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Abstract001

Large Audio Language Models (LALMs) are002
rapidly advancing, but evaluating them remains003
challenging due to inefficient toolkits that limit004
fair comparison and systematic assessment. Ex-005
isting evaluation frameworks exhibit two crit-006
ical limitations: (1) slow and inefficient pro-007
cessing pipeline that bottlenecks large-scale008
studies, (2) the absence of unified and scal-009
able evaluation framework capable of keeping010
pace with the rapid growth of both LALMs011
and audio benchmarks. To address these is-012
sues, we introduce AU-Harness, an efficient013
and comprehensive evaluation framework for014
LALMs. Our system achieves a speedup of015
up to 151% over existing toolkits through opti-016
mized batch processing and parallel execution,017
enabling large-scale evaluations previously im-018
practical. We provide standardized prompt-019
ing protocols and flexible configurations for020
fair model comparison across diverse scenar-021
ios. Through evaluation across diverse sets022
of tasks, we reveal significant gaps in current023
LALMs. Our findings also highlight a lack of024
standardization in modalities of user-provided025
instructions existent across audio benchmarks,026
which can lead to performance differences of027
up to 7.2 absolute points on challenging com-028
plex instruction following downstream tasks.029
AU-Harness provides both practical evaluation030
tools and insights into model limitations, ad-031
vancing systematic LALM development. 1032

1 Introduction033

The emergence of Large Audio Language Mod-034

els (LALMs) has opened new frontiers, extend-035

ing capabilities beyond textual inputs to speech,036

sounds, and multimodal inputs (Tang et al., 2023;037

Cui et al., 2024). This progress has accelerated038

the development of frontier LALMs and audio-039

focused benchmarks. Recent multimodal LALMs040

like Gemini 2.5 (Comanici et al., 2025), Qwen2.5-041
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Omni (Xu et al., 2025) have demonstrated substan- 042

tial audio understanding capabilities well beyond 043

traditional Automatic Speech Recognition (ASR) 044

tasks. However, despite these advances, audio eval- 045

uation toolkits have comparatively received little 046

attention. Thus, there is a need for efficient, cus- 047

tomizable, and consistent evaluation framework for 048

fair model comparisons which can evolve as audio 049

tasks and model complexities grow. 050

Existing efforts including AudioBench (Wang 051

et al., 2025a), Kimi-Eval (Ding et al., 2025), 052

VoiceBench (Chen et al., 2024) and LMMS- 053

Eval (Zhang et al., 2025b) have provided exten- 054

sive task coverage from ASR to spoken question 055

answering and scene understanding. However, pre- 056

vailing toolkits still face three persistent limita- 057

tions. First, throughput: many pipelines under- 058

utilize batching and parallelism, creating bottle- 059

necks that preclude large-scale, systematic compar- 060

isons. Second, reproducibility: ad-hoc prompting 061

and non-standardized evaluation settings lead to 062

incomparable performance across setups. Third, 063

task scope: evaluations remain largely restricted to 064

the static single-turn interactions, failing to account 065

for LALM assessment over extended interactions 066

in multi-round conversational settings which are 067

more frequent in real world conversations. 068

Most current evaluation frameworks depend on 069

simplistic yet inefficient input processing pipelines 070

that struggle to scale with the increasing volume 071

and complexity of audio benchmarks and LALMs. 072

These limitations not only constrain the through- 073

put of large-scale evaluations but also hinder fair 074

and reproducible comparisons across models of 075

different sizes and architectures. As the field pro- 076

gresses toward more diverse and challenging audio 077

tasks, the shortcomings of current evaluation infras- 078

tructure may pose a critical bottleneck, ultimately 079

hampering the potential progress of LALMs. Un- 080

like previous evaluation frameworks, we introduce 081

an efficient token request orchestration together 082
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with effective data sharding to scale the evaluations083

