latency, a 073

parallel dimension of our benchmark suite. 074

2 Related Works 075

In Section 2.1, we review and break down the scope 076

of prior benchmarks for audio and speech under- 077

standing (Table 1). In Section 2.2, we analyze gaps 078

through two high-impact settings with clear stakes: 079

accessibility and industrial monitoring. We will 080

also discuss how our benchmark suite generalizes 081

to other contexts. 082
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Benchmark Type
Multi
turn Primary Focus Clips (≈) #Tasks

Bkgd
Sound

Noise
Loc.

Cross
Ling.

Vocal
Chars Latency

SCENEBench MC+FRQ ✓ Audio & speech
understanding

16k 4 ✓ ✓ ✓ ✓ ✓

AudioBench (Wang
et al., 2025)

MC+FRQ ✗ ASR, scene &
voice

100k 8 ✓ ✗ ✗ ✗ ✗

MMAU (Sakshi
et al., 2024)

MC ✗ Multi-task
reasoning

10k 27 ✓ ✗ ✗ ✗ ✗

AIR-Bench (Yang
et al., 2024)

MC+FRQ ✓ Generative
comprehension

21k 20 ✗ ✗ ✗ ✗ ✗

MARBLE (Yuan
et al., 2023)

MC ✗ Music
classification

25.9k 18 ✗ ✗ ✗ ✗ ✗

Clotho-AQA (Lip-
ping et al., 2022)

FRQ ✗ Environmental
QA

1.9k 1 ✓ ✗ ✗ ✗ ✗

Sound
Check (Agnew
et al., 2024a)

Audit ✗ Dataset quality
audit

3M 7 ✓ ✗ ✗ ✗ ✗

SONAR (Li et al.,
2024)

CLS ✗ Deepfake
detection

2.2k 1 ✗ ✗ ✗ ✗ ✗

CAVA (Held
et al., 2025)

Task ✓ Voice-assistant
behaviour

6.4k 6 ✗ ✗ ✗ ✗ ✓

Table 1: Benchmark comparison with standardized size and coverage (no datasets column). Type: MC = multiple choice,
FRQ = free response, CLS = classification, Audit = dataset audit. Clips (≈) reports total items when stated or derivable; #Tasks
counts distinct task families (— where not reported). Coverage columns indicate whether each suite evaluates that dimension.

2.1 Benchmarks for Audio and Speech083

Understanding084

Several benchmarks evaluate model capabilities085

on speech and audio inputs, each making design086

choices to hone in on their main focus.087

AudioBench (Wang et al., 2024) prioritizes088

broad coverage and automatically gradable tasks.089

This design enables reproducible cross-model com-090

parisons at a large scale and lowers annotation091

cost. However, it deemphasizes phenomena that are092

harder to capture and grade automatically. MMAU093

(S. et al., 2024) adopts a multiple choice format094

across diverse tasks to improve inter-annotator095

agreement, reduce evaluation variance and prompt096

sensitivity, and simplify scoring across large model097

suites. The MC constraint makes results compara-098

ble and stable, though it limits models’ ability to099

demonstrate open-ended reasoning, justifications,100

or descriptions of subtle acoustic attributes. AIR-101

Bench (Lee et al., 2024) introduces open-ended102

audio Qs, but places a large emphasis on music and103

environmental sounds rather than detailed speech104

pragmatics and paralinguistics. CAVA (Held et al.,105

2025) targets voice-assistant behavior (e.g., instruc-106

tion following, latency), aligning with real deploy-107

ment concerns. That focus surfaces agentic perfor-108

mance and responsiveness under constraints, while109

probing less of the fine-grained acoustic under-110

standing. Other efforts, such as SoundCheck (Ag-111

new et al., 2024b) and SONAR (Jain et al., 2024),112

audit datasets or test deepfakes, serving specific 113

goals rather than audio understanding as a whole. 114

Our benchmark suite is designed to complement 115

the space of existing audio benchmarks by priori- 116

tizing the following: adding targeted evaluations 117

for our four tasks and including free-response scor- 118

ing where it is required. These are areas that are 119

underrepresented in the prioritization of existing 120

benchmarks. A side-by-side comparison with prior 121

benchmarks appears in Table 1. These gaps matter 122

most in high-stakes, real-world deployments and 123

we will discuss them further in the next section. 124

2.2 Use-Case Driven Gaps 125

From a use-case standpoint, existing audio bench- 126

marks are still biased toward “clean-room” speech- 127

recognition or captioning scenarios and rarely 128

touch the two domains where errors are most conse- 129

quential: (i) accessibility and (ii) industrial sound 130

monitoring. 131

Accessibility Everyday scenes feature cross-talk, 132

traffic, devices, and emotional or whispered speech. 133

For Deaf or hard-of-hearing (DHH) users, useful 134

support goes beyond transcription to sound aware- 135

ness (Jain et al., 2019; Bragg et al., 2016). Some 136

examples of crucial instances requiring the surfac- 137

ing of salient non-speech events include hearing 138

for sirens and their state (approaching vs. reced- 139

ing), and disambiguating paralinguistic cues (fa- 140

tigue, sobs, whispers) (Findlater et al., 2019; Wu 141
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and Jain, 2025; Kim et al., 2023).142

