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Abstract

We introduce Speech-based Intelligence Quo-001
tient (SIQ) as a new form of human cognition-002
inspired evaluation pipeline for voice under-003
standing large language models (LLMVoice), de-004
signed to assess their voice understanding abil-005
ity. Moving beyond popular voice understand-006
ing metrics such as word error rate (WER), SIQ007
examines LLMVoice across three cognitive lev-008
els motivated by Bloom’s Taxonomy: (1) Re-009
membering (i.e., WER for verbatim accuracy);010
(2) Understanding (i.e., similarity of LLM’s011
interpretations); and (3) Application (i.e., QA012
accuracy for simulating downstream tasks). We013
demonstrate that SIQ not only quantifies voice014
understanding abilities but also provides uni-015
fied comparisons between cascaded methods016
(e.g., ASR-LLM) and end-to-end models, iden-017
tifies annotation errors in existing benchmarks,018
and detects hallucinations in LLMVoice. Our019
framework represents a first-of-its-kind intelli-020
gence examination that bridges cognitive prin-021
ciples with voice-oriented benchmarks, while022
exposing overlooked challenges in multi-modal023
training. Our code and data will be open source024
to encourage future studies.025

1 Introduction026

The rapid rise of voice understanding Large Lan-027

guage Models (LLMVoice) has ushered in a new028

paradigm of human-machine interaction (Reddy,029

1988), where LLMVoice process spoken instruc-030

tions, infer semantic intent, and execute down-031

stream tasks (Jelinek et al., 1991; Jurafsky et al.,032

1995; Zue and Glass, 2000; Tur et al., 2005; Mesnil033

et al., 2014; Kawahara, 2019; Huang et al., 2024;034

Mahmood et al., 2025). LLMVoice bridge speech035

and language intelligence (Sparks et al., 1996), en-036

abling applications from voice assistants to interac-037

tive robots. A fundamental prerequisite for deploy-038

ing robust LLMVoice lies in establishing reliable039

evaluation metrics for voice understanding. These040

metrics ensure that the system accurately compre-041
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Figure 1: An overview of cognitive levels in voice un-
derstanding large language model systems related to the
first three foundational hierarchies of Bloom’s Taxon-
omy. We design a corresponding examination to mea-
sure SIQ as a detailed pipeline in Figure 2.

hends voice inputs. Automatic speech recogni- 042

tion (ASR) is the central component of existing 043

cascaded1 LLMVoice systems, transcribing voice 044

into text for subsequent LLM processing. Conse- 045

quently, the research community primarily assesses 046

voice understanding using transcription error met- 047

rics (Hunt, 1990; Klakow and Peters, 2002), with 048

Word Error Rate (WER) standing as the de facto 049

standard. 050

However, WER primarily measures the lexical 051

recall of ASR, its transcribed quality does not fully 052

capture the semantic understanding (He et al., 2011; 053

Chen et al., 2018; Szymański et al., 2020) and task 054

completion (Van Strien et al., 2020) capabilities 055

of LLMs via their speech portal. For instance, 056

WER treats all lexical errors equally, ignoring how 057

transcription inaccuracies propagate to higher-level 058

comprehension (i.e., semantic understanding) and 059

executions (i.e., downstream tasks). 060

Meanwhile, a growing trend in LLMVoice re- 061

search is the shift toward end-to-end multi-modal 062

models (Rubenstein et al., 2023; Radhakrishnan 063

et al., 2023; Maiti et al., 2024; Hu et al., 2024; Dé- 064

fossez et al., 2024; Chen et al., 2024), which bypass 065

explicit ASR transcription and directly map audio 066

1We refer to two-pass based neural ASR-LM sys-
tems (Hoffmeister et al., 2016; Sainath et al., 2019; Huang
et al., 2020), which have been widely adopted in the current
voice assistants, including Siri, Alexa, and Google Assistant.
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inputs to task-specific outputs (e.g., answers, ac-067