across multiple nodes and hardware architectures,084

leading to improved efficiency for audio benchmark085

evaluations.086

Beyond computational efficiency, existing toolk-087

its also suffer from a notable lack of customizable088

configurations for different audio task configura-089

tions, severely limiting their utility for diverse re-090

search and application needs. Insufficient attention091

to task-specific customizations remains a signifi-092

cant challenge for LALMs’ evaluation and com-093

parison across different benchmarks. Prompt sensi-094

tivity further compounds customizability concerns,095

since LALMs’ outcomes can be sensitive to prompt096

phrasing (Cui et al., 2024). The challenges of the097

existing toolkits are summarized in Table 1.098

Our contributions are as follows:099

• We propose an efficient evaluation engine100

that leverages vLLM batching and dataset101

sharding to scale evaluations to multi-node102

infrastructures without sacrificing fidelity.103

• A unified, configurable framework that stan-104

dardizes prompting and metrics across bench-105

marks, enabling fair, reproducible compar-106

isons and easy task integration.107

• To the best of our knowledge, AU-Harness is108

the first evaluation frameworks to explicitly109

support multi-turn conversational capabili-110

ties assessment in LALMs, enabling system-111

atic in-depth analyses of dialogue behaviors112

over extended interactions.113

2 Related Work114

Audio Benchmarks. Benchmarks play a crit-115

ical role in the development of LALMs. SU-116

PERB (Yang et al., 2021) established core task axes117

(Content, Speaker, Semantics, Paralinguistics) for118

audio model evaluation. DynamicSUPERB (Huang119

et al., 2024b) and DynamicSUPERB-2.0 (Huang120

et al., 2024a) expanded coverage to instruction-121

tuned and sequence generation tasks across speech,122

music, and environmental audio. Instruction-123

following and agentic conversational behaviors124

have been further probed by AIR-Bench (Yang125

et al., 2024) and VoiceBench (Chen et al., 2024).126

More recently, AudioBench (Wang et al., 2025a)127

unified 8 task families over 26 datasets for Audi-128

oLLMs.129

Complementary efforts in 2025 broaden the130

breadth and depth with audio reasoning capabil-131

ities: X-ARES (Zhang et al., 2025a) systematically132

assesses general audio encoders across domains, 133

MECAT (Niu et al., 2025) targets fine-grained au- 134

dio understanding with expert-guided captions and 135

QA. MMAR (Ma et al., 2025), MMAU-PRO (Ku- 136

mar et al., 2025), and MMSU (Wang et al., 2025b) 137

focus on understanding and analyzing complex 138

audio scenes, spatial relationships, and mixed- 139

audio reasoning. CodecBench (Wang et al., 2025c) 140

benchmarks codecs from acoustic and semantic 141

perspectives. Despite the rapid growth of audio 142

benchmarks, the development of audio evaluation 143

frameworks allowing for fair and consistent com- 144

parisons between frontier models and benchmarks 145

remains fairly understudied. This critical gap neces- 146

sitates the development of a unified and efficient 147

evaluation engine designed specifically for scal- 148

able audio evaluations under the rapid expansion 149

of LALMs and audio benchmarks. 150

Audio Evaluation Kits. In contrast with Audio 151

Benchmark development, Audio Evaluation Kits 152

have received less attention. This can be primarily 153

attributed to the straightforward nature and mini- 154

mal setup requirements of the early audio tasks, as 155

presented in Huang et al. (2024b) and Yang et al. 156

(2024). However, the rapid growth of LALMs 157

and the increasing complexity of newly curated 158

audio benchmarks have underscored the critical 159

need for comprehensive evaluation kits, as exem- 160

plified through the recent development of extensive 161

evaluation kits (Ding et al., 2025; Wang et al., 162

2025a; Zhang et al., 2025b). For instance, Au- 163

dioBench (Wang et al., 2025a) offers versatile eval- 164

uation support for up to 8 tasks across 26 datasets. 165

VERSA (Shi et al., 2025) introduces a comprehen- 166

sive framework to evaluate the quality of various 167

speech, audio and music signals, with the focus 168

on text-to-audio applications. Despite these ad- 169

vancements, most current evaluation kits operate 170

on the simplified assumption that a single model is 171

evaluated against a single benchmark per run. Ad- 172

dressing this limitation, we introduce an efficient, 173

customizable evaluation kit to support the massive 174

scale of the current LALMs and audio benchmarks 175

as summarized in Table 1. 176

3 LALM Evaluation Challenges 177

3.1 Inference Efficiency 178

Most existing LALM evaluation kits have been 179

designed based on the assumption that a single 180

model should be evaluated against a single bench- 181

mark per run. However, this constrains researchers 182
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EvalKit vLLM support HF Support Multi-turn Multi-task Parallel Configurable Customizations

AudioBench ✗ ✓ ✗ ✗ ✗

Kimi-Eval ✗ ✓ ✗ ✗ ✗

VoiceBench ✗ ✓ ✗ ✗ ✗

LMMs-Eval ✓ ✓ ✗ ✓ ✗

AU-Harness ✓ ✓ ✓ ✓ ✓

Table 1: Feature comparison of contemporary LALM evaluation toolkits. We evaluate key technical capabilities across
existing frameworks: vLLM integration for efficient batching, HuggingFace(HF)-model support, multi-turn dialogue support for
conversational scenarios, parallel processing support for multi-task concurrent evaluation, and configurable customizations for
flexible evaluation design. Our framework is the first to provide comprehensive support across all dimensions.

EvalKit RTF (↓) Samples Processed per Second (↑)

AudioBench 19.9 0.66
Kimi-Eval 7.1 1.87

VoiceBench 87.9 0.15
LMMS-Eval 4.3 3.04
AU-Harness 3.6 (↓16.28%) 3.65 (↑ 20.07%)

Table 2: Throughput efficiency comparison across LALM
evaluation frameworks. Results averaged over 500 sam-
ples from LibriSpeech-test-clean (1.05 hours total audio)
across 3 LALMs (Qwen2.5-Omni, Voxtral-Mini and Phi-4-
Multimodal). Real-time Factor (RTF, ↓ better) measures pro-
cessing time relative to audio duration. Samples Processed
per Second (↑ better) quantifies raw throughput. Our frame-
work achieves 16.28% RTF reduction and 20.07% throughput
increase over the best competing baseline, demonstrating sub-
stantial efficiency gains through vLLM integration and request
orchestration.

from conducting systematic, large-scale compar-183

isons across LALMs and audio benchmarks effi-184

ciently, slowing the iterative process of model de-185

velopment and refinement. The current evaluation186

kits also under-utilize parallel processing capabili-187

ties available in the high-performance computing188

clusters, resulting in failures in incorporating bene-189

fits of available hardware infrastructures.190

Two essential task-agnostic metrics for evaluat-191

ing the efficiency of LALM evaluation frameworks192

are Real-time Factor (RTF) and Samples Processed193

per Second (SPS). RTF measures the processing194

time of an evaluation framework relative to the du-195

ration of the processed audio (Arriaga et al., 2024).196

Lower RTF is more desirable, indicating a more197

efficient audio evaluation framework. On the other198

hand, SPS directly quantifies the model’s process-199

ing speed by measuring the average number of200

audio samples processed per second. It serves as a201

complementary measure to RTF, providing a more202

granular view of the model’s throughput and com-203

putational efficiency. Both metrics are formula-204

rized as follows:205

RTF =

∑N
i=1 Ti,proc∑N
i=1Di,audio

(1) 206

SPS =
N∑N

i=1 Ti,proc
(2) 207

where Tproc is the total time ( in seconds) taken 208

by the framework to process the evaluation of the 209

given audio. Daudio is the total duration of the 210

input audio signal (in seconds) under 16kHz sam- 211

pling rate, N is the total number of audio samples 212

processed. 213

To quantify the efficiency of existing evaluation 214

frameworks, we conduct a study on N = 500 audio 215

samples (approximately 1.05 hours) of Librispeech- 216

test-clean (Panayotov et al., 2015). As observed in 217

Table 2, existing audio evaluation kits exhibit high 218

RTF and slow sample processing speed. As the 219

number of samples continues to increase with more 220

diverse datasets, this challenge can significantly 221

slow down the inference progress at scale. 222

3.2 Customizable Evaluation Configurations 223

Despite the strong support for various tasks and 224

LALMs, existing evaluation frameworks exhibit 225

significantly rigid architecture design. This fixed 226

configuration fails to accommodate the modular 227

requirements of audio benchmarks and LALMs. 228

Multi-turn Dialogue Support Previous audio 229

evaluation toolkits have largely been constrained 230

to tasks centered on single-turn user interactions. 231

However, as the field moves toward building in- 232

teractive and context-aware voice assistants, the 233

ability to evaluate multi-turn tasks becomes increas- 234

ingly critical. Multi-turn evaluation enables a more 235

realistic assessment of dialogue continuity, contex- 236

tual reasoning, and the model’s capacity to adapt 237

dynamically across extended conversations. With- 238

out such support, current evaluation approaches 239
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risk overlooking key aspects of usability and robust-240

