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Abstract001

Although Audio Large Language Models002
(ALLMs) have witnessed substantial advance-003
ments, their long audio understanding capabil-004
ities remain unexplored. A plethora of bench-005
marks have been proposed for general audio006
tasks, they predominantly focus on short-form007
clips, leaving without a consensus on evalu-008
ating ALLMs over extended durations. This009
paper proposes ChronosAudio, the first multi-010
task benchmark tailored for long-audio un-011
derstanding in ALLMs. It encompasses six012
major task categories and comprises 36,000013
test instances totaling over 200 hours audio,014
stratified into short, middle, and long-form015
categories to comprehensively evaluate length016
generalization. Extensive experiments on 16017
state-of-the-art models using ChronosAudio018
yield three critical findings: ❶ Precipitous019
Long-Context Collapse: ALLMs exhibit a020
severe inability to sustain performance, with021
the transition from short to long contexts trig-022
gering a staggering performance degradation023
of over 90% in specific tasks. ❷ Structural024
Attention Dilution: Performance degradation025
stems from a fundamental failure in maintain-026
ing temporal locality; attention mechanisms027
suffer from significant diffusion in later se-028
quences. ❸ Restorative Ceiling of Mitigation:029
Current strategies only offer 50% recovery.030
These findings reveal significant challenges031
in long-audio, underscoring the urgent need032
for approaches to achieve robust, document-033
level audio reasoning. The codes and dataset034
are available at https://anonymous.4open.035
science/r/ChronosAudio-D49A036

1 Introduction037

Recent advancements in Large Language Mod-038

els (LLMs) have catalyzed the evolution of Mul-039

timodal LLMs (MLLMs), significantly enhancing040

their capabilities in audio understanding (Wang041

et al., 2025b), instruction following (Feng et al.,042

2025), and reasoning (Lu et al., 2025). Build-043

Benchmark Multi
Dim.

Long
Task

Total
Dur.

Avg.
Dur.

AudioBench (Wang et al., 2023) 400h 14s
AIR-Bench (Yang et al., 2024) 252h 35s
MuChoMusic (Weck et al., 2024) 5h 26s
MMSU (Wang et al., 2025a) 10h 7s
MMAU (Sakshi et al., 2025) 28h 10s
MMAR (Ma et al., 2025) 6h 19s
BLAB (Ahia et al., 2025) 833h 51m
ChronosAudio (Ours) 237h 322s

Table 1: Comparison between ChronosAudio with other
audio benchmarks.

ing upon these foundations, state-of-the-art Audio 044

Large Language Models (ALLMs) (An et al., 2024; 045

Fan et al., 2025; Wu et al., 2025; Ding et al., 2025) 046

have emerged to handle various audio-related tasks 047

(Huang et al., 2023; Sun et al., 2025; Tian et al., 048

2025; Chen et al., 2025; Ghosh et al., 2025). 049

The burgeoning field of ALLMs has spurred the 050

emergence of numerous datasets (Li et al., 2025a; 051

Cheng et al., 2025; Lin et al., 2025; Li et al., 2025d) 052

aimed at broadly evaluating their general capabili- 053

ties. Representative benchmarks include Dynamic- 054

SUPERB (Tseng et al., 2023), Audio-Bench (Wang 055

et al., 2023), and AIR-Bench (Yang et al., 2024), 056

alongside those prioritizing safety and trustworthi- 057

ness like AudioTrust (Li et al., 2025c) and Audio 058

Jailbreak (Song et al., 2025). However, Table 1 059

shows that their data is confined to short audio 060

(Li et al., 2025d; Zhang et al., 2025), typically 061

spanning merely seconds to a few minutes. Now 062

systematic research into the long-duration audio 063

understanding and analysis capabilities of ALLMs 064

remains largely unexplored. Consequently, this 065

raises a natural question: How do Audio Large 066

Language Models perform on long audio? 067

To explore this question systematically, we in- 068

troduce ChronosAudio, the first multi-task bench- 069

mark tailored for long-context evaluating (Ding 070

et al., 2024; Li et al., 2024; Gao et al., 2025) 071

on ALLMs as shown in Figure 1. ChronosAudio 072
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6 task typesKey finding: 

Most ALLM 
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ChronosAudio
      A benchmark evaluating 
   Long-form Audio Understanding

     Summary-Long

     Transcription-Middle (Mistake !!)

[00:04] Interviewer: So, could
you work us true the time line for
the product lunch? I no there were
some chances last week..........

Transcription-Short

 [00:04] Interviewer: So, could you
walk us through the timeline for the
project launch? I know there were some
changes last week..........

(Refuse Answer）Sorry I can't answer
the question. Can you give me more
information about this audio?

       MultiSpeaker-Long (Mistake !!)

[36:45.20] Alex: Any objections? ...
[36:46.50] Ben: No no no  
[36:46.90] Sara: Ahihihihi
[36:47.50] Alex: Okay, app... app... 

Comprehension-Long

The answer is: (meaningless output）
 speech !speech ! speech ! speech!
speech ! speech ! speech ! speech !

MultiSpeaker-Short

[00:15.20] Alex: Any objections ？
[00:16.50] Ben: No. 
[00:16.90] Sara: None here. 
[00:17.50] Alex: Okay, approved

Figure 1: A framework of ChronosAudio Benchmark for evaluating ALLMs across six major task categories.

is composed of six major task categories, cov-073

ering key long-audio application scenarios in-074

cluding Dictation, Localization, Transcription,075

Multi-Speaker, Comprehension, and Summary.076

In addition, ChronosAudio contains 3,000 short-077

form audios (30s∼5min), 2,000 middle-form au-078

dios (5min∼10min) and 1,000 long-form audios079

(10min∼20min) to provide a more comprehensive080

evaluation of the ALLMs’ capabilities on long con-081

texts. ChronosAudio includes 36,000 test instances,082

over 200 h audio, and an average length of 322 s.083

Building on the ChronosAudio benchmark, our084

extensive experimentation rigorously demonstrates085

that state-of-the-art ALLMs exhibit a critical vul-086

nerability in maintaining high-fidelity under-087

standing when processing extended temporal088

contexts. For instance, we observe a precipi-089

tous performance collapse across evaluated mod-090

els, where the transition from short to long con-091

texts triggers a staggering degradation of over 90%092

in specific tasks. Even top-tier proprietary mod-093

els are not immune to this decline; while closed-094

source models achieve a Transcription score of 095

42.66 on short audio, this metric plummets to a 096

mere 3.86 when processing long-form sequences. 097

However, a distinct performance chasm is observed 098

between model categories: while closed-source 099

models maintain robust reasoning capabilities with 100

a Summary score of 59.22 on long audio, open- 101

source counterparts suffer a structural collapse to 102

an average score of 14.14 in the same scenarios. 103

Experimental Takeaways. 104

• Precipitous Long-Context Collapse. ALLMs 105

exhibit a severe inability to sustain performance 106

over extended durations. Our evaluation reveals 107

that the transition from short to long contexts 108

triggers a staggering performance degradation 109

of over 90% in specific tasks, with the Lost- 110

in-the-Middle phenomenon manifesting signif- 111

icantly earlier than in other textual models. 112

• Structural Attention Dilution. Performance 113

degradation stems from a fundamental failure 114

in maintaining temporal locality. Visualization 115

of attention weights confirms that while models 116
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capture local dependencies in early stages, the117