tions). While this paradigm simplifies pipelines and068

reduces error cascades, its end-to-end voice service069

obviates the need for generating an intermediate070

transcript, rendering traditional WER-based evalu-071

ation obsolete (Kuo et al., 2020; Tüske et al., 2021).072

This creates a critical methodological gap: without073

a reliable and potentially unified metric, comparing074

voice understanding across architectural choices,075

such as the modularity of “cascaded neural sys-076

tems” and the efficiency of “end-to-end mutlimodal077

models,” remains insufficiently characterized.078

The above two limitations mirror a fundamen-079

tal challenge in assessing artificial intelligence:080

human-like intelligence is inherently hierarchical.081

Drawing on Bloom’s Taxonomy (Bloom and Krath-082

wohl, 1969; Bengio et al., 2009), a cognitive frame-083

work where skills ascend from basic remember-084

ing to advanced creating, we posit that LLMVoice085

should be evaluated through analogous levels. In086

this framework, WER represents the lowest level by087

measuring verbatim recall while neglecting higher-088

order abilities such as semantic understanding and089

task-solving. For instance, two transcripts with090

identical WER may differ drastically in mean-091

ing (Szymański et al., 2023), leading to divergent092

LLMVoice responses or failed instructions.093

To address this gap, we propose a hierarchical094

IQ test for LLMVoice that evaluates intelligence095

across three fundamental levels (refer to limita-096

tions) aligned with Bloom’s Cognitive Taxonomy:097

(1) Remember in verbatim: Lexical accuracy is098

quantified using WER; (2) Understand: Seman-099

tic consistency is assessed by comparing LLM100

responses to ASR outputs and ground-truth tran-101

scripts. LLMs are prompted to infer the back-102

ground context (e.g., domain, speaker intent) and103

generate a summary of the speech, then mea-104

sure hidden states similarity between ASR-derived105

and ground truth-derived responses; (3) Apply:106

Task-solving capability is tested via multi-choice107

question-answering (QA) pairs constructed from108

ground-truth transcripts. LLMVoice answers ques-109

tions based on speech inputs, with accuracy re-110

flecting real-world utility. Then, we draw inspira-111

tion from Raven’s Progressive Matrices (Raven and112

Court, 1998; John and Raven, 2003) (i.e., a human113

IQ test) that aggregates performance across various114

dimensions into a single score.115

Beyond overall evaluation, our SpeechIQ (SIQ)116

framework yields two key insights:117

• Cascade systems (ASR+LLM) outperform 118

end-to-end models under similar scaling, re- 119

vealing modality interference in joint speech- 120

text training. 121

• Cross-model QA consistency exposes ground- 122

truth errors. By isolating questions most 123

LLMVoice, cannot solve, we create an “unan- 124

swerable” set that helps detect hallucina- 125

tions (Frieske and Shi, 2024; Koenecke et al., 126

2024) and refine benchmark annotations. 127

Our work advances LLMVoice evaluation by 128

merging cognitive principles with practical metrics, 129

revealing hidden challenges in multimodal infer- 130

ence (e.g., hallucination inheritance), and offering 131

tools to build more robust systems. Code and data 132

will be publicly available. 133

2 Related Work 134

2.1 ASR Evaluation 135

ASR systems have long been evaluated using lex- 136

ical similarity metrics such as WER, which quan- 137

tifies the Levenshtein distance (Navarro, 2001) 138

between ASR outputs and reference transcripts. 139

Metrics like character error rate (MacKenzie and 140

Soukoreff, 2002) (CER), sentence error rate (Juffs 141

and Harrington, 1996) (SER), and translation error 142

rate (TER) extend this framework to the sentence 143

or translation level but share WER’s core limitation: 144

treating all errors equally, regardless of semantic 145

impact. While effective for benchmarking tran- 146

scription fidelity, these metrics do not fully capture 147

how errors propagate to downstream tasks. 148

Recent work mitigates WER’s semantic insensi- 149

tivity by incorporating sentence embeddings into 150

evaluation. Sentence similarity-based metrics (Kim 151

et al., 2021, 2022) and BERTScore (Zhang et al., 152

2020) leverage pre-trained language models to com- 153

pute semantic correspondence between ASR hy- 154

potheses and ground-truth references. Others pro- 155

pose task-specific metrics, such as Medconcept 156

WER (Adedeji et al., 2024) which arranges more 157

weights on medical entities in WER computation 158

or severity score (Whetten and Kennington, 2023) 159

that involves sentiment similarity in the evaluation. 160

However, these methods are either confined to spe- 161

cific tasks or require curated labeled data, limiting 162

their generalizability to open-domain LLMVoice. 163

Efforts to develop hybrid metrics that com- 164

bine error rate and semantic similarity, such as 165
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H_eval (Sasindran et al., 2023), and Sema (Sasin-166