Wearable and IoT systems that detect sirens and143

vocalizations and relay haptic/onscreen alerts have144

been shown to reduce risk (Chin et al., 2023; Salem145

et al., 2023). Conversely, background noise (cross-146

talk, broadband noise) can degrade ASR rather than147

enrich it, underscoring the need for models to un-148

derstand situational context, not just foreground149

words (Dilmegani, 2025).150

Industrial monitoring Factory floors and labs151

demand early detection of anomalous machine152

sounds that often occur under speech or ambient153

noise. Public datasets such as ToyADMOS and154

MIMII established common testbeds for acoustic155

anomaly detection (AAD) in machine condition156

monitoring (Koizumi et al., 2019; Purohit et al.,157

2019). More recently, MIMII-DG introduced do-158

main shifts across machine types and recording159

setups to test generalization of these models which160

is often the key blocker in deployment (Dohi et al.,161

2022). Missing or misclassifying subtle cues trans-162

lates directly into safety risks.163

Other applications Similar requirements recur164

in telehealth and well-being such as, cough and165

respiratory-symptom screening, fatigue/sleepiness166

cues (Orlandic et al., 2021; Sharma et al., 2020;167

Schuller et al., 2011), in smart-home/IoT for do-168

mestic activity and rare-event detection such as,169

glass breaks (Mesaros et al., 2018, 2017), trans-170

portation and public safety, such as siren/horn171

awareness in urban scenes (Gemmeke et al., 2017),172

and AR/VR and robotics, where spatialized audio173

cues support navigation and interaction (Gordon174

et al., 2020; Chen et al., 2020).175

Rationale for our benchmark. Across these set-176

tings, four failure modes appear repeatedly: im-177

portant events may occur in the background; spa-178

tial/proximity cues are lost in audio understand-179

ing; transcription quality drops under multilingual180

spans; and paralinguistic information carried by181

non-speech is underspecified. SCENEBench turns182

each failure mode into a targeted evaluation. These183

four tasks are necessary because they probe salient184

audio-understanding capabilities tied to our use185

cases, and they are motivated by concrete failure186

patterns and potential user benefit. We exclude full187

spatial-audio setups and long-form clips in this re-188

lease to keep the benchmark minimal, reproducible,189

and aligned with real-time assistive and monitor-190

ing scenarios. Taken together, these task choices191

yield a suite that diagnoses where current LALMs 192

succeed and where they still fail. 193

3 Methods 194

Our benchmark suite is constructed on top of ex- 195

isting datasets, to which we apply task-specific 196

transformations. In this section, we describe the 197

data construction process for each of the four tasks, 198

highlighting how it diverges from conventional uses 199

of the source dataset. We evaluate leading models 200

such as GPT-4o (OpenAI, 2024), Qwen2-Audio- 201

7B-Instruct (Chu et al., 2024), and Gemini-2.5 (Co- 202

manici et al., 2025), we aim to reveal both the cur- 203

rent limitations and untapped potential of LALMs 204

in audio-first contexts. 205

3.1 Tasks 206

Our benchmark comprises four task types designed 207

to probe distinct dimensions of audio understand- 208

ing in real-world settings. In Section 3.1.1, we 209

test background sound understanding by em- 210

bedding environmental audio under speech and as- 211

sessing models’ ability to identify it. Section 3.1.2 212

introduces a noise localization task based on 213

amplitude change, targeting scenarios like siren de- 214

tection for accessibility. Section 3.1.3 examines 215

cross-linguistic robustness by asking to tran- 216

scribe utterances in multiple languages. Finally, 217

Section 3.1.4 focuses on paralinguistic cues by test- 218

ing whether models can recognize and label vocal 219

characterizers such as laughter and whispering. 220

In Section 3.2, we describe a parallel dimension of 221

our benchmark, model latency, across all our tasks 222

to measure real-time performance constraints. 223

3.1.1 Background Sound Understanding 224

The first task examines whether a model can iden- 225

tify background noise layered under speech. While 226

prior work such as WSJ0-2mix (Hershey et al., 227

2016; Isik et al., 2016) and Libri2Mix (LibriMix) 228

(Cosentino et al., 2020) targets speaker separation, 229

few benchmarks probe environmental sounds un- 230

der speech. We therefore overlay ESC-50 cate- 231

gories (Piczak, 2015) onto DailyTalk utterances 232

(Lee et al., 2023), using two voices (higher vs. 233

lower pitch) to create two versions of each of 2,000 234

clips. The background noise and speech are over- 235

laid with original volumes, which we discuss the 236

limitations of in Section 7. Scoring is hierarchical: 237

We evaluate the background-noise task with three 238

prompts: (FR1) free-response description of all 239

3



audible sounds; (FR2) targeted follow-up that ex-240

plicitly asks for the background sound (issued only241