ness that are essential for next-generation LALMs241

in realistic agentic voice systems.242

Evaluation Customization. The lack of cus-243

tomizable filtering poses a significant barrier for244

researchers aiming to conduct in-depth analyses of245

current LALM limitations. Without the ability to246

refine evaluation datasets based on specific criteria,247

it is challenging to gain granular understanding of248

model performance across diverse audio conditions.249

For instance, while certain LALMs might perform250

reliably on 10-second audio chunks, they might251

be unable to handle short-form audio typically en-252

countered in dialogue-state tracking systems.253

4 AU-Harness254

In response to the presented challenges of current255

audio understanding evaluation toolkits, we pro-256

pose a standardized, efficient, highly customizable257

evaluation framework, AU-Harness, as detailed in258

Figure 1.259

AU-Harness is composed of 3 primary compo-260

nents: Config, Request Controller and Concur-261

rent Engines. The Config module defines a struc-262

tured and hierarchical representation of customiz-263

able configurations, enabling flexible and transpar-264

ent evaluation settings. The Request Controller is265

responsible for managing token requests and coor-266

dinating execution across the framework. Finally,267

the Concurrent Engines module carries out task-268

specific evaluations in parallel, where each engine269

can support multi-model evaluations tailored to270

particular tasks. In the following sections, we in-271

troduce our architecture design in detail to address272

the presented challenges in Section 3.273

4.1 Inference Efficiency274

As illustrated in Figure 1, AU-Harness maximizes275

inference efficiency through a token-based request276

scheduling architecture. More specifically, we in-277

troduce a Central Request Controller that maintains278

and regulates a pool of available tokens which are279

accessible to all models across all evaluation en-280

gines. Here, a token refers to a concurrency slot rep-281

resenting permission to issue one inference request282

(not a model input token), which is acquired be-283

fore dispatch and released upon completion. Each284

concurrent engine-specific requester periodically285

draws from the global pool. Within each engine,286

multiple models are executed concurrently on a287

targeted dataset, with inference calls dispatched288

in parallel to fully exploit available computational 289

resources. This architecture ensures that evalua- 290

tion throughput is not bottlenecked by model or 291

engine-specific constraints, but rather governed 292

solely by user-defined request limits set globally, 293

providing both scalability and predictable perfor- 294

mance guarantees. Furthermore, we allow user- 295

specified retry counts on request errors, enabling 296

users to set higher request limits with the assurance 297

that occasional failures will be re-tried and success- 298

fully completed, thereby offering a tunable balance 299

between throughput and reliability. 300

Furthermore, AU-Harness implements a layered 301

request synchronization strategy that adaptively 302

staggers request wait times across concurrent mod- 303

els. This design increases the probability that all 304

models processing a given dataset segment com- 305

plete their inference in a temporally aligned manner. 306

By reducing discrepancies in model response times, 307

the strategy minimizes idle periods within each en- 308

gine, thereby mitigating intra-engine waiting time 309

and improving overall throughput efficiency. 310

Additionally, we implement dataset sharding, 311

which partitions the evaluation dataset into dis- 312

joint subsets to enable parallel processing across 313

multiple model endpoints. To maximize effi- 314

ciency, sharding is performed proportionally to 315

each endpoint’s capacity for concurrent requests, 316

ensuring balanced utilization of heterogeneous re- 317

sources. This enables near-linear scaling of infer- 318

ence throughput, effectively distributing the com- 319

putational workload and minimizing bottlenecks. 320

Finally, our native integration with vLLM leverages 321

a range of inference-level optimizations, further ac- 322

celerating model execution and overall evaluation 323

system. 324

4.2 Customizable Evaluation Configurations 325

AU-Harness is highly customizable, allowing for 326

seamless integration support of diverse LALMs 327

and audio benchmarks. 328

Decoupling Inference and Model Hosting. AU- 329

Harness decouples predictive inference and metric 330

computation from model hosting infrastructure. In 331

this way, regardless of whether the model is served 332

through vLLM, a third-party API, or a lightweight 333

FastAPI (Ramirez, 2018) deployment, the request 334

handler requires only a standardized model speci- 335

fication to integrate seamlessly with the inference 336

pipeline. This separation not only promotes modu- 337

larity and extensibility of the evaluation framework 338
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User Def ined Task Spec: config.yaml

      Sample Len
1 30

      No of  Samples
1 1000

Task-wise metrics

voxceleb_gender_test Binary LLM Judge

librispeech_test_clean Word Error Rate

iemocap_gender_recog Binary LLM Judge

Score aggregat ion
Binary LLM Judge voxceleb_gender_test, iemocap_gender_recog

Model Conf igs

Judge Model GPT-4o judge

Evaluated Model Gemini-2.5-Flash, Qwen-2.5-omni

     Prompt Overrides

System Model:
Qwen-2.5-omni

User
Task:

emotion-recog

Req Field

You are an emotion detection specialist. Analyze 
the speaker's emotional state from their voice.

Listen to the audio & identify the emotion. 
Choose from: happy, sad, angry..

Custom PromptType

  AU-Harness  

       Central  Request  Control ler

    Conf ig Parsing
 Validation + Loading

        Resul t  Parsing
Aggregation + Final scores

Create concurrent task:metric engines

        Engine - l ibrispeech:WER     

          Engine - voxceleb:l lm_judge  

Token Resources /  Model
Manage model budgets: eval & infer

50 20 70 70

          Engine - iemocap:l lm_judge  

EngineRequestManager

GPT-4o judge

Postprocessing + Metrics

Gemini 2.5-Flash

Qwen-2.5-omni

Inference + sharding

Load tasks: data + prompts

Budget reqs

GPT-4o judge

Standardized Reports

Figure 1: Architecture overview of AU-Harness evaluation framework. Our system comprises three core components:
(1) Config module for hierarchical task configuration and standardized prompting, (2) Central Request Controller managing
token-based concurrency limits across all engines with adaptive retry mechanisms, and (3) Concurrent Engines executing parallel
model evaluation with dataset sharding. The Central Request Controller maintains a global Token Pool accessible to all engines,
enabling efficient resource utilization and scalable throughput. Multiple concurrent connections between the controller and
inference models illustrate parallel request dispatch, with each engine supporting the evaluation of multiple models on targeted
datasets.