dran et al., 2024), further enrich the evaluation land-167

scape. Concurrently, machine translation inspired168

metrics like BLEU Score (Papineni et al., 2002)169

and COMET (Rei et al., 2020), have started to be170

adapted for ASR to assess fluency and pragmatic171

adequacy. However, these approaches still empha-172

size text-to-text alignment between ASR outputs173

and references, rather than from a view of influ-174

encing the responses and actions of downstream175

LLMs, motivating the proposed SIQ as a multi-176

dimensional metric.177

2.2 LLMVoice Understanding Systems178

In general, speech-based LLMs encompass both179

the understanding of voice signals and the gen-180

eration (Agostinelli et al., 2023; Borsos et al.,181

2023a; Yang et al., 2024c) of vocal or general au-182

dio outputs. In this work, we focus exclusively on183

voice understanding tasks with text outputs as184

one first step to examine voice intelligence (Sparks185

et al., 1996) or its potential voice world model (Ha186

and Schmidhuber, 2018; Matsuo et al., 2022) via187

LLM backbone, which we denote as LLMVoice.188

LLMVoice understanding systems are designed to189

interact (Shah et al., 2018; López et al., 2018) with190

users and execute task-oriented instructions via191

speech-based inputs. This form of “voice-to-text”192

architecture can be broadly categorized into three193

main types, all of which achieve state-of-the-art194

ASR quality on public leaderboards (Radford et al.,195

2022; Chen et al., 2023; Puvvada et al., 2024):196

(1) Cascaded ASR + LLM This approach fol-197

lows a traditional pipeline-based structure, where198

an ASR model (Watanabe et al., 2018; Gulati et al.,199

2020; Radford et al., 2022) transcribes the spoken200

input, and the 1-best transcription is passed to tex-201

tual LLM as one operation system (Wu et al., 2024;202

Dighe et al., 2024) for direct response generation.203

(2) Cascaded ASR Hypotheses + Generation Er-204

ror Correction (GER) + LLM In this approach,205

the ASR model first generates multiple possible206

transcriptions (i.e., hypotheses) for a given speech207

input, where “texts” are then treated as input fea-208

tures for a many-to-one GER post-editing mod-209

ule (Yang et al., 2023; Velikovich et al., 2024; Hori210

et al., 2025). The GER module refines these hy-211

potheses to determine the most accurate transcrip-212

tion, which is subsequently processed by the LLM.213

(3) End-to-End Multi-Modal Models These 214

models are inherently designed to support both 215

speech and text modalities (Rubenstein et al., 2023; 216

Hu et al., 2024; Lyu et al., 2023; Zhang et al., 217

2024a). Unlike cascaded approaches, they process 218

audio inputs directly and generate textual outputs 219

without requiring intermediate ASR transcriptions. 220

This paradigm leverages a multimodal learning 221

framework (i.e., a speech embedding encoder (Rad- 222

hakrishnan et al., 2023) or tokenizer (Borsos et al., 223

2023b; Zhang et al., 2024b)) to achieve end-to-end 224

speech understanding and reasoning. 225

In summary, we carefully selected and examined 226

aforementioned three ASR-LLM systems. System 227

1 serves as the most cost-effective solution (Her- 228

mansky and Junqua, 1988) for voice interactions 229

with LLMs. System 2 is designed to decode texts 230

that offer richer information (Chan et al., 2023; 231

Yang et al., 2024b) for textual applications. System 232

3 highlights a low-latency, multimodal embedding 233

injection approach for large language models (Ope- 234

nAI et al., 2024; Team et al., 2024). Next, we in- 235

troduce our proposed method, which corresponds 236

to Bloom’s cognitive taxonomy. 237

3 SIQ: Speech-based Intelligence 238

Quotient 239

We will subsequently introduce each level of the 240

test, from the remember level to both the under- 241

stand level and apply level. At the end of this sec- 242

tion, we will discuss the computation of the final 243

SIQ. An overview of our workflow is in Figure 2. 244

3.1 Remember: WER Metric 245

The remember level assesses the ability to repro- 246

duce spoken content accurately. WER serves as a 247

natural metric since it measures the verbatim dis- 248

crepancy between ASR output and the ground truth 249

at a granular level, with the advantage that it cap- 250

tures even the smallest differences, making it highly 251

sensitive to transcription errors. 252

3.2 Understand: Similarity Metric 253

The understand level assesses whether the ASR- 254

generated transcript effectively conveys the in- 255

tended meaning of the original speech. This is 256

particularly important when ASR output serves as 257

input to the LLM, and a minor transcription differ- 258

ence could lead to significant semantic variations to 259

LLMs. For instance, two transcriptions with identi- 260

cal WER scores can have vastly different meanings: 261
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Figure 2: Overview of our three-level test. We compared three categories of LLMVoice represented in three rows,
and right columns denote three-level tests. Note that the groud truth will be used in three levels.

• Ground truth: "I feel pain in the lower back."262

• ASR 1: "I feel like pain in the _ back."263

• ASR 2: "I feel painting in the world back."264

Although both have the same WER = 29%, they265

convey different meanings and lead to drastically266

different LLM responses.267

To quantify the impact of ASR errors on seman-268

tic comprehension, we measure the deviation in269

LLM responses caused by ASR transcription er-270

rors. Specifically, inspired by recent work (Jiang271

et al., 2024; Liu et al., 2024) showing that instruct-272

ing LLMs to generate one word is a simple and273

straightforward approach to representing semantic274

meanings, we evaluate LLM-generated responses275

via two key questions: (1) b: The background sce-276

nario of the speech [] in one word is. This helps277

resolve ambiguities and measure whether the ASR278

content preserves core contextual meaning; (2) s:279

The summary of this speech [] in one word is. This280

assesses the extent to which ASR errors affect the281

LLM’s high-level understanding. Instead of di-282

rectly comparing LLM-generated words, we use283

the last layer of hidden states of LLM for generat-284

ing the next token as embeddings and compute their285

cosine similarity with the embeddings generated286

from the ground truth transcription:287

Sim_b = cos(M_b(ASR),M_b(Ground)) (1)288
289

Sim_s = cos(M_s(ASR),M_s(Ground)) (2)290

where M_ denotes the LLM’s hidden states. We 291

then select the lower similarity as the final Sim 292

score since we intend to capture the semantic gap 293

between the ASR and the ground truth. This 294

embedding-based approach enables a robust eval- 295

uation of semantic preservation in ASR outputs, 296

beyond simple word-matching metrics. 297

3.3 Apply: QA Accuracy 298

The Apply level evaluates a LLMVoice’s ability to 299

leverage transcribed information for solving down- 300

stream problems, reflecting its real-world utility in 301

task-oriented scenarios. We simulate this utility 302

by constructing multi-choice QA, which is a typi- 303

cal listening test for our human language learners. 304

Specifically, for each speech example, we construct 305

3 questions based on the ground-truth transcription 306

along with 5 choices per question. (including 1 307

option as “None of the above”) 308

During QA generation, we leverage GPT-4o and 309

prompt it to focus on either the core concept or in- 310

formation details in the transcription. (Appendix A) 311

To mitigate potential errors in generated QA, we 312

also employ GPT-4o itself and Gemini-1.5-flash to 313

answer these questions using the ground-truth tran- 314

scription. Questions, where GPT-4o or Gemini-1.5- 315

flash fails to produce correct answers, are discarded 316

and regenerated. Then during evaluation, cascaded 317

systems answer questions based on ASR transcrip- 318

tions, while end-to-end systems directly process 319

speech inputs to generate responses without in- 320

termediate ASR steps. Each LLMVoice answers 5 321
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times per quesion and use the majority vote as the322