if FR1 omitted it); and (MC1) 4-way forced choice242

of the background category. Scoring is hierarchical:243

FR1 (describe audio.) is correct if the free-response244

mentions any background noise category; FR2 (de-245

scribe background noise.) is credited if the correct246

ESC-50 class is named either in FR1 (in which247

case FR2 receives full credit without being asked)248

or in the FR2 follow-up; the 4-way multiple-choice249

probe is administered for all clips and scored in-250

dependently. Exact prompt wordings appear in251

Appendix A. Outputs are normalized (lowercasing,252

punctuation stripping) and matched to a per-class253

synonym list with simple negation/uncertainty re-254

jection (e.g., “no siren,” “not a dog,” “unsure”).255

This three-tier design deliberately separates sponta-256

neous salience (FR1) from targeted retrieval (FR2)257

and discriminability (MC1), revealing whether fail-258

ures arise from omission, misnaming, or confusion259

among plausible classes.260

3.1.2 Noise Localization261

This task evaluates models’ ability to detect dy-262

namic volume patterns in audio, simulating spa-263

tial motion through amplitude modulation. We264

created a dataset from the ESC-50 environmental265

sound corpus by applying three distinct volume266

envelopes to 2,000 source audio clips, yielding267

6,000 total samples. Each original sound under-268

went three transformations: (1) approaching sound269

source, where amplitude scales from 10% to 100%270

over the clip duration; (2) receding source, with271

amplitude linearly scaling from 100% to 10%; and272

(3) oscillating movement past the listener, where273

amplitude follows a sinusoidal pattern (4 complete274

cycles) between 20% and 100%.275

Models are evaluated using two complementary276

prompts. First (FR1), a general description prompt277

asks models to describe all auditory characteris-278

tics. Second (FR2), a follow-up position prompt279

specifically queries about spatial relationships and280

movement patterns relative to the sound source.281

Exact prompt wordings appear in Appendix C. Re-282

sponses are automatically scored as correct if they283

mention the appropriate motion pattern or appropri-284

ate synonyms (e.g., "approaching," "moving away,"285

"oscillating").286

3.1.3 Cross-Linguistic Sound Recognition287

We evaluate multilingual span transcription by288

transforming DAILYTALK transcripts into con-289

trolled language-mixed stimuli: for each longest 290

turn (2,541 total), we translate contiguous spans 291

(≈30%) into one of four languages (Mandarin, 292

Spanish, Hindi, Portuguese) via Google Translate, 293

retain only items passing back-translation simi- 294

larity > 0.9, and synthesize audio with Eleven- 295

Labs multilingual TTS. The resulting audio files, 296

containing multilingual sentences (e.g., “I have a 297

fifteen-day vacation 我想拥有一个 trip to Eng- 298

land”), were presented to various LALMs for tran- 299

scription evaluation (FR1), with performance mea- 300

sured by similarity between model transcriptions 301

and the reference multilingual sentences. Because 302

high-quality human recordings with natural code- 303

switching across these languages are scarce, we 304

adopt this synthetic route for coverage and control; 305

we note its limits briefly here and discuss them 306

in Section 7. As a result, this task, multilingual 307

span transcription is a proxy behavior for code- 308

switching. 309

3.1.4 Vocal Characterizers 310

We target non-speech vocal traits—cough, cry, 311

laugh, sneeze, yawn, mumble, and whisper—that 312

carry communicative cues without requiring 313

emotion inference. We deliberately avoid direct 314

emotion classification due to documented ethical 315

concerns about reductive labeling and potential 316

harm (Stark and Hoey, 2021). Our evaluation 317

instead asks models first to briefly describe each 318

clip (FR1), then to perform a 7-way classification 319

over the vocal categories (MC1). The dataset 320

aggregates publicly available repositories: NON- 321

SPEECH7K for cough/cry/laugh/sneeze/yawn 322

(W4ng1204, 2023), CAPSPEECH-AGENTDB- 323

AUDIO for mumble/whisper (OpenSound, 324

2024), with additional mumble from VO- 325

CAL_BURSTS_TAXONOMY_100_CLEAN_WDS 326

(Krishnakalyan, 2023) and whisper from ASMR 327

(nyuuzyou, 2022). The final set contains 4,006 328

clips across five reported labels (632 cough, 1,791 329

cry, 1,133 laugh, 236 sneeze, 214 yawn), plus 330

mumble and whisper for the 7-way classification. 331

3.2 Latency as a Dimension 332

Beyond accuracy, we report latency for local mod- 333

els only; cloud/API models are excluded from tim- 334

ing comparisons. For each model invocation (one 335

prompt–audio query), we record a single wall-clock 336

duration 337

Ti = timeend − timestart, 338
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Figure 1: Summary radar charts across tasks. Each axis is a task-specific category; values are percentages (or mean
similarity %). Legend shown once: GPT-4o (blue), Gemini (orange), Qwen2 (green), Flamingo (pink), Desta (gray).