attention mechanism suffers from significant dif-118

fusion in later sequences, resulting in a loss of119

high-resolution alignment.120

• Restorative Ceiling of Mitigation. Current long-121

context strategies offer limited recovery. While122

mechanisms like Sparse Attention improve sta-123

bility, they encounter a ceiling, recovering only124

50% of the model’s short-context proficiency,125

highlighting simple architectural tweaks are in-126

sufficient for document-level audio reasoning.127

2 Preliminary & Related Work128

2.1 Audio Large Language Models129

Recent ALLMs have demonstrated significant po-130

tential in unifying tasks such as automatic speech131

recognition (Min and Wang, 2023; Bai et al., 2024a;132

Xie et al., 2025; Carone et al., 2025), speech trans-133

lation (Huang et al., 2023; Liu et al., 2025), au-134

dio generation (Wang et al., 2025c), and dialogue135

(Zhang et al., 2023; Gong et al., 2024).136

Prevailing ALLMs typically employ a two stage137

paradigm that aligns continuous audio signals with138

the discrete textual space of LLMs. In the first139

stage, the continuous audio waveform xa ∈ RTa140

is discretized into a sequence of acoustic tokens to141

bridge the modality gap. This is generally achieved142

via a neural audio tokenizer or codec ϕa, which143

maps the input to a discrete codebook space ZLa :144

ca = ϕa(xa), ϕa : RTa → ZLa , (1)145

where La denotes the length of result tokens.146

To enable multimodal interaction, these acoustic147

tokens are projected into a shared semantic embed-148

ding space alongside textual inputs. Specifically,149

given a textual prompt xt ∈ ZLt , the model con-150

structs a unified input sequence z by concatenating151

the embeddings of both modalities:152

z = [ϕe(ca) ∥ ϕt(xt)] ∈ R(La+Lt)×d, (2)153

where ϕe and ϕt serve as the embedding functions154

and ∥ denotes the concatenation operation.155

The unified embedding sequence is subsequently156

processed by a Transformer decoder fθ, which157

models the probability distribution over a joint vo-158

cabulary V containing textual and acoustic units.159

h = fθ(z) are projected via a matrix W ∈ R|V|×d160

to compute the next-token probabilities:161

ŷ = softmax(Wh). (3)162

Eq 3 often referred to as joint autoregressive decod- 163

ing, allows ALLMs to coherently generate inter- 164

leaved audio and textual outputs, thereby facilitat- 165

ing complex tasks such as audio captioning (Guo 166

et al., 2025) and dialogue (Gosai et al., 2025). 167

2.2 Long Context Understanding 168

In the realm of text-modal LLMs, long-context 169

understanding, defined as the capacity to process 170

and reason over extended sequences, has witnessed 171

systematic advancements. Recent work has exam- 172

ined how LLMs process very long contexts(Liu 173

et al., 2024; Wang et al., 2024; Kuratov et al., 2024; 174

Wu et al., 2024; Yang et al., 2025). These stud- 175

ies include stress tests for retrieval in book-length 176

documents, where performance degrades when key 177

information is located in the middle part(Bai et al., 178

2024b,c; Que et al., 2024). These works have es- 179

tablished a solid foundation for evaluating retrieval 180

and reasoning in long-text scenarios. 181

Despite advancements in NLP, research on long- 182

context understanding in the audio modality re- 183

mains scarce, primarily because audio is continu- 184

ous, making reasoning over long sequential struc- 185

tures, significantly more challenging than with dis- 186

crete text tokens (Zhu et al., 2025). Furthermore, 187

current sota ALLMs lack sufficient benchmarking 188

for these long scenarios, as existing evaluations pre- 189

dominantly focus on short clips (Ahia et al., 2025; 190

Ma et al., 2025; Wang et al., 2025a; Sakshi et al., 191

2025; Li et al., 2025b). This highlights a critical 192

need for dedicated benchmarks and modeling ap- 193

proaches that target long-context understanding. 194

3 ChronosAudio 195

We introduce ChronosAudio, a multi-task bench- 196

mark specifically designed to assess long-audio 197

understanding on 16 sota ALLMs. The benchmark 198

organizes six tasks into three distinct categories: 199

Temporal Perception, Verbatim Sequential Genera- 200

tion, and High-level Reasoning. 201

3.1 An Overview of ChronosAudio 202

To ensure a comprehensive evaluation of length 203

generalization and address the scarcity of long- 204

context benchmarks, ChronosAudio explicitly fo- 205

cuses on time-extended audio scenarios. The 206

benchmark aggregates a diverse collection of audio 207

data, totally amounting to over 200 hours. 208

Specifically, ChronosAudio comprises 36,000 209

test instances derived from 6,000 distinct audio 210
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Figure 2: Overview of the ChronosAudio benchmark
data composition. Each task comprises 6,000 test in-
stances, totaling 36,000 samples.