final answer (Wang et al., 2023). QA accuracy is323

then measured via an exact match and higher accu-324

racy indicates a stronger capability to contextualize325

and apply spoken content to real-world tasks.326

Moreover, we realize that this QA test can also327

help recognize potential annotation errors in the328

benchmarks efficiently, since QA generated by an-329

notation errors will be unanswerable to LLMVoice,330

we use this feature to filter out annotation errors in331

our main experiments and further utilize them to332

detect hallucinations in Section 5.5.333

3.4 Final SIQ Score334

In this section, we present the methodology for335

computing SIQ of LLMVoices. Inspired by stan-336

dard Raven’s progressive matrices (John and Raven,337

2003), a popular human IQ mechanism, we have338

three steps: (1) harder samples have higher scores:339

(2) global standardization making scores among340

levels computable; (3) dynamic weight among lev-341

els in computing final SIQ. For each LLMVoice342

model j and each speech sample i, we first compute343

raw scores for the three dimensions as Xdim
WER,i,j ,344

Xdim
Sim,i,j , and Xdim

Acc,i,j .345

Speech Sample Discrimination Weights To ac-346

count for variations in sample difficulty, we in-347

troduce “discrimination weights” based on inter-348

model score variance. For each speech sample i,349

we compute the variance across models:350

V dim
i = Var([Xdim

Raw,i,j ∀j]) (3)351

where ”dim” refers to 3 levels. Using these vari-352

ance values, we compute weighted scores:353

Xdim
j =

∑N
i=1X

dim
Raw,i,j · V dim

i∑N
i=1 V

dim
i

(4)354

where N denotes the number of models. This en-355

sures that speech samples with greater discrimina-356

tion power have a larger influence.357

Global Standardization For each dimension, we358

perform standardization to normalize scores across359

models:360

Zdim
j =

Xdim
j − µdim

σdim (5)361

where µdim and σdim are the mean and standard362

deviation of all model scores for that dimension.363

Dynamic Weight Computation To ensure a bal- 364

anced contribution of each evaluation dimension, 365

we assign dynamic weights based on variance. 366

Since higher variance may indicate greater instabil- 367

ity, we use the “inverse variance”: 368

wdim =
1

σdim
raw + ϵ

, wdim
f =

wdim∑
wdim (6) 369

where σdim
raw is the standard deviation computed by 370

all raw scores, and ϵ is a small constant to prevent 371

division by zero. The weights are then normalized 372

on the summation of three dimensions. 373

Final IQ Score Computation The final intelli- 374

gence score for each model j is computed as a 375

weighted sum of the standardized scores: 376

Scorej =
∑
dim

wdim
f · Zdim

j (7) 377

Finally, the score is converted into an IQ-like scale: 378

SIQj = 100 + 15 · Scorej . (8) 379

As one additional study, we also perform nor- 380

malization based on model scale (i.e., analogous 381

to age factors in human IQ). However, due to the 382

involvement of multiple variables in neural scal- 383

ing laws (Kaplan et al., 2020), we report the non- 384

normalized SIQ and provide preference rankings 385

from a human study to validate its correlation. 386

4 Experiment Setup 387

4.1 Datasets 388

To comprehensively evaluate LLMVoice intelligence 389

across varied domains and real-world challenges, 390

we carefully select two datasets earning22 (Rio 391

et al., 2022) and voxpopuli (Wang et al., 2021) from 392

the popular OpenASR Leaderboard, while an ad- 393

ditional dataset Med-ASR-EN2 is chosen from the 394

medical domain, featuring diverse accents and en- 395

vironments. This ensures that our evaluation tests 396

LLMVoice performance in different real-world sce- 397

narios, including domain-specific speech and chal- 398

lenging acoustic conditions. Considering the high 399

computational cost of leveraging GPT-4o APIs for 400

QA evaluation and running end-to-end LLMVoice 401

(e.g., Gemini), we extract a subset constructed by 402

the longest audios from each dataset shown in Ta- 403

ble 1. 404

2https://huggingface.co/datasets/jarvisx17/
Medical-ASR-EN
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Dataset # Subset Domain WER
Earning22 200 Financial meetings 12.05
Voxpopuli 200 European Parliament 7.48
Medasr 400 Hospital Accented Patients 7.7

Table 1: Statistics of datasets. WER results are on
whole dataset via Whisper-large-v2.

4.2 Models405

We conduct experiments across three major406

LLMVoice architectures as follows:407

ASR+LLM We compare the following widely408

used ASR models: Whisper-Large-v2, Whisper-409

Large-v3 (Radford et al., 2022), Canary (Puvvada410

et al., 2024), and ESPnet (owsm_ctc_v3.1_1B)411

(Watanabe et al., 2018)412

ASR+GER+LLM We select GPT-4o (OpenAI413

et al., 2024) as the GER module and use Whisper-414

large-v2 to generate 5 hypotheses for each audio415

based on beam search.416

End-to-end Multimodal Models For speech-to-417

text multimodal models, we compare Salmonn418

(Tang et al., 2024), Qwen2-audio (Chu et al., 2024),419

and desta2 (Lu et al., 2025), we also involve any-to-420

any multimodel models with speech-to-text capabil-421

ities: AnyGPT (Zhan et al., 2024), Baichuan-omni-422

1.5 (Li et al., 2025), and Gemini-1.5 (Team et al.,423

2024). We specifically denote Baichuan-omni-1.5424

and Gemini-1.5 as “end-to-end-large” since they425

are either scaled up in training data or model size.426

In the understanding level test, we select427

LLaMA-3.1-8B-Instruct to generate hidden states428

as responses since related work (Jiang et al., 2024;429

Liu et al., 2024) has proved the strong embedding430

capability of LLaMA-based models.431

Meanwhile, for the LLM in both ASR + LLM432

and ASR + GER + LLM to answer QA, we use433

Qwen2-7b (Yang et al., 2024a) for fair comparisons434

in size. Preliminary experiments to validate Qwen2-435

7b and other experiment details are in Appendix B.436

437

5 Results438

In this section, we will first show the results of439

each level, and then the final SIQ scores. Consider-440

ing the limited space, for each level we show the441

average score on 3 datasets without Desta2 and442

AnyGPT since they show a relatively low perfor-443

mance, the complete results are in Appendix.444
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Figure 3: Raw remember scores. All cascaded models
outperform end-to-end models including Gemini-1.5.
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Figure 4: Raw understand scores. Gemini-1.5-flash
shows the best semantic capturing.