.

but also enables straightforward integration via sim-339

plified future integration of alternative inference340

strategies.341

Wide Model Support. AU-Harness is designed342

for broad model compatibility, enabling out-of-343

the-box evaluation across diverse inference back-344

ends. It provides native support for vLLM com-345

patible models, which deliver high-throughput and346

memory-efficient inference. Models not integrated347

with vLLM are also supported, as long as they348

expose a standard /v1/chat/completions endpoint.349

This flexibility maximizes model coverage by en-350

abling seamless evaluation across both vLLM-351

compatible and non-compatible models. To facili-352

tate the integration, we provide boilerplate FastAPI353

server implementations that make it easy to build354

lightweight inference endpoints. Alternatively, de-355

velopers can also bring their own optimized infer-356

ence stacks and wrap them with FastAPI to inte-357

grate smoothly with AU-Harness, ensuring mini-358

mal overhead and maximum compatibility.359

Evaluation customization. AU-Harness is also 360

designed for granular control over evaluation steps. 361

First, AU-Harness supports both open-source and 362

proprietary models, which might contain their indi- 363

vidualistic settings. Second, we allow for customiz- 364

able metric assignment on a per-dataset and/or per- 365

task basis. For instance, LLM-as-judge supports 366

configurable concurrency to maximize the through- 367

put for evaluation stage. For a more comprehensive 368

understanding of model performance, the frame- 369

work offers configurable aggregation metrics. This 370

capability allows for the multi-dimensional analy- 371

sis of task and metric results, providing a compre- 372

hensive outlook that extends beyond simple, indi- 373

vidual scores or sub-tasks. 374

As shown in Figure 1, users specify evaluation 375

behavior entirely through a YAML configuration, 376

including the task–wise metrics, model configu- 377

rations, optional score aggregation across sets of 378

related tasks, and optional prompt overrides. Impor- 379

tantly, no task-specific Python code or glue logic 380

is required, even for complex benchmarks such as 381
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   ASR Task Conf ig LIBRISPEECH_TEST_CLEAN.YAML

preprocessor: General Preprocessor

postprocessor: General Postprocessor

split: test 

user_prompt: > 

Please transcribe the following audio: 

audio_column: context
target_column: answer 
dataset_path: AudioLLMs/librispeech_test_clean 

generation_kwargs: 
temperature: 0.0001 
max_completion_tokens: 125 

metrics: 
-  metric: word_error_rate

Predef ined base

Processors

Instruction Prompt

Generation Params

Metrics

Librispeech

Audio Column

Target Column

Dataset Split

Librispeech_clean

Dataset Path

Inherit 

base, 

update 

params

Figure 2: Sample task configuration for Librispeech clean
in ASR, showcasing the ease of setup for new benchmarks
which can utilize the base task configs and update required
fields only for quick setup.

Emotion Recognition task suite that involves ag-382

gregation of multiple sub-datasets and LLM-based383

judging. This abstraction cleanly decouples tasks,384

metrics, models, and judges, enabling new evalua-385

tions to be launched by editing a single configura-386

tion file.387

4.3 Support for features & tasks388

Multi-turn Dialogue support. By using syn-389

chronous, turn-based evaluation chains that recur-390

sively append model outputs to the context, AU-391

Harness supports multi-turn evaluation of both au-392

dio and text datasets across LALMs. The simplic-393

ity and conciseness of our implementation estab-394

lishes the robust foundations for future integration395

of highly complex and custom multi-turn bench-396

marks.397

Continual engagement with emerging tasks.398

We aim to continue supporting up-and-coming399

benchmarks and models so AU-Harness can con-400

tinue providing insights into LALM performance401

as they evolve. Figure 2 shows the ease of adding402

new datasets given the task category - the setup for403

a new task requires minimal updates with the given404

base configs to be supported in AU-Harness .405

5 Results & Discussion406

Without loss of generality, we adopt the task taxon-407

omy proposed by Dynamic-SUPERB2.0 (Huang408

et al., 2024b) for the empirical evaluations with409

our proposed AU-Harness due to its exhaustive410

coverage. Table 3 characterizes the breadth of au-411

dio evaluation suite supported by our AU-Harness,412

demonstrating the flexibility of our AU-Harness in413

supporting diverse audio tasks. Following (Wang414

et al., 2025a), we adopt GPT-4o-mini as judge for415

LLM-judge metrics due to its advanced capability.416

Further details of datasets and metrics are provided 417

in Appendix A.1. 418

5.1 Inference Efficiency 419

Evaluation Settings. We perform an empirical 420

evaluation to compare AU-Harness against exist- 421

ing evaluation kits: AudioBench (Wang et al., 422

2025a), VoiceBench (Chen et al., 2024), Kimi- 423

Eval (Ding et al., 2025), and LMMS-Eval (Zhang 424

et al., 2025b). Our analysis focuses on the two 425

key metrics RTF and Processed Samples per Sec- 426

ond detailed in Section 3.1. We leverage 500 audio 427

samples from 3 diverse datasets: librispeech-clean- 428

test, ClothoAQA (Lipping et al., 2022), and MELD- 429

Emotion (Poria et al., 2019) as detailed in Table 430

7. The evaluation is conducted on three different 431

LALMs, including: Qwen2.5-Omni-7B (Xu et al., 432

2025), Phi-4-Multimodal (Abouelenin et al., 2025) 433

and Voxtral-Mini-3B (Liu et al., 2025). For con- 434

ciseness, we report the averaged metric across all 435

3 LALMs. Additional runtime setups, namely Se- 436

quential and Parallel 2, to assure a comprehensive 437

and fair comparison among all existing evaluation 438

kits are also examined as detailed in Appendix A.2. 439

Evaluation Comparison As shown in Figure 440

3, AU-Harness consistently outperforms existing 441

evaluation kits across all runtime scenarios in 442

two key efficiency metrics. Specifically, AU- 443

Harness achieves up to a 151% improvement in 444

SPS and 61% reduction in RTFs compared to 445

the next most competitive evaluation frameworks. 446

More importantly, our Total evaluation execution, 447

illustrated in Figure 4, is significantly more effi- 448

cient than competing frameworks. These empirical 449

results validate our framework as a highly efficient 450

tool for LALM evaluation. 451

Orchestration pipeline beyond vLLM integra- 452

tion Although our AU-Harness builds upon 453

vLLM, our proposed orchestration layer demon- 454

strated in Figure 1 delivers effective efficiency 455

gains compared to a naive vLLM integration. We 456

conduct additional comparative studies against 457

LMMS-Eval (Zhang et al., 2025b), which simi- 458

larly integrates vLLM to address inference effi- 459

ciency challenges of large-scale multi-modal eval- 460

uations. Unlike our proposed orchestration with 461

dynamic concurrent requests, LMMS-Eval primar- 462

ily relies on vLLM default processing pipeline 463

with multi-threaded execution. As demonstrated in 464

2Parallel refers to Parallel(Optimal) where no actual over-
head is accounted for unless specified otherwise.
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Models Speech Audio & Music