clips. These instances span six major task cat-211

egories, ensuring broad coverage of key long-212

context application scenarios. The audio data is213

rigorously stratified into three duration categories214

to probe model capabilities across different context215

windows. We divide data into three types:216

• Short-form: 3,000 audio clips (30s∼5min), serv-217

ing as a baseline for context handling.218

• Middle-form: 2,000 audio clips (5min∼10min),219

bridging the gap between sentence-level and220

document-level processing.221

• Long-form: 1,000 audio clips (10min∼20min),222

specifically designed to challenge the limits of223

long-context attention and reasoning.224

Figure 2 shows that all datasets in ChronosAudio225

are standardized into a unified format. This stan-226

dardization is critical to facilitate consistent, auto-227

mated evaluation across diverse audio-centric ca-228

pabilities and to enable fair comparisons between229

different performance of ALLMs.230

3.2 Temporal Perception231

This category focuses on the model’s ability to232

locate specific information in the time domain and233

sustain attention over long durations.234

Dictation. This task probes attention persistence.235

The metric, Dictation Accuracy (Accdict), is cal-236

culated as the ratio of correctly transcribed units237

(Ncorrect) to total reference units (Ntotal):238

DS =
Ncorrect

Ntotal
, (4)239

where Ncorrect denotes the count of units (words or240

characters) correctly transcribed by the model, and 241

Ntotal represents the total number of units in the 242

reference text. 243

Localization. This task measures temporal ground- 244

ing. We first compute the absolute temporal error 245

∆t = |tpred− tref|. With a strict tolerance threshold 246

τ = 0.1s, the localization score is defined as: 247

LS =

{
1− ∆t

τ , if ∆t ≤ τ

0, if ∆t > τ
(5) 248

where tpred and tref represent the predicted times- 249

tamp and the ground-truth timestamp, respectively. 250

τ serves as the tolerance boundary, penalizing pre- 251

dictions that deviate beyond 0.1 seconds. 252

3.3 Verbatim Sequential Generation 253

This category evaluates the model’s capacity to 254

generate long, faithful transcripts, preserving exact 255

lexical content and speaker attribution. 256

Transcription. We evaluate transcription using 257

a composite metric reflecting word accuracy and 258

semantic similarity. The final score is: 259

TS = β1(1−mWER) + β2BertSc, (6) 260

where mWER denotes the mixed Word Error Rate, 261

and BERTScore measures semantic similarity. β1 262

and β2 are the balancing coefficients. 263

Multi-Speaker. This task requires consistent 264

speaker IDs and precise turn boundaries. Evalu- 265

ation combines content accuracy with: 266

MS = γ1(1−mWER)+γ2

(
2PspkRspk

Pspk +Rspk

)
, (7) 267

where Pspk and Rspk denote the precision and recall 268

of speaker attribution, respectively. The weights 269

are configured as γ1 and γ2 to balance the content 270

accuracy and speaker identification. 271

3.4 High-level Reasoning 272

This category assesses the model’s ability to syn- 273

thesize information and perform logical reasoning. 274

We define I(·) as the information extraction func- 275

tion and K(·) as the key point mapping function. 276

Comprehension. We evaluate the QA capability 277

based on exact match and a hallucination penalty. 278

The final score integrates these two factors: 279

CS =

[
w1 ·I(ExactMatch)−w2 ·

|I(Y) \ I(G)|
|I(Y)|

]
,

(8) 280
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Dictation Localization Transcription Multi-Speaker Comprehension Summary
Model

S M L S M L S M L S M L S M L S M L

Open Source Models

Qwen2-Audio-7B 15.30 7.90 0.00 4.40 0.00 0.00 25.80 10.00 0.00 16.60 9.50 5.00 27.90 6.60 0.00 28.00 25.60 9.80

Qwen2.5-Omni-3B 22.50 14.90 0.00 6.00 0.00 0.00 50.10 16.80 0.00 15.70 7.80 3.00 30.50 18.40 10.20 31.10 25.80 4.60

Qwen2.5-Omni-7B 24.80 15.40 0.00 6.70 0.00 0.00 56.10 18.70 0.00 17.20 9.60 4.10 34.00 20.20 11.30 34.20 28.70 5.60

Qwen3-Omni-30B 27.90 15.00 0.00 7.10 0.00 0.00 53.90 17.20 0.00 19.00 8.10 3.90 31.80 19.00 9.70 77.50 56.00 18.90

MiniCPM-o-2_6 9.30 2.60 0.00 3.70 0.00 0.00 10.50 1.40 0.00 4.90 0.00 0.00 15.80 9.00 0.00 54.60 39.00 21.60

Kimi-Audio-7B 0.00 0.00 0.00 0.00 0.00 0.00 5.00 0.90 0.00 0.90 0.00 0.00 6.70 0.00 0.00 33.80 27.00 13.40

SALMONN 0.00 0.00 0.00 0.00 0.00 0.00 9.80 3.30 0.00 1.80 0.00 0.00 11.20 0.00 0.00 40.90 38.40 30.20

Step-Audio-2-mini 10.50 3.80 0.00 0.00 0.00 0.00 13.30 7.60 0.00 1.20 0.00 0.00 18.90 6.30 0.00 27.60 21.90 9.00

Average 13.79 7.45 0.00 3.49 0.00 0.00 28.06 9.49 0.00 9.66 4.38 2.00 22.10 10.65 3.90 40.96 32.80 14.14

Closed Source Models

GPT-4o-Audio 9.10 2.30 0.00 5.80 0.00 0.00 41.90 16.50 5.60 13.90 7.80 2.80 28.30 12.00 5.70 78.70 72.10 73.30

Gemini-3.0-Pro 26.70 5.00 0.30 7.40 0.00 0.00 45.80 24.20 13.90 11.30 7.80 0.50 32.00 13.90 4.30 81.20 75.40 70.30

Gemini-2.5-Pro 12.10 2.90 0.00 6.10 0.00 0.00 37.00 22.90 10.10 12.50 7.30 0.40 31.20 9.20 3.40 79.50 72.30 70.40

Gemini-2.5-Flash 8.80 1.50 0.20 2.80 0.00 0.00 49.30 17.30 9.40 9.50 5.30 1.00 30.50 11.90 5.50 73.70 64.50 26.30

Gemini-2.5-Flash-Lite 9.30 1.50 0.10 3.70 0.00 0.00 41.60 14.00 1.40 20.60 10.10 4.30 26.50 11.50 4.90 71.00 50.80 62.30

Gemini-2.0-Flash 11.50 2.50 0.00 1.90 0.00 0.00 38.80 14.10 0.00 8.00 2.40 0.00 23.00 14.20 0.00 76.20 63.00 68.10

Gemini-2.0-Flash-Lite 9.00 2.40 0.00 2.00 0.00 0.00 41.70 16.30 2.90 7.20 1.00 0.00 21.50 13.60 0.00 75.40 66.30 66.10

Qwen-Omni-Turbo 25.00 13.60 1.20 6.00 0.00 0.00 58.70 20.10 11.90 19.90 9.30 0.00 27.80 18.30 7.30 76.40 62.60 60.50

Average 9.54 2.04 0.06 3.24 0.00 0.00 42.66 15.64 3.86 11.84 5.32 1.62 25.96 12.64 3.89 75.00 63.34 59.22

Table 2: Performance comparison on six tasks with different audio lengths (Short/Middle/Long). The column order
aligns with the visual analysis charts, averaged over 5 experimental rounds. The best and second-best performing
models are highlighted in bold with and medals respectively.

where Y and G denote the model prediction and281

ground truth, respectively. I(·) is the indicator func-282

tion. The two terms correspond to Exact Match and283

Hallucination Rate, weighted by w1 and w2.284

Summary. Summarization quality is determined285

by Coverage and Factuality. Metric is defined as:286

SS =
[
δ1
|K(Y) ∩ K(G)|

|K(G)|
+ δ2

|K(Y) ∩ K(G)|
|K(Y)|

]
.