5.1 Remember Results 445

Figure 3 shows the raw WER scores of each model. 446

Among all tested models: (1) Canary achieves the 447

lowest WER, demonstrating the best remember- 448

ing capability; (2) GER even negatively affects 449

ASR if we focus on the increasing WER; (3) More 450

broadly, all ASR models significantly outperform 451

end-to-end LLMVoice in terms of WER, and even 452

large-scale end-to-end models, such as Gemini-1.5, 453

perform worse than ASR models, reinforcing the 454

robustness of traditional dedicated ASR models. 455

5.2 Apply Results 456

As in Figure 5: (1) While end-to-end models 457

with similar sizes as cascaded models make much 458

poorer accuracies, all scaling-up end-to-end mod- 459

els achieve superior performance in capturing ap- 460

ply level knowledge, which is consistent with the 461

scaling law; (2) GER not only improves semantic 462

retention but also enhances downstream reasoning 463

capabilities in the apply level. 464
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Relative Bloom’s Taxonomy Levels Remember ↑ Understand ↑ Apply ↑ SIQ ↑
ASR+LLM Approaches

Whisperv2-1.5B + Qwen27B 0.556 0.503 0.486 107.53
Whisperv3-1.5B + Qwen27B 0.555 0.438 0.438 106.65
Canary1B + Qwen27B 0.561 0.571 0.510 108.36
OWSM-CTCv3.1-1B + Qwen27B 0.536 0.155 0.359 103.23

ASR+GER+LLM Approach
Whisperv2-1.5B + GPT-4o + Qwen27B 0.546 0.637 0.493 109.04

Multi-Modal End-to-End Approaches
Qwen2-Audio7B w/ 1.5B Whisper -0.179 0.370 0.016 104.04
Salmonn13B w/ 1.5B Whisper 0.511 0.386 -1.140 101.12
Desta28B w/ 1.5B Whisper -2.475 -1.600 -0.227 79.69
AnyGPT7B 0.317 -2.710 -2.883 61.00
Baichuan-omni-1.57B 0.452 0.192 0.553 104.20
Gemini-1.5-flash -1.875 0.644 0.678 107.95
Gemini-1.5-pro 0.496 0.412 0.716 107.18

Table 2: Main Results. The results of remember and understand levels are from single experiment, while apply
level include the majority results of 5-time generations.
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Figure 5: Raw apply scores. End-to-end-large models
perform best while smaller ones perform worst.

5.3 SIQ Scores465

Table 2 shows the final SIQ scores and we can ob-466

serve: (1) A key observation is that the rankings467

based on WER do not hold for overall LLMVoice’468

intelligence: while single ASR models outperform469

ASR+GER and end-to-end approaches on WER,470

they fail to maintain their lead in higher-level intel-471

ligence evaluations; (2) End-to-end LLMVoice sys-472

tems underperform cascaded models of the same473

scale, but when model size increases as Gemini-474

1.5, they achieve competitive SIQ with cascaded475

approaches; (3) GER provides stable SIQ score476

improvements for ASR+GER+LLM models and477

achieve the best SIQ.478

Human Evaluation on Comparing with Exist-479

ing Metrics To validate that SIQ better reflects480

the voice understanding capabilities of LLMVoice481

LLMVoice Human WER SemDist LLM-S BLEU SIQrm SIQall

ModelA 3 2 4 4 3 4 2
ModelB 8 10 8 8 6 8 10
ModelC 7 7 7 6 8 7 7
ModelD 1 4 2 5 4 3 1
ModelE 4 6 5 7 5 6 4
ModelF 6 5 6 2 7 5 6
ModelG 2 3 1 3 2 2 3
ModelH 5 1 3 1 1 1 5
ModelI 9 8 10 10 9 10 8
ModelJ 10 9 9 9 10 9 9
correlation ρ (↑) - 0.770 0.721 0.624 0.806 0.830 0.952
p-value (↓) - 0.009 0.005 0.019 0.054 0.003 0.00002

Table 3: Human Voted Rankings & Existing Metrics.

Model WER ↓ Similarity ↑ Accuracy ↑ Hallucination ↓
Whisperv2-1.5B + Qwen7B 11.8 93.7 91.7 2 (12.0%)

Qwen2-Audio7B 20.0 92.8 83.9 4 (24.0%)

Whisperv2-1.5B + Llama38B-ins 11.7 94.0 95.7 7 (41.2%)

Desta28B w/ 1.5B Whisper 76.55 81.6 83.9 12 (70.6%)

Whisperv2-1.5B + Vicuna13B-1.1 11.7 94.0 87.3 1 (6.8%)

Salmonn13B w/ 1.5B Whisper 14.70 93.1 60.3 4 (24.0%)

Table 4: Cascaded v.s. End-to-end including hallu-
cination detection. Cascaded models perform better
correspondingly. Desta2 shows unexpectedly high QA
accuracy and halluciantions along with its foundation
Llama38B-ins.

models compared to existing metrics, we conduct a 482

human evaluation on nine examples involving ten 483

randomly selected anonymous models to avoid hu- 484

man bias on models. For each example, we invite 485

ten human experts, including both native speakers 486

and non-native speech researchers, to rank the ten 487

transcriptions produced by each model based on 488

the ground-truth transcription. We then aggregate 489

these rankings to derive a final rank for each model 490

and compare the results with the rankings obtained 491

from existing metrics on the same nine examples. 492
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For SIQ, we compare two variants: (1) SIQrm: com-493