Task Category PR ASR Paralinguistics Speaker & Language SLU Hearing Disorder SE Safety Multi-turn IF AU MU
Dataset voxangeles Librispeech IEMOCAP Speaker Recognition BigBench Audio Stuttering Detection NoiseDetection Advbench MT-Bench SpokenWoz IFEval audiocaps_qa mu_chomusic_test
Metrics LB (↑) WER (↓) LB (↑) LB (↑) LBBA(↑) LB (↑) LB (↑) SafetyJudge (↑) MTJudge (↑) JGA (↑) IFScore (↑) LB (↑) LB (↑)

Small-sized Audio Language Models (<5B parameters)

Voxtral-Mini-3B 0.1 2.1 54.9 45.8 43.5 12.9 14.5 78.5 65.88 24.92 40.02 14.96 45.4
Qwen2.5-Omni-3B 1.2 8.09* 81.5 55.9 44.8 58.4 58.4 97.3 59.81 31.30++ 35.82 42.82 53.5

Medium Sized Large Audio Language Models (5B-20B parameters)

Phi-4-Multi-modal 0 1.97 50.5 47.2 40.8 42.1 32.5 97.1 64.12 7.82 44.51 26.08 44.8
Qwen2.5-Omni-7B 21.6 1.74 85.8 62.3 50.9 68.2 59 98.3 64.56 37.3++ 50.83 38.4 59.3
Kimi-Audio 1.3 1.41** 89 62.8 41.7 58.4 96 100 54.62 37.3 61.29 38.46 66.8

Large Sized Large Audio Language Models (>20B parameters)

Voxtral-Small-24B 1.2 1.62 42.8 47.7 66.5 51.9 15.5 75.4 70.81 29.93 66.83 19.24 57.9
Qwen3-Omni-30B
-A3B-Thinking

50.9 1.64** 82.5 65.3*** 96.8 68.7 78 95 76.19 11.16 80.39 37.96 74.3

Proprietary Audio Language Models

GPT-4o-mini-audio 0 6.25 – 40.3 63.7 3.8 53 88.1 65 28.39 70.47 15.08 50.2
Gemini2.5-Flash 35.8 2.17 92.7 60.2 90.3 64.6 87.5 98.5 74.5 52.09 84.63 36.16 72.9

Cascaded Systems

Whisper-Large-v3 +
GPT-oSS-20B

48 9.82 1.9 48.1 78.2 49.8 49 98.5 71.5 19.02 73.72 12.14 50.3

GPT-4o-transcribe +
GPT-4.1-mini

30.7 4.71 30.2 45.8 74.3 49.7 47 97.3 67.62 19.44 66.69 17.44 52.7

Table 3: LALM performance on audio tasks. We evaluate representative LALMs from different spectra: Open-source
LALMs(small-sized, medium-sized, large-sized), Proprietary LALMs and Cascaded System LALMs across representative task
categories. Metrics include LLM-as-judge evaluations using GPT-4o-mini and task-specific automatic metrics. PR: Phoneme
Recognition, ASR: Automatic Speech Recognition, SLU: Spoken Language Understanding, SE: Speech Enhancement, IF:
Instruction Following, AU: Audio Understanding, MU: Music Understanding. Bold: highest; underline: second highest. Refer
to Appendix A.1.2 for metric abbreviations and detailed explanations.

MELD Librispeech ClothoAQA Sequential Parallel Total
Runtime Type

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

Sa
m

pl
es

 P
ro

ce
ss

ed
 p

er
 S

ec
on

d 
(h

ig
he

r i
s b

et
te

r 
)

Audio Evaluation Kit Comparison
Evaluation Kits

AudioBench
Kimi-Eval
VoiceBench
LMMS-Eval
AU-Harness

(a) Samples Processed per Second (↑)

MELD Librispeech ClothoAQA Sequential Parallel Total
Runtime Type

0

20

40

60

80

100

120

140

160

Re
al

-ti
m

e 
Fa

ct
or

 (l
ow

er
 is

 b
et

te
r 

)
Audio Evaluation Kit Comparison

Evaluation Kits
AudioBench
Kimi-Eval
VoiceBench
LMMS-Eval
AU-Harness

(b) Real-time Factor (↓)

Figure 3: Efficiency comparison across evaluation frameworks and runtime scenarios. (a) Samples Processed per Second (↑
better) and (b) Real-time Factor (↓ better) measured across three datasets (MELD-Emotion, LibriSpeech-test-clean, ClothoAQA)
and three runtime conditions: Individual (dataset-specific), Sequential (worst-case serialized execution), Parallel (optimal
concurrent execution) and Total (complete execution). AU-Harness consistently outperforms existing toolkits across all scenarios,
with most significant gains in parallel and total execution, demonstrating effective utilization of concurrent processing capabilities.

Table 4, the naive vLLM design improves through-465

put relative over HuggingFace-based counterparts,466

achieving the 0.98 gains of average SPS. How-467

ever, it remain less efficient than our proposed AU-468

Harnesswith a throughput deficit of 0.41 of average469

SPS. Under the realistic settings of concurrent task470

processing (Reality), we observe more significant471

gap when compared to LMMS-Eval (1.41 points in472

RTF reduction and 0.56 points of improvement in473

average SPS).474

5.2 Instruction Modality Gap475

When text-based benchmarks are converted to the476

audio-based counterparts, the impact of instruc-477

tion modality is often overlooked. However, this478

distinction can have a significant impact on the479

EvalKit RTF (↓) Samples Processed per Second (↑)

LMMS-Eval-HF 8.6 1.54
LMMS-Eval-vLLM (Optimal) 3.58 2.52
LMMS-Eval-vLLM (Reality) 5.51 1.64

AU-Harness (Optimal) 3.07 2.93
AU-Harness (Reality) 4.10 2.20

Table 4: Parallel runtime efficiency comparison between
AU-Harness and LMMS-Eval. We conduct controlled exper-
iment following the previously presented setups in Section 5.1.
As both LMMS-Eval and AU-Harness support multi-task par-
allel evaluation setups, besides the Optimal parallel runtime,
we report Reality parallel runtime variant where additional
realistic overheads are taken into account during evaluation.

downstream task evaluation performance, espe- 480

cially for more complex instruction-following tasks. 481

As observed in Table 5, leveraging audio instruc- 482

tion modality instead text can have a major impact 483

on the performance evaluation. For instance, on 484
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Figure 4: Total runtime efficiency analysis across evalua-
tion frameworks. Scatter plot comparing frameworks under
optimal parallel execution conditions, plotting Real-time Fac-
tor (x-axis, ↓ better) against Samples Processed per Second (y-
axis, ↑ better). Our framework (top-left-most cluster) achieves
superior performance in both dimensions, demonstrating the
effectiveness of token-based request scheduling, dataset shard-
ing, and vLLM integration for large-scale LALM evaluation.