(9)287

The terms represent Coverage (Recall) and Fac-288

tuality (Precision), balanced by δ1 and δ2.289

4 Experiments and Evaluations290

In this section, we conduct experiments to address291

the following research questions:292

• RQ1: How does the ALLMs performance evolve293

as the audio duration scales from short to long294

contexts? Specifically, to what extent does per-295

formance degrade, and does a distinct decline296

emerge as the context length increases?297

• RQ2: What does attention analysis reveal about298

the underlying causes of performance degrada-299

tion in extended audio sequences? Through the300

visualization of attention weights, does the per-301

formance drop stem from a structural collapse or302

are there other internal factors at play?303

• RQ3: Can mitigation strategies effectively alle-304

viate the performance collapse in entire long-305

duration tasks? In particular, are these main- 306

stream mechanisms really capable of recovering 307

all the lost capabilities within the subset? 308

4.1 Experimental Setup 309

Baselines. The baseline model pool for our eval- 310

uation is defined as Qwen2-Audio-7B (An et al., 311

2024), Qwen-Omni series (Fan et al., 2025; Xu 312

et al., 2025), MiniCPM-o-2_6 (Yao et al., 2024), 313

Kimi-Audio-7B (Ding et al., 2025), SALMONN 314

(Tang et al., 2023), and Step-Audio-2-mini 315

(Wu et al., 2025). Furthermore, we in- 316

clude leading closed-source models to estab- 317

lish upper-bound performance benchmarks, in- 318

cluding GPT-4o-Audio (Achiam et al., 2023), 319

Gemini-Flash and Gemini-Pro series (Comanici 320

et al., 2025), and Qwen-Omni-Turbo. We access 321

ALLMs via their respective official APIs. 322

Parameter & Model Configurations. The 323

backbone LLM for our proposed framework is con- 324

sistently initialized with Qwen2-Audio-7B. For the 325

data processing stage, we categorize samples into 326

three distinct audio lengths, Short, Middle, and 327

Long, to make sure comprehensive evaluation cov- 328

erage across temporal scales. 329

4.2 RQ1: Performance on Long Audio Tasks 330

To systematically evaluate the performance of state- 331

of-the-art ALLMs in terms of long-context robust- 332
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Figure 3: Average Performance between Closed-Source and Open-Source Models across Audio Durations.

ness, we conducted a comprehensive assessment333

on 16 models using the ChronosAudio benchmark.334

Table 2 presents the comparative results across 6335

tasks, stratified by 3 audio duration. We can draw336

the following observations:337

Obs.❶: ALLMs exhibit a precipitous performance338

decline in long-context scenarios.339

Table 2 reveals that while most models achieve340

competitive performance on short audio, their ca-341

pabilities degrade significantly on long audio, with342

a remarkable decline about 18 points, from 3.37 to343

21.30 ↑. (I) Open-source degradation: The average344

performance drop from Short to Long audio across345

all open-source baselines is substantial. Notably,346

in the Summary task, the average performance for347

open-source models plummets from 40.96 (Short)348

to 14.14 (Long), indicating a 26.82 collapse for349

extended durations. (II) Closed-source limitations:350

Similarly, even advanced closed-source models351

like the Gemini-2.0-Flash Series show a no-352

ticeable performance gap, whose synthesis score353

has dropped nearly 20 points. While closed-source354

models maintain a Transcription score of 42.66355

on Short audio, this metric drops to 3.86 on Long356

audio. This highlights that modeling long-range357

acoustic dependencies remains a universal chal-358

lenge, even for top-tier proprietary models.359

Obs.❷: Closed-source models exhibit superior360

long-context robustness and reasoning capabilities361

compared to open-source counterparts.362

Comparative analysis of Table 2 and Figure 3 re-363

veals a distinct performance chasm between closed-364

source and open-source models, particularly in365

complex long-form tasks. While open-source mod-366

els like Qwen2.5-Omni series achieve competitive367

parity in short-form perception, they lack stability368

in long-duration scenarios. For instance, the syn-369

thesis score for them has less 10 points than closed-370

source models. Particularly, the average score for371

open-source models in the Summary (Long) task is 372

merely 14.14, whereas closed-source models main- 373

tain a robust average of 59.22, outperforming them 374

by a margin of over 45 points. The divergence is 375

most acute in tasks requiring high-level information 376

synthesis. In Comprehension (Long), open-source 377

models suffer a near-total collapse (average score 378

3.90), while closed-source models retain significant 379

utility with an average score 25.96. 380

Obs.❸: The Lost-in-the-Middle phenomenon mani- 381

fests as an early performance cliff, with significant 382

degradation occurring immediately upon transi- 383

tioning from Short to Middle durations. 384

While models demonstrate robust capabilities on 385

Short audio, Table 2 reveals a critical vulnerability: 386

except Summary task and Localization task, the 387

transition to middle-form triggers a disproportion- 388

ate loss(over 12 points) in fidelity, rather than a 389

gradual decline. This effect is most evident in the 390

Transcription task. The average score for open- 391

source models crashes from 28.06 (Short) to 9.49 392

(Middle), a staggering reduction of nearly 66%. 393

Similarly, closed-source models are not immune, 394

with their average performance more than halving 395

from 42.66 to 15.64. This indicates that the Lost-in- 396

the-Middle effect in ALLMs occurs much earlier 397

than in text LLMs, suggesting that the effective 398

context window for high-fidelity understanding is 399

currently saturated at the short level. 400

4.3 RQ2: Analysis of Attention Mechanism 401

To investigate the stability of the attention mecha- 402

nism in Qwen2-Audio-7B when processing long- 403

duration sequences, we visualize the attention 404

weights across three distinct temporal stages: First, 405

Middle, and Last of the sequence. 406

Obs.❹: The model fails to maintain precise tempo- 407

ral locality, exhibiting significant attention dilution 408

as the sequence length increases. 409
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Figure 4: Visualization of Attention Consistency. The heatmaps display the self-attention weights for the First,
Middle, and Last segments. Darker colors represent lower weights, while brighter colors indicate higher attention
scores.