where timestart is stamped immediately before the339

call to the local inference runtime and timeend is340

stamped when the complete textual response is341

returned to our harness. We summarize Ti across342

all four tasks using the median and interquartile343

range, and we report per-task medians to show how344

latency varies with input content and prompt type.345

3.3 Models Evaluated346

We benchmark five state-of-the-art LALMs models347

with audio capabilities: GPT-4o (OpenAI, USA)348

(OpenAI, 2024), Gemini 1.5 (Google DeepMind,349

USA/UK) (Comanici et al., 2025), Qwen2-Audio350

(Alibaba DAMO Academy, China) (Chu et al.,351

2024), Audio-Flamingo-3 (NVIDIA, USA) (Goel352

et al., 2025), and DeSTA2-8B-beta (National Tai-353

wan University + NVIDIA, Taiwan) (Lu et al.,354

2024). These models span a diverse range of ar-355

chitectures, training paradigms, and geographic356

origins.357

We selected these five models to span the de-358

sign space that is most relevant to our tasks and359

to balance fairness with reproducibility: they360

span commercial models (GPT-4o, Gemini) and361

open-weights models (Audio-Flamingo-3, Qwen2-362

Audio-7B, DeSTA2-8B-beta); and they are recent,363

widely used baselines that claim multilingual and364

non-speech capability aligned with our tasks. We365

exclude speech-only ASR and music-specialized366

models, in this paper, because they cannot run the367

full suite without additional components that would368

confound comparisons.369

4 Results370

We report results across four task types (summary371

in Figure 1), each designed to probe a distinct di-372

mension of audio understanding. In Section 4.1, 373

we analyze models’ ability to detect background 374

sounds layered under speech. Section 4.2 evalu- 375

ates how well models can estimate the direction of 376

background noise. Section 4.3 presents findings 377

on transcription accuracy in multilingual contexts. 378

Finally, Section 4.4 examines recognition of non- 379

speech vocalizations, such as laughs and coughs, 380

to assess affective and paralinguistic sound under- 381

standing. 382

4.1 Background Sound Understanding 383

Each clip contains foreground speech with an 384

ESC–50 background sound. Models first give a 385

free response (FR1: “describe the audio.”). If FR1 386

fails to mention the background, we ask a specified 387

follow–up (FR2: “name any specific background 388

sound.”). Finally, the model answers a four–way 389

multiple–choice question (MC1). For scoring, if 390

the model already got FR1 right, we count FR2 391

as correct even when FR2 was not asked (so FR2 392

is counted for all clips). “Unsure/Cannot tell” is 393

marked incorrect. Bars show means with 95% CIs; 394

horizontal dotted line mark chance (25% for MC1). 395

For readability, we report key outcomes here; full 396

statistical details appear in Appendix B. The 95% 397

CIs are extremely tight (≤∼1.5 pp half–width at 398

N=4000), so they are not visually distinguishable 399

on the bars. For completeness, they are included in 400

Appendix B. 401

Latency. For models with timing logs, we sum 402

FR1 + FR2 (only if FR1 failed) + MC1. Flamingo 403

is fast (median 2.26s; p90 2.73s), while Desta is 404

slow (median 15.61s). GPT–4o and Gemini are 405

omitted because they are API-based models. 406
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Figure 2: Ambient–sound accuracy across models
(N=4000 clips). “Specific Type*” treats FR1–correct as
FR2–correct. Baselines for simple chance are 25% (MC;
1 of 4).

Models seldom spontaneously mention back-407

ground noise (FR1) but perform much better408

with an explicit prompt (FR2) or choices (MC1).409

Flamingo leads on FR2/MC1; Qwen2 leads FR1.410

Direct, specific questions markedly improve perfor-411

mance.412

4.2 Background Noise Distance Estimation413

We test whether models detect motion via am-414

plitude envelopes applied to ESC-50 clips (Ap-415

proaching ↑amp, Receding ↓amp, Oscillating sinu-416

soid). Each clip gets two prompts: FR1 (General)417

free-text description; FR2 (Direction) explicit loca-418

tion/motion query. A response is correct if it names419

the ground-truth motion.420

FR1: General Description FR1 remains chal-421

lenging for all models. Per-class, Receding is con-422

sistently the easiest in FR1 (e.g., Gemini 27.4%),423

while Oscillating remains near floor for all (≤10%).424

Model Correct Accuracy (%) 95% CI

Gemini 981 16.35 [15.4, 17.3]
GPT-4o 658 10.97 [10.20, 11.78]
Flamingo 481 8.02 [ 7.49, 8.58]
Desta 362 6.03 [ 5.51, 6.65]
Qwen 447 7.45 [ 6.81, 8.14]

Table 2: Motion FR1 (general description) — accuracy with
Wilson 95% CIs; N = 6000 per model.

FR2: Direction When we allow the “FR1-425

already correct auto-correct on FR2” rule and ask426

direction explicitly, scores jump for the best mod- 427

els: 428

Model Correct Accuracy (%) 95% CI

Qwen 3434 57.23 [55.98, 58.48]
GPT-4o 2938 48.97 [47.70, 50.23]
Gemini 1934 32.23 [31.06, 33.43]
Desta 1344 22.40 [21.36, 23.47]
Flamingo 1209 20.15 [19.11, 21.23]

Table 3: Motion FR2 (direction) — accuracy with Wilson
95% CIs; N = 6000 per model. FR2 counts FR1-correct as
FR2-correct by design.