pute on 9 examples but removing weight standard-494

ization due to the limited sample size; (2) SIQall:495

the SIQ in Table 2 . Then we compute Spearman’s496

Rank Correlation Coefficient ρ with human rank-497

ings. In Table 3, SIQ consistently outperforms498

existing metrics in capturing human preferences,499

particularly SIQall, demonstrating its effectiveness500

in assessing voice understanding capabilities.501

5.4 Cascaded vs End-to-end502

Our SIQ scores provide strong empirical evidence503

that cascaded systems achieve significantly higher504

intelligence scores compared to end-to-end models505

of similar size. However, a crucial factor influ-506

encing this result is the LLM used in QA. Cas-507

caded systems can typically utilize the latest LLMs508

(e.g., Qwen2-7b, GPT-4o) for QA-based reason-509

ing, whereas end-to-end models are often con-510

strained by their foundation LLMs that jointly han-511

dle speech tokens and language understanding. To512

eliminate this confounding factor, we conducted513

an ablation experiment comparing cascaded and514

end-to-end systems built on the same base model.515

As shown in Table 4, the cascaded approach con-516

sistently outperforms the end-to-end model in 3517

levels. Specifically, Qwen2-audio and Salmonn are518

largely worse than their cascaded variants at the519

apply level. We hypothesize that the multi-modal520

training may sacrifice the original reasoning capa-521

bility of foundation models if not well designed,522

which is crucial for understanding the limitations523

of joint training for multi-modal intelligence.524

Additionally, we observe that Desta-2 exhibits525

unexpectedly high QA accuracy while its perfor-526

mances on the WER and similarity are pretty poor.527

Interestingly, the base model of Desta-2, LLaMA3-528

8B-instruct, also achieves a higher-than-expected529

performance than cascaded experiments. We im-530

plemented a closer case study (Appendix C) which531

reveals that Desta-2 may stem from LLaMA3-8B-532

instruct showing a strong tendency to hallucinate:533

(1) Guess the answer even not been recognized in534

its ASR results; (2) Change the options in the ques-535

tion. This indicates that SIQ can not be represented536

by the apply level alone, which may suffer from537

the hallucination issue in question answering.538

Moreover, manually verifying hallucinated QA539

evaluation is prohibitively expensive. Inspired by540

the “annotation error” introduced in Section 3.3, in541

the following section, we introduce an unanswer-542

able set to detect hallucinations in LLMVoice.543

5.5 Unanswerable Set: Detecting 544

Hallucination in LLMVoice 545

One major advantage of QA-based evaluation is 546

that it allows us to efficiently identify potential an- 547

notation errors. If a given QA pair consistently fails 548

across most LLMVoice, it is likely that the failure is 549

due to incorrect or ambiguous annotations result- 550

ing in unanswerable questions rather than genuine 551

model errors. 552

To leverage this property, we filter out ques- 553

tions that the majority of LLMVoice fail to answer 554

correctly and manually check the corresponding 555

speech and annotations. This significantly reduces 556

human efforts overhead (only 26 out of 800 sam- 557

ples require human review). After verification, we 558

confirm that 17 questions are truly unanswerable 559

based on the available speech content, which forms 560

our Unanswerable Set for detecting hallucinations. 561

We measure both cascaded and end-to-end 562

LLMVoice in Table 4. For each unanswerable ques- 563

tion, the hallucination will be counted when the an- 564

swer to the unanswerable question is not “(E) None 565

of the above,”. Our results indicate that LLaMA3- 566

8B-Instruct exhibits a significantly higher halluci- 567

nation ratio than other LLMs, and this problem 568

gets even worse in its end-to-end variant, which 569

explains the higher-than-expected performance in 570

apply level test. This inspires us that the halluci- 571

nation of foundation LLMs may be inherited by 572

its multi-modal variances, emphasizing the impor- 573

tance of foundation model selection and reducing 574

hallucination in multi-modal training. 575

6 Conclusions 576

Existing metrics fail to comprehensively evalu- 577

ate LLMVoice’s capability in semantic understand- 578

ing or task-solving. Therefore, we build a three- 579

level SIQ test following Bloom’s taxonomy, each 580

level owns unique features and represents differ- 581

ent intelligence levels. Our study involves various 582

LLMVoice frameworks, and the SIQ test serves as 583

a unified metric for benchmarking different frame- 584

works. We then discuss whether current end-to- 585

end LLMVoices outperform cascaded methods with 586

the same size, indicating the potential insights in 587

training multi-modal models. Moreover, benefiting 588

from the QA test, we need much less human effort 589

to filter out annotation errors in existing bench- 590

marks and build an unanswerable set, which can 591

further help evaluate the hallucination of LLMVoice 592

which is also crucial for multi-modal training. 593
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Limitation594

In our attempt to provide an examination of Speech595

IQ, our study has limitations that warrant discus-596

sion.597

Data and Evaluation Limitations Although this598

work represents the first systematic investigation of599

SIQ assessment with demonstrated effectiveness,600

our current evaluation is based on moderately sized601

test sets. In future work, we plan to extend our602

validation framework across diverse domains and603

languages, and we will employ rigorous quality604

assurance techniques to filter annotation errors in605

widely used benchmarks. Moreover, while using606

publicly available datasets ensures reproducibility,607

it also introduces potential risks of data leakage.608

To mitigate this, we are developing closed datasets609

with controlled knowledge cutoffs for subsequent610

research phases.611

Scaling and Quantitative Analysis Our results612

indicate that SIQ is sensitive to model scaling ef-613

fects, including variations in architecture size and614

training data volume. However, our current analy-615

sis does not quantitatively characterize these re-616

lationships, such as a limitation reminiscent of617

the challenges in interpreting human IQ with age-618

group normalization. As discussed in Appendix E,619

our next SIQ iteration will incorporate scaling law620

normalization protocols to decouple intrinsic voice621

understanding capabilities from artifacts induced622

by parametric scaling, enabling a more nuanced623

analysis of model performance.624

Ethical and Societal Considerations The intro-625

duction of SIQ raises important ethical and societal626

questions. Since IQ classification in humans can627

lead to social discrimination, we are concerned that628

analogous issues might arise in AI, potentially re-629

sulting in biased treatment of systems with lower630

SIQ scores. We are committed to addressing these631

concerns proactively and developing safeguards to632

prevent such discrimination.633

Upper 3 Levels in Bloom Taxonomy Our study634

focuses only on the bottom three layers of the635

Bloom Taxonomy, leaving the upper three layers636

unexplored. While this approach provides a solid637

foundation for understanding the core aspects of638

the problem, it does not capture the full hierar-639

chical structure. The upper layers, which may in-640

volve more advanced levels of analysis, evaluation,641

and creation, remain an open avenue for our fu-642

ture research incorporating audio generation, phys- 643

ical simulation, and acoustic event reasoning mod- 644

els (Kong et al., 2024). Expanding the analysis to 645

all 6 layers could provide a more comprehensive 646

understanding of its broader implications toward a 647

form of “audio intelligence” for voice assistants. 648
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A QA Generation1116