As illustrated in Figure 4, the attention heads410

exhibit sharp, distinct diagonal alignment in the411

First phase, indicating that the model effectively412

captures local dependencies with high precision at413

the beginning. However, this consistency is not sus-414

tained. In the Middle phase, the diagonal pattern415

begins to fade, showing early signs of degradation.416

By the Last phase, the diagonal alignment becomes417

significantly diffused and less defined compared418

to the First phase. This comparison reveals that419

the model struggles to maintain the same level of420

attention quality throughout the sequence, suffer-421

ing from structural attention dilution where the422

high-resolution acoustic alignment is lost.423

4.4 RQ3: Efficacy of Mitigation Strategies424

Based on analysis of RQ2, we evaluate the efficacy425

of two mainstream long-context mitigation strate-426

gies (Zaheer et al., 2020): Sparse Attention (Child427

et al., 2019) and Sliding Window Attention (Belt-428

agy et al., 2020; Xiao et al., 2023), to address the429

performance collapse identified in RQ1.430

1) Sparse Attention (SA). It retains a set of global431

tokens alongside the local window to preserve long-432

range dependencies. The attention score Aij be-433

tween query qi and key kj is defined as:434

A
Sparse
ij =

qik
⊤
j√
dk

, where j ∈ Li ∪ G, (10)435

where Li = {j | i − w ≤ j ≤ i} represents the436

local window, G denotes the set of pre-selected437

global token indices and dk is the head dimension.438

2) Sliding Window Attention (SWA). It restricts439

the receptive field of each token to a fixed-size lo-440

cal neighborhood, thereby reducing computational441

complexity. With window denotes the window442

size, the Aij formulation is: 443

AWindow
ij =

qik
⊤
j√
dk

, where i− w ≤ j ≤ i. (11) 444

Obs.❺: Sparse Attention significantly revitalizes 445

long-context performance, demonstrating superior 446

efficacy over other mechanisms. 447

As substantiated in Table 3, applying appropriate 448

global attention constraints effectively mitigates the 449

attention dilution inherent in extended sequences. 450

• SA consistently yields the most substantial re- 451

covery across all benchmarks. The most com- 452

pelling evidence is observed in the Transcrip- 453

tion task for Minicpm-o-2_6. Here, Sparse At- 454

tention delivers a remarkable performance boost 455

of ∆ = 14.4%, elevating the score from a base- 456

line of 17.20 to 31.60. This suggests that by 457

explicitly retaining global tokens, the model suc- 458

cessfully isolates high-importance acoustic fea- 459

tures essential for reasoning, thereby filtering out 460

interference from irrelevant context. 461

• Conversely, while SWA reduces computational 462

complexity, it imposes a rigid locality constraint 463

that hinders global dependency modeling. This 464

tunnel vision effect is evident in the Transcrip- 465

tion task for Qwen2.5-Omni-3B, where SWA 466

(16.50) lags distinctively behind SA (25.20). 467

Obs.❻: Mitigation strategies exhibit a restorative 468

ceiling, failing to fully bridge the performance gap 469

between long-context tasks and short baselines. 470

To assess the recovery from the Lost-in-the- 471

Middle phenomenon, we benchmark the improved 472

middle-form results against the models’ intrinsic 473

short-form capabilities, referring to Table 2. 474

• In specific retrieval-oriented tasks, Sparse At- 475

tention effectively eliminates the performance 476
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Dictation Localization Transcription Multi-Speaker Comprehension Summary
Model

FA SA WA FA SA WA FA SA WA FA SA WA FA SA WA FA SA WA

Qwen2-Audio-7B 7.9 10.2↑2.3 9.8↑1.9 0.0 0.0 – 0.0 – 10.017.3↑7.310.2↑0.2 9.5 10.8↑1.3 9.5 – 6.6 8.5↑1.9 7.4↑0.8 25.626.4↑0.826.7↑1.1

Qwen2.5-Omni-3B 14.920.9↑6.018.2↑3.3 0.00.3↑0.3 0.0 – 16.825.2↑8.416.5↓0.3 7.8 12.5↑4.7 10.9↑3.1 18.429.3↑10.919.4↑1.0 25.826.2↑0.422.0↓3.8

Minicpm-o-2_6 2.6 4.2↑1.6 4.8↑2.2 0.00.8↑0.80.4↑0.4 1.4 2.6↑1.2 1.3↓0.1 0.015.7↑15.712.0↑12.0 9.0 10.9↑1.9 9.6↑0.6 39.044.3↑5.340.4↑1.4

Table 3: Performance comparison of models with different attention mechanisms. FA: Full Attention, SA: Sparse
Attention, WA: Slide Window Attention. ↑ and ↓ denote performance gain and loss relative to Full Attention.

Figure 5: A visualization of the long audio case study on evaluated SOTA ALLMs.

dip. For instance, in the Dictation task,477

Qwen2.5-Omni-3B improves drastically from478

14.90 to 20.90. Notably, this recovered score479

approaches parity with its short-form baseline480

of 22.50, achieving a remarkable 93% recovery481

rate of its intrinsic capability. The minimal per-482

formance disparity, specifically a marginal gap483

of less than 7% compared to the short-context484

baseline. It demonstrates that the mechanism can485

successfully preserve retrieval precision in long-486

duration scenarios, achieving near-parity with the487

model’s capabilities on shorter sequences.488

• However, for fidelity-demanding tasks like Tran-489

scription, the Lost-in-the-Middle effect proves490

stubborn. Although Sparse Attention boosts491

Qwen2.5-Omni-3B’s score to 25.20, it still falls492

significantly short of its short-form peak of 50.10.493

Quantitatively, the model retains only about494

50% of its short-context proficiency, meaning495

the short-form performance is nearly 2× that496

of the recovered middle-form result. This 25497

point deficit highlights a fundamental limitation:498

while sparse mechanisms can recall specific to-499

kens, they struggle to maintain high capability.500

4.5 Case Study501

Figure 5 illustrates the divergent behaviors of502

ALLMs under a dictation task, where the model503

is prompted to identify the final word of an audio504

segment. As shown in the error pathways, models 505

failing to ground the acoustic information exhibit 506

three distinct failure modes: incorrectly refusing 507

a benign query, hallucinating a wrong answer, or 508

entering a repetitive generation loop that unneces- 509

sarily consumes computational resources. In con- 510

trast, the expected response pathway demonstrates 511

the ideal behavior, where a robust model accurately 512

interprets the audio context to correctly identify the 513

target word as Techniques. 514

5 Conclusions 515

In this paper, we present ChronosAudio, the first 516

multi-task benchmark tailored for evaluating the 517

long-context understanding capabilities of ALLMs. 518

Our extensive evaluation reveals that ALLMs’ per- 519

formance in long audio is suboptimal. A critical 520

vulnerability is observed where both open-source 521

and closed-source models suffer a staggering per- 522

formance collapse of over 90% as the context shifts 523

from short to long. By validating that this degra- 524

dation stems from attention dilution in the final 525

sequence stages, we confirm that current architec- 526

tures fail to sustain the high-resolution alignment. 527

The findings highlight the restorative ceiling of 528

mitigation strategies like Sparse Attention, which 529

recover only 50% of intrinsic proficiency. These un- 530

derscore an urgent need for approaches to achieve 531

robust, document-level audio reasoning. 532
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6 Limitations533

While ChronosAudio establishes a rigorous bench-534

mark, our study acknowledges several limitations.535

For our exploration of mitigation strategies, al-536

though we identified a restorative ceiling where537

these methods recover only limited proficiency,538

we have yet to investigate training-based solutions,539

such as continued pre-training or frequency-based540

positional interpolation. Regarding data diversity,541

our benchmark is predominantly English-centric542

and from relatively clean acoustic environments.543

The cross-lingual generalization of ALLMs and544

their robustness against real-world noise remain545

critical avenues for future study. Furthermore,546

while we benchmarked a wide array of models,547

our microscopic analysis of Attention Dilution was548

restricted to open-source models due to the black-549

box nature of closed-source models.550
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Appendix853

1 Experiment Setup854

Our experiments are conducted using the state-855

of-the-art audio-large language models(ALLMs).856

The implementation relies on the Hugging Face857

transformers ecosystem. To handle the compu-858

tational complexity of long audio sequences effi-859

ciently, we incorporate flash-attn (Flash Atten-860

tion 2) for accelerated attention mechanisms. Addi-861

tionally, librosa is employed for audio waveform862

pre-processing. Detailed hardware specifications863

and specific library versions are listed in the below864

Table.865

Item Value

Hardware 4 NVIDIA A800 GPUs,
80GB memory per GPU

CPU Intel(R) Xeon(R) Gold 6430
(2.1GHz, 32 cores)

Memory 1TB DDR4 RAM

OS Ubuntu 22.04 LTS (Linux
ubuntu 5.15.0-25-generic)

Framework torch==2.6.0, transform-
ers==4.51.3, trl==0.9.6

CUDA / cuDNN CUDA 12.4, cuDNN 9.1.0

Python Version Python 3.10

Table 4: Computing Infrastructure Settings

2 Task Description866

T1: Dictation This component probes whether867

a model can sustain attention over long recordings868

and correctly output the final lexical token.869

T2: Localization This component evaluates tem-870

poral grounding: the model must find in the record-871

ing where it occurs, handling trailing silences, over-872

laps, and possible multiple occurrences.873

T3: Transcription This component assesses ver-874

batim long-form transcription quality, including875

punctuation and robustness to silences, and fillers.876

T4: Multispeaker This component evaluates877

content transcription together with speaker attri-878

bution, requiring consistent IDs and precise turn879

to the target speaker. The model is tasked with880

exclusively transcribing utterances belonging to a881

specific target speaker.882

Task Prompt Template

T1: Dictation "Listen to the audio
corresponding to the given
text, and what is the last
word spoken in the audio?"