Instruction Modality IFEval (↑) MTBench (↑)

Text 87.56 81.06
Audio 80.39 76.19

Table 5: Empirical evaluations to assess the impact of differ-
ent instruction modalities on complex instruction following
tasks with proprietary Qwen3-Omni-30B-A3B-Thinking
reveals the significant performance gap between Audio and
Text instructions, highlighting the need for a more thorough
investigation when instruction-following benchmarks are con-
verted from text to audio.

challenging task of Instruction Following (i.e. IFE-485

val), we observe a performance degradation of up486

to 7.2 points. This observation highlights a poten-487

tial core limitation of the contemporary LALMs in488

following audio instructions. Therefore, a careful489

and thorough reassessment of different instruction490

modality is needed to accurately measure a model’s491

true reasoning capabilities in a multimodal context.492

6 Conclusion493

We introduced a modular and extensible evalua-494

tion framework for large audio-language models495

that emphasizes broad task coverage, ease of use,496

and adaptability. Its modular design enables re-497

searchers and practitioners to extend the codebase,498

customize benchmarks, and integrate new models499

or tasks without major restructuring. The efficiency500

gains of our AU-Harness are realized through the501

aggregation of dataset sharding and effective to-502

ken request orchestration. More importantly, the503

broader value of our framework lies in enabling504

flexible, large-scale evaluations that were previ-505

ously difficult to conduct in a reproducible and ac-506

cessible manner. By lowering the barrier to bench- 507

marking and fostering customization, we aim to 508

support both systematic research and practical de- 509

ployment, contributing a more standardized and 510

transparent evaluation ecosystem for LALMs. 511

Limitations 512

Backend dependency and reproducibility. Our 513

efficiency gains are evaluated with vLLM inte- 514

gration; hence, models without mature backends 515

might revert to conventional execution with re- 516

duced throughput. Support for closed-source end- 517

points depends on chat-completions APIs, limit- 518

ing batching control and introducing provider rate 519

limits. Even with deterministic configs, runs may 520

vary due to endpoint queuing and transient failures, 521

requiring documentation of capacity and request 522

budgets for cross-institutional comparability. 523

Standardization vs. task fidelity. Standard- 524

ized prompting improves reproducibility but can- 525

not eliminate prompt sensitivity. For open-ended 526

tasks, canonical prompts may bias results toward 527

specific behaviors. The community needs multi- 528

ple documented prompt families and complemen- 529

tary temporal measures to triangulate performance 530

fairly. 531

Evaluation Framework vs Benchmark: Our 532

work presents a unified and efficient evaluation 533

framework targeting specifically for LALM evalua- 534

tion. Despite the wide coverage presented in Table 535

3, our ultimate objective is to create an extensi- 536

ble framework where new benchmarks, tasks and 537

metrics can be seamlessly integrated. 538

Coverage and generalization gaps. Our cov- 539

erage remains skewed toward English and com- 540

mon domains. Environmental audio, music un- 541

derstanding, and low-resource languages are un- 542

derrepresented. Moreover, the relationship be- 543

tween standardized benchmark performance and 544

real-world audio-language capabilities where con- 545

texts are noisier, more diverse, and less structured 546

requires further empirical validation. 547

These limitations highlight challenges in audio- 548

language evaluation. Achieving reproducible, com- 549

prehensive, and valid assessment requires commu- 550

nity coordination around prompting standards, tem- 551

poral diagnostics, and multilingual breadth. Our 552

framework is designed to enable practical, sys- 553

tematic progress in these areas across the broader 554

ecosystem. 555
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Ethics Statement556

Our work focuses on responsible development of557

audio language model evaluation infrastructure.558

We have taken care to ensure that all audio datasets559

used in our benchmarks respect copyright and pri-560

vacy guidelines, with particular attention to speaker561

consent in diarization tasks. While our framework562

enables large-scale evaluation of LALMs, we can-563

not guarantee that models evaluated through AU-564

Harness will not generate harmful or biased audio-565

related outputs. Researchers and practitioners are566

strongly encouraged to implement appropriate con-567

tent filtering and bias detection when deploying568

LALMs in production environments. Our speech569

synthesis components for creating reasoning bench-570

marks use only publicly available, ethically sourced571

voice models. Additionally, we acknowledge that572

our current task coverage is skewed toward English573

and common domains, which may inadvertently re-574

inforce existing representational biases in audio AI575

systems. We encourage the community to extend576

our framework to include more diverse languages577

and cultural contexts.578

Regarding language model usage in manuscript579

preparation, we utilize them solely to refine the580

language used in paper to improve clarity and cor-581

rectness, without generating any substantial content582

or claims.583

Reproducibility Statement584

We are committed to full reproducibility of our585

evaluation framework and experimental results.586

All AU-Harness code, configuration files, evalu-587

ation scripts, and documentation will be publicly588

released under an open-source license upon accep-589

tance. We provide comprehensive implementation590

details including all hyperparameters, model end-591

points, dataset preprocessing steps, and evaluation592

metrics in our appendices. For efficiency com-593

parisons, we document exact hardware specifica-594

tions, vLLM versions, concurrent request limits,595

and retry policies used across all experiments. Our596

newly introduced reasoning benchmarks include597

complete details on text-to-speech synthesis param-598

eters and prompt templates. To ensure consistent599

reproduction, we provide Docker containers with600

fixed dependency versions and detailed setup in-601

structions for multi-node evaluation. All random602

seeds, sampling parameters, and LLM-as-judge603

configurations are specified to enable identical re-604

sult replication across different research groups.605
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mental task categories in audio and speech un-771