Asking directly (FR2) helps: (FR2–FR1) = 429

+38.0 pts (GPT-4o), +49.8 pts (Qwen), +15.9 (Gem- 430

ini), +12.1 (Flamingo), +16.4 (Desta). Models 431

struggle to spontaneously volunteer motion cues in 432

free text (FR1) but can often answer when asked 433

explicitly (FR2). Oscillation remains an unsolved 434

regime. 435

4.2.1 Latency 436

We report “effective” per-clip latency = FR1 la- 437

tency + FR2 latency if FR1 failed (0 if FR2 not 438

asked). Logged (local) medians: Flamingo 2.32 s; 439

Qwen 6.04 s; Desta 14.53 s. API models (GPT-4o, 440

Gemini) were not timed in this run. A full latency 441

table is provided in Appendix D. 442

4.3 Cross-Linguistic Evaluation 443

Figure 3: Cross-linguistic transcription accuracy (mean
± 95% CI) across models and languages. Languages:
Spanish (es), Hindi (hi), Portuguese (pt), Mandarin Chi-
nese (zh-CN). Per-language clip counts are Nes=1010,
Nhi=1034, Npt=1052, Nzh-CN=884. Error bars are normal-
approximation CIs over per-clip similarity scores.

We measure transcription similarity (0–1; re- 444

ported as %) on multilingual DailyTalk clips (con- 445

struction in Section 3.1.3). The 95% CIs on per- 446

language means are very narrow (typically < 1 447

percentage point), so they can be hard to discern on 448

the bars in Figure 3. For completeness, the exact 449

CI ranges for every model × language are reported 450

in Appendix F. 451
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GPT–4o and Gemini trade the lead by language452

(Spanish/Portuguese near-ties; Hindi → Gemini;453

Mandarin → GPT–4o). Flamingo trails the leaders454

by a small margin on Spanish/Portuguese; Qwen2455

is mid-pack; Desta is lowest. None of the models456

are at ceiling on Mandarin.457

Local (open–weights) models only: Flamingo458

median 0.92s (p90 1.23s), Qwen2 1.41s (p90459

1.92s), Desta 4.93s (p90 10.13s). API models460

(GPT–4o, Gemini) were not timed in this run.461

4.4 Vocal Characterizers462

Non-speech vocalizations (cough, cry, laugh,463

sneeze, yawn) test recognition of acoustic form464

without relying on linguistic content. We evalu-465

ate five-way multiple choice on 4,006 clips (632466

cough, 1,791 cry, 1,133 laugh, 236 sneeze, 214467

yawn). We report mean± 95% CI to keep tables468

compact. For a simple chance reference, the five-469

way baseline is 20%.470

Model Cough Cry Laugh Sneeze Yawn

GPT-4o 91.5 72.1 87.6 71.6 87.9
± 2.2 ± 2.1 ± 1.9 ± 5.8 ± 4.4

Gemini 48.1 65.2 65.3 14.0 7.5
± 3.9 ± 2.2 ± 2.8 ± 4.5 ± 3.6

Qwen2 74.1 69.0 97.2 79.2 86.4
± 3.4 ± 2.2 ± 1.0 ± 5.2 ± 4.6

Flamingo 95.6 90.7 98.0 94.9 0.0
± 1.6 ± 1.4 ± 0.8 ± 2.9 ± 0.9

Desta 26.3 11.2 64.1 3.4 7.0
± 3.4 ± 1.5 ± 2.8 ± 2.4 ± 3.5

Table 4: Vocal characterizer accuracy (percent). Entries are
mean± 95% CI.

Effective latency sums description + MC times471

(local models only): Flamingo 0.80s (p90 0.97),472

Qwen2 1.22s (p90 1.74), Desta 6.84s (p90473

62.52). API models (GPT–4o, Gemini) were474

not timed in this run. Flamingo leads on475

cough/cry/laugh/sneeze but fails on yawn; GPT–4o476

and Qwen2 are strong across all five; Gemini is477

mixed and below chance on sneeze/yawn; Desta478

trails. All models exceed the 20% chance level479

overall.480

4.5 Error Analysis481

Beyond aggregate accuracy, we perform a struc-482

tured error analysis to understand how models fail483

on each task. For each task, we drew a stratified484

random sample of error cases across models (10485

clips per model per task; N=200 total). We then486

developed an error taxonomy on this set and labeled487

Error type
Bkgd.
Sound

Noise
Loc.

Cross
Ling.

Vocal
chars.

Omission 18% 43% – 1%
Over-general label 4% – – –
Misattribution 3% 21% – 94%
Direction swap – 8% – –
Dropping language – – 64% –
Partial re-translation – – 36% –
Noise override 75% – – –

Table 5: Distribution of error types by task (percent of
error cases in the aggregated dataset). Entries are percentages
conditioned on an error in that task, not on all clips. Cells
marked “–” denote that the error category is not applicable to
that task.