T2: Localization "Listen to the audio
corresponding to the given
text, and indicate the
time when this sentence
appears in the audio. The
sentence is ..."

T3: Transcription "Listen to the audio
corresponding to the given
text, and output the
entire content of the
audio in text form."

T4: Multi-Speaker "Listen to the audio
corresponding to the given
text, and output the
complete transcript of
...’s words."

T5: Comprehension "Listen to the audio
corresponding to the given
text, and answer the
question in the shortest
possible sentence. The
question is ’...’."

T6: Summary "Listen to the audio
corresponding to the given
text, and summarize the
content of this audio in
brief words."

Table 5: Overview of the prompt templates.

T5: Comprehension This component assesses 883

whether a model can integrate dispersed acoustic 884

evidence to answer content questions faithfully and 885

concisely. The model must answer specific content- 886

related questions by integrating dispersed acoustic 887

evidence found throughout the recording. 888

T6: Summary This component tests faithful 889

compression of long recordings into concise sum- 890

maries with explicit evidence grounding. The 891

model must distill extensive audio recordings into 892

concise summaries that capture core themes. 893

3 Justification for LLM-as-a-Judge 894

Evaluating the output of ALLMs, particularly in 895

tasks requiring high-level reasoning, presents sig- 896

nificant challenges for traditional lexical metrics. 897

Metrics that rely heavily on n-gram overlaps of- 898

ten fail to capture semantic equivalence, logical 899

consistency, and factual accuracy. For instance, a 900

generated summary may be semantically correct 901

but lexically distinct from the ground truth, leading 902

to an unfairly low score under such metrics. More- 903
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Uniform Prompt Template for Ensemble LLM-as-a-Judge

[System Instructions]
You are an impartial and expert judge. Your task is to evaluate the quality of an audio model’s generated response.
You will be provided with the Audio Transcript (Ground Truth), the User Question, and the Model’s Response.
Please evaluate the response independently based on the following criteria:

• Accuracy & Faithfulness: Does the response accurately reflect the information in the audio transcript without
hallucination?

• Completeness: Does the response address all aspects of the user’s question?

[Input Data]
1. Audio Transcript (Ground Truth):

{transcript}

2. User Question:

{question}

3. Model Generated Response:

{response}

[Evaluation Output]
Please output your judgment in the following format:

1. Analysis: Provide a concise analysis of the pros and cons of the response.

2. Score: Give a final integer score from 1 to 100 (where 100 is perfect), according to the fomula of each task.

Figure 6: The prompt template used for the Ensemble LLM-as-a-Judge framework. To ensure a robust and
unbiased evaluation, we employ three diverse state-of-the-art LLMs, DeepSeek-V3.1-Terminus, Qwen3-VL-235B-
A22B-Thinking, and Kimi-K2-Thinking as independent judges. Each model receives this identical prompt to
evaluate the generated response against the ground truth transcript. The final quality score is calculated as the
arithmetic mean of the scores provided by the three judges: Sfinal =

1
3 (SDeepSeek + SQwen + SKimi).

over, although human annotation is commonly re-904

garded as a more reliable alternative, it also suffers905

from inherent limitations, including high cost, lim-906

ited scalability, and variability across annotators.907

Subjective judgments and inconsistent annotation908

criteria can further introduce bias and noise, mak-909

ing it difficult to ensure reproducibility and fair910

comparison across different models and datasets.911

To address the limitations of rigid lexical met-912

rics, we adopt a robust LLM-as-a-Judge approach.913

Instead of relying on a single proprietary model, we914

utilize a diverse panel of three state-of-the-art Large915

Language Models: DeepSeek-V3.1-Terminus,916

Qwen3-VL-235B-A22B-Thinking, and Kimi-K2-917

Thinking. While recent studies verify that ad-918

vanced LLMs correlate highly with human judg-919

ments, individual models may still exhibit specific920

stylistic biases or self-preference. By employing921

a multi-judge framework, we mitigate these bi-922

ases through a consensus-based scoring mecha-923

nism. Specifically, we provide each judge with924

the input audio transcript (ground truth), the user 925

question, and the model’s generated response. The 926

judges independently assess the faithfulness, and 927

completeness of the answer. The final quality score 928

is derived from the arithmetic mean of the three 929

evaluations, ensuring a more objective, scalable, 930

and semantically reliable metric that transcends 931

surface-level text matching. 932

4 Case Study 933

To comprehensively evaluate the capabilities of 934

ALLMs in handling long-audio inputs, we propose 935

ChronosAudio, a specialized benchmark designed 936

to probe the temporal reasoning and semantic un- 937

derstanding of current models. This benchmark 938

is structured around six distinct tasks. All tasks’ 939

cases are in following figures: 940
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Dictation Task (Short)

Example: Qwen2-Audio-7B
Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and what is

the last word spoken in the audio?
Label: Techniques
Answer (Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 500+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
What is the last word spoken in the audio?<|im_end|>
<|im_start|>assistant
", "predict": "The last word spoken in the audio is ’techniques." }

Dictation Task (Middle)

Example: Qwen2-Audio-7B
Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and what is

the last word spoken in the audio?
Label: Seasons
Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
What is the last word spoken in the audio?<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question." }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
What is the last word spoken in the audio?<|im_end|>
<|im_start|>assistant
", "predict": "beat" }
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Dictation Task (Long)

Example: Qwen2-Audio-7B
Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and what is

the last word spoken in the audio?
Label: King
Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
What is the last word spoken in the audio?<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
What is the last word spoken in the audio?<|im_end|>
<|im_start|>assistant
", "predict": "nervous." }

Answer❸(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
What is the last word spoken in the audio?<|im_end|>
<|im_start|>assistant
", "predict": "speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech speech speech speech speech speech speech speech speech speech speech speech speech
speech ... ..." }

15



Localization Task (Short)

Example: Qwen2-Audio-7B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and indicate
the time when this sentence appears in the audio. The sentence is "In this area the general water flow
is distorted by more local conditions reaching across to France.".

Label: 35.78 seconds

Answer (Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 500+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the time that indicates the exact moment when the following sentence appears in the
audio. "In this area the general water flow is distorted by more local conditions reaching
across to France.".<|im_end|>
<|im_start|>assistant
", "predict": "35.81s." }

Localization Task (Middle)

Example: Qwen2-Audio-7B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and indicate
the time when this sentence appears in the audio. The sentence is "he role of the dog in Chinese
mythology includes a position as one of the twelve animals which cyclically represent years the
zodiacal dog.".