Since we intend to follow the English test for hu-1117

man learners, our prompt emphasize our intention1118

to instruct GPT-4o is in Figure 6. We then add1119

another option “None of the above” to each ques-1120

tion. Besides, to mitigate potential hallucinations1121

in question generation, we employ a two-step vali-1122

dation process: (1) GPT-4o generates three candi-1123

date questions per speech example, and (2) GPT-1124

4o itself and Gemini-1.5-flash attempt to answer1125

these questions using the ground-truth transcrip-1126

tion. Questions where GPT-4o or Gemini-1.5-flash1127

fails to produce correct answers are discarded and1128

regenerated, ensuring robust alignment between1129

audio content and QA pairs1130

B Experiment Setup1131

We keep the default settings (e.g., temperature) for1132

all models referring their official repositories or1133

huggingface pages.1134

"A listening test is to answer the questions based on the audio context, and the 
questions reflect the core information in the audio context. Below is the audio 
context, please generate 3 different questions (depending on the length of the 
context), each should be a 4-option question including the correct answer.  

"The format will be: 
Question: What is 1 + 1?
(A) 1
(B) 2
(C) 3
(D) 4
Correct Answer: [[B]]
Note that to avoid the random guess of the correct answer, other 3 options 
should be similar and confusing in listening."

f"Audio context: {text}"

Figure 6: Prompt for QA generation

ASR Answering LLM Accuracy
Whisper-large-v2 GPT-4o 93.3
Whisper-large-v2 Qwen2-7B 93.1
Whisper-large-v3 GPT-4o 92.3
Whisper-large-v3 Qwen2-7b 92.3
Canary GPT-4o 93.7
Canary Qwen2-7B 93.4

Table 5: Results of same ASR models with different
LLMs in answering QA.

B.1 Validation of Qwen2-7B1135

To ensure the robustness of Qwen2-7B in cascaded1136

approaches, we compared with GPT-4o for several1137

ASR models. As shown in Table 5, Qwen2-7B1138

shows a very closer performance with GPT-4o in1139

QA, as well as a similar model size with end-to-end1140

models for fair comparisons.1141

ASR for end-to-end:

"The transcription of the audio is"

QA for end-to-end:

"Given the audio, what is the correct answer to the question?
Note that if it is confusing to select the correct answer based on the context or 
the information is lost in the context, please select [[E]].
f"{question}"
Correct Answer: "

Figure 7: Prompt for end-to-end models

QA for cascaded LLM:

"Here is an English test, given the question, please select the correct answer 
based on the context. 
Note that if it is confusing to select the correct answer based on the context or 
the information is lost in the context, please select [[E]]."

f"Context: {context}"
f"{question}"

"Correct Answer:"

Figure 8: Prompt for QA generation

B.2 Prompts for end-to-end models 1142

Considering that a model-specific prompt is not 1143

realistic due to the closed training data for some 1144

end-to-end models, we use a unified prompt for 1145

instructing ASR transcription as in Figure 7 1146

B.3 Prompts for cascaded models in QA 1147

Our prompt for instructing cascaded LLMVoices in 1148

QA as in Figure 8. 1149

C Case Study 1150

We manually check the outputs of Desta2 and 1151

LLama3-8B-Instruct to investigate the reason be- 1152

hind unexpectedly high QA accuracy. As shown 1153

in Figure 9 10, in 5-time generations, the hallu- 1154

cination of Llama3-8B-Instruct lies in either giv- 1155

ing a correct answer based on the error ASR or 1156

directly changing the options in QA, and interest- 1157

ingly, this halluciantion is kept by its end-to-end 1158

variant Desta2. 1159

D Complete Results 1160

D.1 WER Results 1161

As in Figure 11 12 13, the WER performance on 1162

each dataset show a consistent tendency as the av- 1163

erage score that cascaded LLMVoice overally show 1164

better performance than end-to-end LLMVoices, and 1165
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"ASR": "We discussed a couple of times competitive landscape, but on your new 
markets like Nordics or Dash, who do you see usually in those markets and do you see 
any fast-growing acquirers in those markets moving from online to in-stores and trying to 
compete on the SMBs or is it not already the case?"
"question": "In which new markets is there a discussion about competitive landscape?", 
"options": "(A) Nordics and Spanish\n(B) Nordics and Dutch\n(C) Dutch and 
French\n(D) Dutch and Italian  ", 
"correct answer": "B", 
"whisper-large-v2_meta-llama/Meta-Llama-3-8B-Instruct_answer": 
[ 
"Based on the context, the correct answer is:\n\n(B) Nordics", 
"Based on the context, I would select:\n\n(A) Nordics and Dash\n\nThe question 
mentions \"Nordics or Dash\" as the new markets where the competitive landscape is 
being discussed.", 
"Based on the context, I would select:\n\n(A) Nordics and Dash", 
"Based on the context, the correct answer is:\n\n(A) Nordics and Dash", 
"Based on the context, the correct answer is:\n\n(A) Nordics and Dash"
]