the full set of samples using this schema. Our la- 488

bels include (i) omission (the target event is never 489

mentioned), (ii) over-general labels (e.g., “traffic” 490

instead of a specific ESC-50 class), (iii) misattri- 491

bution (wrong specific class), (iv) direction swap 492

(approach↔recede), (v) dropping language (drop- 493

ping non-English spans), (vi) partial re-translation 494

(translating only the foreign span), and (vii) noise 495

override (focusing on speech content of the audio 496

snippet and ignoring the background cues). Error 497

types are not mutually exclusive. 498

The dominant failure for background sound is 499

noise override: in 75% of wrong free responses, 500

models transcribe the speech but never mention 501

the background event. Plain omissions account 502

for 18% of errors, over-general labels (e.g., “back- 503

ground noise,” “traffic”) for 4%, and misattribu- 504

tions for 3%. 505

For noise localization, the main issues are 506

omission (43%; no motion described), oscillation 507

collapse (25%; periodic loud–soft patterns reduced 508

to “volume changes”), and misattributed motion 509

type (21%). Direction swaps (approach↔recede) 510

contribute 8% and short-horizon listening 2%. 511

In cross-lingual transcription, 64% of errors 512

are monolingual normalization, where non-English 513

spans are dropped and replaced with fluent English, 514

and 36% are partial re-translation, where only the 515

foreign fragment is translated despite instructions 516

to preserve code-mixing. 517

For vocal characterizers, 94% of errors 518

are misattributions between non-speech categories 519

(e.g., yawn vs. sigh), with the mention of vocal 520

characterizers outside of our five labels at 5% and 521

omissions at about 1%. 522

Taken together, these patterns show a bias toward 523

foreground speech over background events, limited 524

temporal reasoning for motion, normalization of 525
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multilingual spans, and unstable labeling of non-526