Label: 92.73 seconds

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the time that indicates the exact moment when the following sentence appears in the audio.
"The role of the dog in Chinese mythology includes a position as one of the twelve animals which
cyclically represent years the zodiacal dog.".<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the time that indicates the exact moment when the following sentence appears in the audio.
""The role of the dog in Chinese mythology includes a position as one of the twelve animals
which cyclically represent years the zodiacal dog.".<|im_end|>
<|im_start|>assistant
", "predict": "102.33" }
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Localization Task (Long)

Example: Qwen2-Audio-7B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and indicate
the time when this sentence appears in the audio. The sentence is "That path is explained as being
built upon the motivation to liberate all living beings from unhappiness.".

Label: 218.44 seconds

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the time that indicates the exact moment when the following sentence appears in the audio.
"That path is explained as being built upon the motivation to liberate all living beings from
unhappiness.".<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the time that indicates the exact moment when the following sentence appears in the audio.
"That path is explained as being built upon the motivation to liberate all living beings from
unhappiness.".<|im_end|>
<|im_start|>assistant
", "predict": "17.373s" }

Answer❸(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the time that indicates the exact moment when the following sentence appears in the audio.
"That path is explained as being built upon the motivation to liberate all living beings from
unhappiness.".<|im_end|>
<|im_start|>assistant
", "predict": "provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide provide provide provide provide
provide provide provide provide provide provide provide provide ... ..." }
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Transcription Task (Short)

Example: Qwen2.5-Omni-3B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and output
the entire content of the audio in text form.

Label: The modern spelling, Tennessee, is attributed to James Glen, the governor of South Carolina,
who used this spelling in his official correspondence during the 1750s. The spelling was popularized
by the publication of Henry Timberlake’s D̈raught of the Cherokee Countryïn 1765. In 1788, North
Carolina created T̈ennessee County,̈ the third county to be established in what is now Middle
Tennessee. (Tennessee County was the predecessor to current-day Montgomery County and
Robertson County.) When a constitutional convention met in 1796 to organize a new state out of the
Southwest Territory, it adopted T̈ennesseeäs the name of the state. Examples show how ordinary
situations support and clarify the broader message. This paragraph introduces the topic in a clear
and steady way. The reasoning avoids jargon and illustrates concepts with familiar examples. The
structure follows a natural order that resembles a careful walkthrough. The structure follows a natural
order that resembles a careful walkthrough. Smooth transitions guide attention from general context
to useful specifics. Each idea connects to the next through gentle transitions that avoid confusion.
Brief summaries collect what has been discussed before the text continues. The tone stays balanced
and avoids exaggeration or needless urgency. Examples show how ordinary situations support
and clarify the broader message. Brief summaries collect what has been discussed before the text
continues. The overall aim is clarity patience and dependable step by step reasoning.

Answer (Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 500+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the entire content of the audio in text form.<|im_end|>
<|im_start|>assistant
", "predict": "The modern spelling, Tennessee, is attributed to James Glen, the governor of
South Carolina, who used this spelling in his official correspondence during the 1750s. The
spelling was popularized by the publication of Henry Timberlake’s "Draught of the Cherokee
Country" in 1765. In 1788, North Carolina created "Tennessee County", the third county to be
established in what is now Middle Tennessee. Tennessee County was the predecessor to current-day
Montgomery County and Robertson County. When a constitutional convention met in 1796 to organize
a new state out of the Southwest Territory, it adopted "Tennessee" as the name of the state.
Examples show how ordinary situations support and clarify the broader message. This paragraph
introduces the topic in a clear and steady way. The reasoning avoids jargon and illustrates
concepts with familiar examples. The structure follows a natural order that resembles a careful
walkthrough. The structure follows a natural order that resembles a careful walkthrough. Smooth
transitions guide attention from general context to useful specifics. Each idea connects to the
next through gentle transitions that avoid confusion. Brief summaries collect what has been
discussed before the text continues. The tone stays balanced and avoids exaggeration or needless
urgency. Examples show how ordinary situations support and clarify the broader message. Brief
summaries collect what has been discussed before the text continues. The overall aim is clarity
patience and dependable step by step reasoning." }
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Transcription Task (Middle)

Example: Qwen2.5-Omni-3B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and output
the entire content of the audio in text form.

Label: Ireland developed a strong middle class, especially in the major cities, by the mid-nineteenth
century. They were active patrons of department stores. Delany’s New Mart was opened in 1853 in
Dublin, Ireland. Unlike others, Delany’s had not evolved gradually from a smaller shop on site. Thus
it could claim to be the first purpose-built Department Store in the world. The word department
store had not been invented at that time and thus it was called the M̈onster House.̈ The store was
completely destroyed in the 1916 Easter Rising, but reopened in 1922. Brief summaries collect
what has been discussed before the text continues. The reasoning avoids jargon and illustrates
concepts with familiar examples. The overall aim is clarity patience and dependable step by step
reasoning. Details appear gradually only after the central theme has been made explicit. This
paragraph introduces the topic in a clear and steady way. Smooth transitions guide attention
from general context to useful specifics. The reasoning avoids jargon and illustrates concepts
with familiar examples. The final lines tie the material back to everyday practice and learning.
The structure follows a natural order that resembles a careful walkthrough. Examples show how
ordinary situations support and clarify the broader message. The structure follows a natural
order that resembles a careful walkthrough. Details appear gradually only after the central theme
has been made explicit. Important ideas are echoed in slightly different words to support memory.... ...

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the entire content of the audio in text form.<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the entire content of the audio in text form.<|im_end|>
<|im_start|>assistant
", "predict": "Ireland developed a strong middle class, especially in the major cities, by
the mid-nineteenth century. They were active patrons of department stores. Delany’s New Mart
was opened in 1853 in Dublin, Ireland. Unlike others, Delany’s had not evolved gradually from
a smaller shop on site. Thus it could claim to be the first purpose-built Department Store
in the world. The word department store had not been invented at that time and thus it was
called the M̈onster House.̈ The store was completely destroyed in the 1916 Easter Rising, but
reopened in 1922. Brief summaries collect what has been discussed before the text continues.
The reasoning avoids jargon and illustrates concepts with familiar examples. The overall aim
is clarity patience and dependable step by step reasoning. Details appear gradually only after
the central theme has been made explicit. This paragraph introduces the topic in a clear and
steady way. Smooth transitions guide attention from general context to useful specifics. The
reasoning avoids jargon and illustrates concepts with familiar examples." }
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Transcription Task (Long)

Example: Qwen2.5-Omni-3B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and output
the entire content of the audio in text form.

Label: Collegiate athletics are a popular draw in the state. The state has four schools that
compete at the highest level of college sports, NCAA Division I. The most prominent are the
state’s two members of the Big 12 Conference, one of the so-called Power Five conferences of
the top tier of college football, Division I FBS. ... ... Brief summaries collect what has been
discussed before the text continues. Brief summaries collect what has been discussed before
the text continues. The explanation uses simple English so the flow remains easy to follow.
Examples show how ordinary situations support and clarify the broader message. Smooth transitions
guide attention from general context to useful specifics. This paragraph introduces the topic
in a clear and steady way. Details appear gradually only after the central theme has been made explicit.