"question": "In which new markets is there a discussion about competitive landscape?", 
"options": "(A) Nordics and Spanish\n(B) Nordics and Dutch\n(C) Dutch and 
French\n(D) Dutch and Italian  ", 
"correct answer": "B", 
"desta2_desta2_answer": 
[ 
"The correct answer is (B) Nordics and Dash.\n\nThe audio transcript mentions 
\"Nordics\" as one of the new markets, and there is no mention of Dash as a country or 
region. Dash is likely referring to Dashlane, a password manager company.", 
"Based on the audio, the correct answer is (B) Nordics and Dash.", 
"Based on the audio, the correct answer is (B) Nordics and Dash. The speaker mentions 
\"new markets like Nordics or Dash\" in the question.", 
"The correct answer is (B) Nordics and Dash.\n\nThe audio snippet mentions \"Nordics\" 
as one of the new markets, and \"Dash\" is likely a typo or a mistake, as it's not a 
common market name.", 
"Based on the audio, the correct answer is (B) Nordics and Dash." 
]

Figure 9: Left: Llama3-8B-Instruct, Right: Desta2. Red the errors in answering, we find that Llama-8B-Instruct
based on the error ASR even hallucinate to change the option in QA, while Desta2 though answer correctly, still
inherit this hallucination.

"ASR": " and the mixed effect has to do with the fact that the net, not Germany per se, 
but net was more exposed and still more exposed in terms of mix of sectors to the high 
impact sectors in terms of volumes."
"question": "Which entity is mentioned as being more exposed in terms of mix of 
sectors?", 
"options": "(A) Germany  \n(B) Nexi  \n(C) France  \n(D) Italy  ", 
"correct answer": "B", 
"whisper-large-v2_meta-llama/Meta-Llama-3-8B-Instruct_answer": 
[ 
"Based on the context, I would select:\n\n(B) Net", 
"Based on the context, the correct answer is:\n\n(B) Net", 
"Based on the context, I would select:\n\n(B) Net", 
"Based on the context, the correct answer is:\n\n(B) Net", 
"Based on the context, I would select:\n\n(B) Net" 
]

"question": "Which entity is mentioned as being more exposed in terms of mix of 
sectors?", 
"options": "(A) Germany  \n(B) Nexi  \n(C) France  \n(D) Italy  ", 
"correct answer": "B", 
"desta2_desta2_answer": 
[ 
"Based on the given audio, the correct answer is:\n\n(B) Net", 
"Based on the audio transcript, the correct answer is:\n\n(B) Net\n\nThe speaker 
mentions that \"the net, not Germany per se, but net was more exposed in terms of mix 
of sectors to the IE impact sectors in terms of volumes.\" This indicates that the entity 
being referred to is \"net\", which is likely a financial institution or a company, and not 
Germany or any other country.", 
"Based on the audio, the correct answer is (B) Nexi.", 
"Based on the audio, the correct answer is:\n\n(B) Net", 
"Based on the audio transcript, the correct answer is (B) Net." 
]

Figure 10: Left: Llama3-8B-Instruct, Right: Desta2. Red the errors in answering, we find that Llama-8B-Instruct
gives the correct answer but based on the error ASR and also hallucinate to change the option in QA, while Desta2
keeps the same hallucination.
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Figure 11: WER on earning22

GER seems to negatively influence the ASR. We1166

also notice that AnyGPT and Desta2 show much1167

lower performance than other models, with closer1168

check into their outputs, we find that sometimes1169

they can not recognize the voice and provide mean-1170

lingless responses, while their foundation ASR1171

models can succeed in recognizing. This may indi-1172

cate the potential problem in their modality align-1173

ment training.1174
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Figure 12: WER on medasr
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Figure 13: WER on voxpopuli
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Figure 14: Similarity on earning22
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Figure 15: Similarity on medasr

D.2 Similarity Results1175

As in Figure 14 15 16, two architectures become1176

competitive on each dataset, especially for end-to-1177

end-large LLMVoices show strongest performance.1178

Meanwhile, GER transfers to provice positive in-1179

fluence on ASR results by capturing the semantic1180

meaning of the voice inputs.1181

D.3 QA Accuracy Results1182

As in Figure 17 18 19, a interesting tendency occurs1183

that end-to-end-large LLMVoices show the best per-1184

formances in solving multi-choice questions while1185

smaller end-to-end LLMVoices show the worst per-1186

formances, with cascaded LLMVoices lying on the1187

mid. This may indicate that modality alignment1188

need scaling-up data size to train robust speech-text1189

models and better than their cascaded foundation1190

variants.1191

E Scaling Law Normalization1192

We realize that normalize the SIQ based on com-1193

putations in training related to both model size and1194

data size will be a significant step for fairly com-1195

paring various models. This normalization matches1196

the age-aware normalization in computing human1197

IQ, since models trained with less computations1198

AnyGPT Desta2 Baichuan
-omni

Qwen2
-Audio

Salmonn Whisper
-v3

Whisper
-v2

ESPnet Whisper-v2
-5best

 + GPT4o

Gemini-1.5
-Flash

Gemini-1.5
-Pro

Canary
0

20

40

60

80

100

Si
m

ila
rit

y%

72.8
80.5

91.0
94.9 95.1 95.1 95.9 96.3 96.7 97.0 97.1 97.8

Framework
End-to-end
End-to-end-large
ASR+LLM
ASR+GER+LLM

Figure 16: Similarity on voxpopuli
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Figure 17: QA accuracy on earning22
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Figure 18: QA accuracy on medasr
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Figure 19: QA accuracy on voxpopuli
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should be rewarded more SIQ if perform similar or1199

better than larger models, representing the better1200

training strategies in modality alignment. Thus, in1201

our future work we will make efforts to include1202

the scaling law normalization, even considering the1203

fact that the computation cost is sometimes closed1204

to acquire.1205
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