speech vocal cues.527

5 Discussion528

SCENEBench assesses a simple question: if529

LALMs truly understand audio, can they detect530

salient background events, reason about motion,531

preserve multilingual spans, and recognize non-532

speech vocalizations in realistic settings? Our re-533

sults show that the answer is, at best, mixed.534

Across tasks, models approach or surpass chance535

on most multiple-choice formats but routinely536

miss the phenomena that matter in assistive and537

industrial use cases. In background sound538

understanding, omission dominates: models al-539

most never volunteer background events in free540

text and only partially recover when pushed541

with targeted questions or options. In noise542

localization, models show substantial gains543

when we explicitly ask about motion, but still544

collapse oscillatory envelopes and over-weight545

the end of the clip. In cross-linguistic546

transcription, the most common error is to nor-547

malize away the non-English spans entirely. In548

vocal characterizers, lexical content overrides549

paralinguistic cues even when the non-lexical event550

(e.g., a yawn) is the label of interest.551

These patterns suggest that current LALMs are552

optimized for what is said (ASR and captioning)553

rather than how it is said or what else is happening554

in the scene. This is not surprising: most public555

audio benchmarks focus on clean speech, single-556

source environmental clips, or music classification,557

and are designed around tasks that are easy to grade558

automatically. As a result, it is possible for a model559

to score well on existing suites while still failing on560

the basic building blocks of audio understanding.561

So why have these gaps been overlooked? Our562

analysis suggests several structural reasons why563

these capabilities have received less attention.564

First, collecting and annotating overlapping events565

(speech with background, motion, and paralinguis-566

tic cues) is much harder than curating clean, single-567

label clips; therefore, most widely used corpora568

simply do not contain them. Additionally, common569

metrics such as word-error rate, caption BLEU, or570

single-label accuracy reward lexical fidelity and571

generic scene tags, but do not penalize models for572

dropping sirens, collapsing motion, or normaliz-573

ing away multilingual spans. SCENEBench is de-574

signed around exactly these inconvenientc̈ases, not575

to replace existing suites, but to make it harder to 576

claim comprehensive audio understanding without 577

addressing them. 578

To improve performance on these tasks, focus 579

on targeted data and training objectives. For back- 580

ground sound understanding one method of im- 581

proving existing models is exposing models to 582

speech–noise mixtures with descriptions of the 583

background sound. Specifically, we could in- 584

clude information regarding (i) the presence of 585

a background class and (ii) name it, providing 586

the model with hard negatives where the fore- 587

ground narrative is correct but the background 588

label is wrong, since LALMs perform well at 589

ASR (Chu et al., 2024; Wang et al., 2025; Yang 590

et al., 2024). For localization, train on clips with 591

known object movement; add objectives that clas- 592

sify approach/recede/oscillate, and ensure that the 593

model integrates evidence over time rather than 594

over-weighting the final seconds. For multilin- 595

gual spans, instruction- and preference-tuning on 596

span-annotated transcripts, using contrastive pairs 597

where the only difference is whether to keep or 598

translate the foreign segment. For paralinguistics, 599

fine-tune or introduce data that includes short non- 600

lexical events embedded in speech. Across tasks, 601

use multi-task fine-tuning that combines these ob- 602

jectives with standard ASR/captioning, ensuring 603

lexical fidelity while the model also learns to at- 604

tend to the features of audio. 605

To track whether these targeted changes actually 606

help in practice, our benchmark provides the cor- 607

responding evaluation signals. In summary, the 608

suite identifies where current models excel and 609

where they falter, providing a concise, reproducible 610

testbed to guide training and model design toward 611

parsing audio, not just speech. 612

5.1 Future Work 613

To enhance coverage, there are three improvements 614

that can be prioritized in future work: 615

• Natural code-switching data. Replace the 616

synthetically generated data in our third task 617

with a small, human-recorded corpus across 618

multiple language pairs to validate (or revise) 619

conclusions from the synthetic set and better 620

reflect real switching behavior. 621

• Realistic acoustics. Move beyond equal- 622

loudness overlays and synthetic motion 623

by (i) sweeping speech–background SNRs 624

(e.g., −10 to +10 dB) and (ii) adding 625

field recordings with moving sources 626

8



(sirens/vehicles/machinery) to test ap-627

proach/recede under Doppler, occlusion, and628

moving-listener cases.629

• Stronger baselines. Include non–LALM630

pipelines to contextualize results (e.g.,631

speech separation → ESC–50 classifier for632

background sound understanding); this633

sets a clear “what classical methods achieve”634

line for robustness comparisons and allows635

us to indicate whether results indicate task636

difficulty or model limitations.637

6 Conclusion638

Overall, SCENEBench surfaces concrete failure639

modes—omission, over-general labels, misattribu-640

tion, short-horizon listening, and language-prior641

dominance—that are obscured in cleaner, single-642

event benchmarks. We provide task-appropriate643

chance baselines, report tight confidence intervals644

enabled by large N , and keep full statistics in Ap-645

pendix B. Our hope is that these evaluations help646

steer model development toward the capabilities647

demanded in accessibility and industrial safety.648

7 Limitations649

Our study has several limitations. First, the mixture650

design relies on controlled levels of speech–noise651

overlays. While equal-level mixing provides exper-652

imental control, it may not reflect signal-to-noise653

ratio distributions encountered in the wild. Sec-654

ond, some of the upstream corpora contain weak655

or imperfect annotations. Residual label errors can656

influence ceiling estimates and increase per-class657

confusions. Third, closed-model APIs restrict fine-658

grained latency profiling and ablation studies. As a659

result, we report timer latency measures wherever660

possible. Finally, the multilingual speech setup,661

which uses a TTS pipeline with back-translation662

filtering, improves consistency but does not fully663

capture the spontaneity of real human speech.664

8 Ethical Considerations665

We also highlight several ethical considerations.666

To reduce risks associated with reductive “emo-667

tion AI,” we avoid direct emotion inference and668

instead focus on paralinguistic events. All speech669

data, including synthetic mixtures, must respect670

licensing constraints, and any human recordings671

require explicit consent and data minimization. Ac-672

cessibility risks must be considered carefully: in673

safety-critical contexts like siren detection, both674

missed detections and false alarms can carry dis- 675

tinct harms. Systems should therefore expose cali- 676

brated uncertainty and provide fallback behaviors. 677

Finally, fairness is essential. Benchmarks should 678

broaden their coverage of accents, languages, and 679

recording conditions to reduce disparate error rates 680

across user groups. 681
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A Background Sound Task Prompts 912

FR1 (Free-response description). 913

Please describe what you hear in this 914
audio file. Be as detailed as possible 915
about all the sounds you can identify. 916

FR2 (Targeted follow-up; asked only if FR1 917

omitted the background/ambient sound). 918

In your previous response, you didn’t 919
mention the background noise. Please 920
specifically describe what background 921
noise or ambient sound you hear in this 922
audio. 923

MC (4-way multiple choice; administered for all 924

clips). 925

You will be given an audio clip. What is 926
the background sound? Choose the correct 927
answer from the following options and 928
reply with ONLY the number (e.g., 1, 2, 929
3, or 4). 930

B Statistical Methods for Background 931

Sound Task 932

We compute model-wise 95% CIs for proportions 933

using the Wilson interval. FR1 (Any noise) — 934

GPT–4o: 6.5% [5.73, 7.27], Qwen2: 29.3% [27.89, 935

30.71], Gemini: 8.6% [7.73, 9.47], Flamingo: 936

20.6% [19.35, 21.85], Desta: 2.9% [2.38, 3.42]. 937

FR2 (Specific type*) — GPT–4o: 8.3% [7.44, 938

9.16], Qwen2: 30.1% [28.68, 31.52], Gemini: 939

10.9% [9.93, 11.87], Flamingo: 32.8% [31.35, 940

34.25], Desta: 6.4% [5.64, 7.16]. MC — GPT–4o: 941
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8.0% [7.16, 8.84], Qwen2: 60.2% [58.68, 61.72],942

Gemini: 30.8% [29.37, 32.23], Flamingo: 74.2%943

[72.84, 75.56], Desta: 24.9% [23.56, 26.24].944

For each model and the multiple choice question945

(MC1), we test H0: p = pchance with a one-sample946

proportion z-test: 0.25 (MC1; 1/4). To control947

multiplicity across 15 tests (5 models × 3 metrics),948

we apply Benjamini–Hochberg FDR at α=0.05.949

Effect sizes are reported as absolute risk difference950

∆=p − pchance and Cohen’s h = 2arcsin
√
p −951

2 arcsin
√
pchance. Sample size and power notes:952

with N=4000 clips, the minimum detectable |∆|953

at 0.8 power is <2 percentage points for MC1.954

Multiple choice (MC; baseline 25%).955

Flamingo 74.2%, Qwen2 60.2%, Gemini 30.8%,956

Desta 24.9%, GPT–4o 8.0%. Flamingo, Qwen2,957

and Gemini are above chance (BH–adj. p<10−10);958

Desta is not different from chance (BH–adj.959

p≈0.83); GPT–4o is below chance (BH–adj.960

p<10−10).961

C Noise Localization Task Prompts962

FR1 (Free-response description).963

Please describe what you hear in this964
audio file. Be as detailed as possible965
about all the sounds you can identify,966
including any changes in volume or967
spatial characteristics.968