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the entire content of the audio in text form.<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the entire content of the audio in text form.<|im_end|>
<|im_start|>assistant
", "predict": "The content is a draw." }

Answer❸(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the entire content of the audio in text form.<|im_end|>
<|im_start|>assistant
", "predict": "paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper paper
paper paper paper paper paper paper paper paper paper paper paper ... ..." }
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Multi_Speaker Task (Short)

Example: Qwen2.5-Omni-3B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and output
the complete transcript of Sam Nelson’s words.

Label: Hello, this is Sam Nelson. Regarding today’s data licensing topic, let’s align on the process
and expected outputs. Specifically, the format must exclusively transcribe the target speaker. We
should bucket by overlap ratio to allow comparisons across conditions. To identify useful methods
for dealing with licensing failures, I suggest running a small, focused pilot.

Answer (Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 500+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the complete transcript of Sam Nelson’s words.<|im_end|>
<|im_start|>assistant
", "predict": "Regarding today’s data licensing topic, let’s align on the process and expected
outputs. Specifically, the format must exclusively transcribe the target speaker. We should
bucket by overlap ratio to allow comparisons across conditions. To identify useful methods for
dealing with licensing failures, I suggest running a small, focused pilot." }

Multi_Speaker Task (Middle)

Example: Qwen2.5-Omni-3B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and output
the complete transcript of Casey Jones’s words.

Label: Hello my name is casey jones i will start speaking now. Today’s topic is training strategies in
large language models. ... ...

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the complete transcript of Casey Jones’s words.<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the complete transcript of Casey Jones’s words.<|im_end|>
<|im_start|>assistant
", "predict": "Hello my name is casey jones i will start speaking now." }
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Multi_Speaker Task (Long)

Example: Qwen2.5-Omni-3B

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and output
the complete transcript of Alex Robinson’s words.

Label: Today’s topic is training strategies, specifically focusing on how we can optimize our model’s
learning efficiency. We need to move beyond standard baseline approaches and evaluate more
advanced techniques, such as curriculum learning or dynamic data sampling. The goal is not just to
improve convergence speed, but to ensure the model generalizes well across diverse edge cases. Let’s
dissect our current hyperparameter settings and identify where we can trade off computational cost
for better performance accuracy.

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the complete transcript of Alex Robinson’s words.<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t reply this quetion." }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the complete transcript of Alex Robinson’s words.<|im_end|>
<|im_start|>assistant
", "predict": "Hello, my name is Shawn Baker. I will start speaking now. Today’s topic is Cross
Domain Generalization. Let’s align on the process and expected outputs. I’ll add details for the
output format, especially that the target string should be transcribed exclusively. We should
bucket by overlap ratio and sinisterness ratio. Cross domain generalization can be compared
under different conditions. Baselines for Cross. Domain generalization should include digital
pipelines and all." }

Answer❸(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Output the complete transcript of Alex Robinson’s words.<|im_end|>
<|im_start|>assistant
", "predict": "accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept accept accept accept accept accept accept accept accept accept accept accept accept
accept ... ..." }
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Comprehension Task (Short)

Example: MiniCPM-o-2_6

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and answer
the question in the shortest possible sentence. The question is "Which kingdom during 200 BCE that
is located in Java and Sumatra exist?".

Label: Jawa Dwipa Hindu

Answer (Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 500+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Answer the question in the shortest possible sentence. The question is "Which kingdom during
200 BCE that is located in Java and Sumatra exist?"<|im_end|>
<|im_start|>assistant
", "predict": "Jawa Dwipa Hindu" }

Comprehension Task (Middle)

Example: MiniCPM-o-2_6

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and answer
the question in the shortest possible sentence. The question is "How many miles of rivers are known
for high class trout?".

Label: 2,437

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Answer the question in the shortest possible sentence. The question is "How many miles of rivers
are known for high class trout?".<|im_end|>
<|im_start|>assistant
", "predict": "Sorry, could you give me more information about this audio?"}

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Answer the question in the shortest possible sentence. The question is "How many miles of rivers
are known for high class trout?".<|im_end|>
<|im_start|>assistant
", "predict": "It is the best thing in my life." }
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Comprehension Task (Long)

Example: MiniCPM-o-2_6

Prompt: You are a helpful assistant. Answer the question in the shortest possible sentence. The
question is "What are conformation shows also known as?".

Label:Breed shows

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Answer the question in the shortest possible sentence. The question is "What are conformation
shows also known as?".<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Answer the question in the shortest possible sentence. The question is "What are conformation
shows also known as?".<|im_end|>
<|im_start|>assistant
", "predict": "Our current exploration of defense strategies is primarily focused on textual
prompt engineering." }

Answer❸(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Answer the question in the shortest possible sentence. The question is "What are conformation
shows also known as?".<|im_end|>
<|im_start|>assistant
", "predict": "pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass
pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass pass ... ..." }
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Summary Task (Short)

Example: MiniCPM-o-2_6

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and
summarize the content of this audio in brief words.

Label: No specific summary answer of this content.

Answer (Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 500+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Summarize the content of this audio in brief words.<|im_end|>
<|im_start|>assistant
", "predict": "The traditional England away kit was changed to grey shirts, shorts, and socks
in 1963. It remained red until 1982, when it was changed to blue." }

Comprehension Task (Middle)

Example: MiniCPM-o-2_6

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and
summarize the content of this audio in brief words.

Label: No specific summary answer of this content.

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Summarize the content of this audio in brief words.<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 1,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Summarize the content of this audio in brief words.<|im_end|>
<|im_start|>assistant
", "predict": "As shown in the red pathway, models lacking safety alignment readily comply,
inferring the speaker’s private attribute and providing detailed acoustic justifications, thereby
exposing sensitive information. In contrast, the blue pathway pathway pathway pathway pathway
pathway pathway pathway pathway pathway pathway pathway pathway pathway pathway pathway}
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Comprehension Task (Long)

Example: MiniCPM-o-2_6

Prompt: You are a helpful assistant. Listen to the audio corresponding to the given text, and
summarize the content of this audio in brief words.

Label:No specific summary answer of this content.

Answer❶(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Summarize the content of this audio in brief words.<|im_end|>
<|im_start|>assistant
", "predict": "Sorry I can’t answer this question. Could you give me more information about
this audio?" }

Answer❷(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Summarize the content of this audio in brief words.<|im_end|>
<|im_start|>assistant
", "predict": "Okay, it is correct." }

Answer❸(Raw Input Format):

{ "prompt": "<|im_start|>system
You are a helpful assistant.<|im_end|>
<|im_start|>user
<|audio_bos|><|AUDIO|><|AUDIO|>... (repeated 2,000+ times) ...<|AUDIO|><|AUDIO|><|audio_eos|>
Summarize the content of this audio in brief words.<|im_end|>
<|im_start|>assistant
", "predict": "common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common common common common common common common common common common common common
common common ... ..." }
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