derstanding. Our benchmark encompasses Au-772

dio Understanding (6 datasets), evaluating mod-773

els’ capabilities in audio scene analysis and music774

comprehension; Paralinguistics (12 datasets), as-775

sessing speech characteristics including emotion,776

gender, accent recognition, and speaker-related777

tasks; Safety and Security (2 datasets), examining778

robustness against adversarial inputs and spoof-779

ing; Spoken Language Reasoning (5 datasets), test-780

ing complex reasoning abilities from mathematical781

problem-solving to code generation from speech;782

Spoken Language Understanding (21 datasets),783

the largest category covering speech question-784

answering, intent classification, and translation785

tasks; and Speech Recognition (15 datasets), estab-786

lishing baselines for automatic speech recognition787

across multiple languages and acoustic conditions.788

A.1.2 Metric Details789

• Word Error Rate (WER) – Measures au-790

tomatic speech recognition (ASR) errors via791

insertions and deletions in transcribed text.792

Lower is better.793

• LLM-Judge (MJ) – LLM-based evaluation794

of response quality. Higher is better. Reported795

metrics:796

– Binary (LB) – Binary LLM-based797

pass/fail correctness judgment.798

– Detailed (LD) – Detailed multi-level llm799

judgement across multiple dimensions.800

– BigBench Audio (LBBA) – LLM-based801

evaluations for BigBench-like audio802

tasks.803

– RedTeaming (SafetyJudge) – LLM-804

based evaluations for red-teaming and805

safety.806

– MT-Bench (MTJudge) – LLM-based807

evaluation for multi-turn systems.808

• BLEU – N-gram overlap score for comparing809

generated and reference text. Higher is better.810

• Instruction Following Score (IFScore)811

(Zhou et al., 2023) – Measuring instruction fol-812

lowing capability in natural language tasks via813

averaging accuracy across (1) strict-prompt,814

(2) strict-instruction, (3)loose-prompt and (4)815

loose-instruction scenarios.816

• Joint Goal Accuracy (JGA) - A strict holistic817

measure for dialogue state tracking systems re-818

quiring a perfect alignment between predicted 819

states and reference states for every slot-value 820

pair at every single turn in multi-turn conver- 821

sations. 822

A.2 Inference Efficiency Evaluation Settings 823

To provide a comprehensive and fair comparison 824

with other evaluation kits, regardless of their un- 825

derlying implementation, we introduce two addi- 826

tional runtime scenarios beyond individual dataset 827

runtimes, namely Sequential and Parallel. First, 828

Sequential runtime represents the most inefficient 829

runtime by assuming each benchmark is executed 830

in a sequential manner, where no data or model 831

parallelization algorithms are introduced. On the 832

other hand, Parallel presents the theoretical upper- 833

bound for optimal runtime. The final runtime is 834

calculated by taking the longest runtime among 835

all evaluated datasets. This scenario presumes an 836

ideal, zero-overhead parallelization environment 837

where communication protocols among parallel 838

processes and other overheads do not impact the 839

runtime. This is considered a best-case runtime for 840

our framework and existing evaluation kits across 841

all presented datasets and models. 842

In our experimental settings, for fair comparison 843

, we allocate 3xH100 GPUs to all of the evaluation 844

frameworks and maximize the throughput designed 845

by the frameworks either through multi-processing 846

or supported concurrent parallel multi-task evalua- 847

tions. 848

A.3 Contemporary Evaluation Kits 849

There are a few evaluation kits that we have built 850

upon and been inspired by, both in evaluation 851

framework design and task coverage. 852

• AudioBench (Wang et al., 2025a): A compre- 853

hensive open-source audio evaluation frame- 854

work encompassing eight core tasks and more 855

than twenty-six curated datasets, with cover- 856

age continuing to expand. AudioBench sup- 857

ports both open and closed-source models and 858

provides standardized evaluation pipelines us- 859

ing conventional metrics such as Word Error 860

Rate (WER) and METEOR, alongside LLM- 861

as-a-judge scoring for instruction-following 862

and reasoning tasks. 863

• Kimi-Eval (Ding et al., 2025): A multilin- 864

gual and multi-model evaluation suite de- 865

signed to assess leading Chinese and En- 866

glish large language models, including the 867
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Table 6: Comprehensive Audio and Speech Datasets Overview. Listing of 56 datasets across 6 task categories:
Speech Recognition, Paralinguistics, Audio Understanding, Spoken Language Understanding, Spoken Language
Reasoning, and Safety & Security.

Task Category Task Type Dataset Name Task Description License

Speech Recognition

ASR AISHELL-1 1 High-quality Mandarin speech recognition dataset Apache 2.0
ASR AMI Meeting Corpus 2 Multispeaker meeting recordings for ASR and diarization CC BY 4.0
ASR CallHome 5 Conversational speech corpus across multiple languages LDC User Agreement for Non-Members
ASR Common Voice 100 Crowdsourced multilingual speech dataset from Mozilla CC0 1.0 Universal
ASR FLEURS EN-US 102 Multilingual speech dataset for ASR and translation CC BY 4.0
ASR GigaSpeech 1 Large-scale audio and transcription corpus for end-to-end ASR Apache 2.0
ASR GigaSpeech2 2 Large-scale audio and transcription corpus for end-to-end ASR (v2) Apache 2.0
ASR LibriSpeech 2 Audiobook-derived speech corpus with clean and noisy subsets CC BY 4.0
ASR Multilingual LibriSpeech (MLS) 7 Extension of LibriSpeech with multiple European languages CC BY 4.0
ASR MNSC 6 Large-scale multitask speech corpus MNSC: Publicly released
ASR People’s Speech 1 Large-scale open-source English speech recognition dataset CC-BY-SA
ASR SPGISpeech 1 Transcriptions of financial meeting recordings Kensho User Agreement
ASR TEDLIUM3 1 Transcribed TED talks for ASR and speaker adaptation CC BY-NC-ND 3.0
ASR VoxPopuli 17 Multilingual speech corpus from European Parliament recordings CC0
Code-switching ASR SEAME 2 Mandarin-English code-switching speech dataset LDC2015S04
Long-form ASR TEDLIUM3 1 Transcribed TED talks for ASR and speaker adaptation (long-form version) CC BY-NC-ND 3.0
Long-form ASR Earnings21 1 Long-form earnings call dataset for speech recognition CC-BY-SA-4.0
Long-form ASR Earnings22 1 Long-form earnings call dataset for speech recognition CC-BY-SA-4.0