FR2 (Targeted follow-up; asked only if FR1969

omitted the direction of noise).970

How does our position change in relation971
to the sound source in this audio?972
Describe the spatial relationship and973
any movement patterns you detect.974

D Noise Localization Statistics and975

Latency976

Statistical testing. For each model and ques-977

tion, we test H0: p = 1
3 (33.3%) using a978

one-sample proportion z-test; p-values are Ben-979

jamini–Hochberg–adjusted across 10 tests (5 mod-980

els × 2 questions). All models are either well be-981

low chance on FR1 or well above chance on FR2,982

and all baseline tests are significant (BH-adjusted983

p < 10−4). We then run all pairwise model com-984

parisons (two-proportion tests, BH-adjusted within985

question) and report the full set: on FR1 (general),986

overall accuracies are low (6–16%), but nearly all987

pairs differ significantly; the only non-significant988

comparison is Flamingo3 vs. Qwen2 (∆=+ 0.57989

points, z=1.16, pBH=0.245), while all others fall990

in the range ∆ ∈ [1.4, , 9.7] points with pBH <991

0.01, and the largest gap is Gemini vs. DESTA2 992

(∆≈10.32 points, z=−17.92, pBH < 10−15). 993

On FR2 (position), every pairwise difference is 994

large and significant; e.g., Qwen2 vs. Flamingo3 995

(∆≈41.2 points, z=−47.06, pBH ≈ 0), Qwen2 996

vs. GPT-4o (∆≈10.72 points, z=11.74, pBH ≈ 0), 997

and even the smallest gap, DESTA2 vs. Flamingo3 998

(∆≈3.32 points, z=4.85, pBH ≈ 1.24×10−6), re- 999

mains significant. Effect sizes are reported as ab- 1000

solute differences ∆=p− 1
3 and Cohen’s h in the 1001

supplement. 1002

Per-class notes. Direction accuracy concentrates 1003

on Approaching/Receding; Oscillating is near floor 1004

(e.g., ≤10.8%). 1005

Latency table. 1006

Model (local) Median (s) Mean (s) p90 (s)

Flamingo 2.32 2.35 2.98
Qwen 6.04 6.54 10.25
Desta 14.53 27.96 72.16
GPT-4o n/a n/a n/a
Gemini n/a n/a n/a

Table 6: Motion-task effective latency (local inference).
Values are per-clip medians, means, and 90th-percentiles in
seconds; API models (GPT-4o, Gemini) are not available in
this run.

E Cross-Linguistic Task Prompt 1007

FR1 (Free-response description). 1008

Transcribe the following audio, 1009
preserving any code-mixing or 1010
multilingual content. If the audio 1011
contains both English and other 1012
languages, keep the code-mixed style in 1013
your transcript. Output the transcript 1014
exactly as spoken, including any 1015
non-English words or phrases. 1016

F Cross-Linguistic Details 1017

Statistics. We compute 95% CIs over clip- 1018

level similarity via normal approximation; for 1019

between-model comparisons per language we use 1020

two-sample t-tests on per-clip scores with Ben- 1021

jamini–Hochberg correction across model pairs. 1022

Effect sizes are reported as mean differences (pp) 1023

with 95% CIs. 1024
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Language (N) Model Mean ± 95% CI (%)

Spanish (es, N = 1010) GPT–4o 93.9 [93.4, 94.4]
Gemini 93.3 [92.9, 93.7]

Flamingo 90.1 [89.5, 90.7]
Qwen2 68.7 [68.0, 69.4]
Desta 49.0 [47.4, 50.5]

Hindi (hi, N = 1034) Gemini 78.2 [77.5, 78.8]
GPT–4o 76.5 [75.6, 77.5]
Flamingo 74.6 [74.0, 75.1]
Qwen2 60.3 [59.8, 60.9]
Desta 20.5 [19.1, 21.8]

Portuguese (pt, N = 1052) Gemini 91.8 [91.4, 92.3]
GPT–4o 91.5 [91.0, 92.0]
Flamingo 85.6 [84.7, 86.4]
Qwen2 67.3 [66.6, 68.1]
Desta 42.1 [40.6, 43.6]

Mandarin (zh–CN, N = 884) GPT–4o 84.7 [83.9, 85.4]
Gemini 81.8 [81.2, 82.4]

Flamingo 78.0 [77.3, 78.7]
Qwen2 61.0 [60.2, 61.7]
Desta 43.2 [41.8, 44.7]

Table 7: Cross–linguistic transcription (mean similarity ±
95% CI, %). All models are shown for each language; the
best mean per language is bolded.

G Vocal Characterizers Task Prompt1025

MC1.1026

Which of the following best describes1027
this sound? (A) cough (B) cry (C)1028
laugh (D) sneeze (E) yawn (F) mumble (G)1029
whisper. Answer with the letter and the1030
word.1031
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