Paralinguistics

Accent Recognition MNSC AR Dialogue 1 Dataset for accent recognition in dialogue speech MNSC: Publicly released
Accent Recognition MNSC AR Sentence 1 Dataset for accent recognition in sentence-level speech MNSC: Publicly released
Accent Recognition VoxCeleb Accent 1 Speech dataset with diverse speakers for accent recognition CC BY 4.0
Emotion Recognition IEMOCAP Emotion 1 Multimodal dataset for emotion recognition in speech GPL-3.0
Emotion Recognition MELD Emotion 1 Multi-party conversation dataset for emotion recognition GPL-3.0
Emotion Recognition MELD Sentiment 1 Multi-party conversation dataset for sentiment analysis GPL-3.0
Gender Recognition IEMOCAP Gender 1 Multimodal dataset for gender recognition in speech GPL-3.0
Gender Recognition MNSC GR Dialogue 1 Dataset for gender recognition in dialogue speech MNSC: Publicly released
Gender Recognition MNSC GR Sentence 1 Dataset for gender recognition in sentence-level speech MNSC: Publicly released
Gender Recognition VoxCeleb Gender 1 Speech dataset with diverse speakers for gender recognition CC BY 4.0
Speaker Recognition MMAU-mini 1 Multi-modal audio dataset for speaker recognition Apache 2.0

Audio Understanding

Music Understanding MuChoMusic 1 Benchmark for music understanding for LALMs CC-BY-SA-4.0
Scene Understanding AudioCaps 1 Large-scale dataset for open-domain audio captioning MIT
Scene Understanding AudioCaps QA 1 Dataset for question answering over natural audio scenes MIT
Scene Understanding Clotho AQA 1 Dataset for answering natural-language questions about audio signals MIT
Scene Understanding WavCaps 1 Large-scale weakly labeled dataset for audio captioning CC-BY-NC 4.0
Scene Understanding WavCaps QA 1 Large-scale dataset for audio question answering CC-BY-NC 4.0

Spoken Language Understanding

Intent Classification SLURP 1 Multi-domain spoken dialogue understanding benchmark CC BY-NC 4.0
Speech QA Alpaca Audio 1 Speech dataset for question answering with audio instructions Apache-2.0
Speech QA CN College Listen MCQ 1 Multispeaker dataset for listening-based multiple-choice questions MERaLiON Public License
Speech QA Dream TTS MCQ 1 Dialogue-based multiple-choice comprehension dataset with audio MIT
Speech QA MNSC SQA 4 Benchmark for reasoning and understanding in spoken language NSC License
Speech QA OpenHermes 1 Speech dataset for question answering with audio instructions CC-BY-NC
Speech QA Public-SG 1 Speech question answering benchmark NSC License
Speech QA SLUE SQA 1 Spoken Language Understanding Evaluation benchmark CC-BY-4.0
Speech QA Spoken Squad 1 Speech dataset for extraction-based question answering CC-BY-SA-4.0
SQQA Big Bench Audio 2 Benchmark for reasoning with audio and text input MIT
SQQA MMSU 12 Multi-choice question answering dataset Apache-2.0
SQQA OpenBookQA 1 Multi-choice question answering dataset Apache-2.0
SQQA SD-QA 22 Multi-choice question answering dataset Apache-2.0
Translation CoVoST2 (zh→en) 36 Large-scale multilingual dataset for speech translation CC-BY-NC-4.0

Spoken Language Reasoning
Speech Instruction Following IFEVAL 2 Speech dataset for complex instruction following Apache-2.0
Speech Instruction Following MTBench 2 Speech dataset for multi-turn instruction following Apache-2.0

Safety & Security
Safety Advbench 1 Speech dataset for testing resistance to adversarial or harmful prompts Apache 2.0
Spoofing ASVpoof2017 1 Speech dataset for spoofing attack detection in real-world conditions CC BY-NC 4.0

Total Tasks 363
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Table 7: Experimental setup for efficiency comparison
across evaluation frameworks. We conduct controlled ex-
periments using 500 samples from three diverse datasets:
MELD-Emotion (short emotional speech), LibriSpeech-clean
(medium-length read speech), and ClothoAQA (long-form
descriptive audio). Total audio duration varies from 1,476 to
11,376 seconds, enabling assessment across different audio
characteristics and evaluation modalities (LLM-judge vs. tra-
ditional metrics).

MELD-Emotion Librispeech-clean ClothoAQA

# Samples 500 500 500
Audio Duration (seconds) 1,476 3,780 11,376

Evaluation Metric LLM-Judge WER LLM-Judge

Baichuan series, Qwen, GLM, and Kimi it-868

self. The benchmark spans automatic speech869

recognition (ASR), multiple choice question870

answering (MQA), open question answering871

(OpenQA), and reference-based question an-872

swering (RefQA), enabling a broad assess-873

ment of both comprehension and generative874

audio capabilities.875

• VoiceBench (Chen et al., 2024): A focused876

benchmark evaluating thirty-five-plus state-of-877

the-art speech models across seven carefully878

selected datasets. While the total number of879

datasets is smaller than in AudioBench, the880

high task complexity and distinctive challenge881

of each dataset provide a useful test suite.882

• LMMS-Eval (Zhang et al., 2025b): A com-883

prehensive evaluation kit designed to assess884

multimodal frontier models across vision, au-885

dio and video modalities. Despite its broad886

coverage, audio-centric evaluation is compara-887

tively limited as compared to other modalities.888

A.4 Inference Efficiency Ablations889

To assess the scalability and efficiency of AU-890

Harness, we conduct three controlled ablations: (a)891

varying batch size, (b) throughput gains from paral-892

lel execution, and (c) latency trade-offs with replica893

scaling. The experimental setup follows Table 7,894

except for (c), where we use the full LibriSpeech-895

clean dataset to ensure sufficient workload for scal-896

ability analysis.897

Figure 5 presents the results. Increasing batch898

size reduces execution time substantially, though899

benefits taper off at higher scales. Parallel execu-900

tion yields up to a 3.5× improvement in throughput901

over sequential execution, confirming the efficiency902

of concurrent scheduling. Replica scaling further903

lowers latency, with near-linear improvements ob-904

served up to 25 replicas.905

Overall, these ablations highlight that AU- 906

Harness is both scalable and adaptable. By lever- 907

aging batching, parallelism, and replica scaling, it 908

can be tuned for diverse deployment scenarios rang- 909

ing from high-throughput evaluation to low-latency 910

inference. 911
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(a) Batch size effect (b) Throughput scaling (c) Latency trade-offs

Figure 5: Inference efficiency ablations in AU-Harness. We examine three factors: (a) impact of batch size on execution time,
(b) throughput gains from parallel execution, and (c) latency reduction through replica scaling.
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