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ABSTRACT

Voice-interactive LLMs can transcribe speech with near-human accuracy and
hold fluent conversations, yet we find they are strikingly unable to reason while
talking. Evaluating 12 voice systems alongside text baselines on Voice Evaluation
of Reasoning Ability (VERA)(2,931 voice-native episodes across five reasoning
tracks), we document a severe and consistent Voice Reasoning Gap (VRG): on
competition mathematics a leading text model achieves 74.8% accuracy while
its voice counterpart reaches only 6.1%; macro-averaged, the best text model
scores 54.0% versus 11.3% for voice. What makes this finding surprising is that
every tested mitigation fails: extended thinking time yields negligible or even
negative gains, and a cascade architecture that decouples a powerful reasoning
backend from a fast narration frontend still falls far short of text parity. Failure
analysis reveals that different architectures do not merely underperform; they
fail in distinct, predictable ways. Streaming models produce fluent but incorrect
responses; cascades introduce grounding errors. These architecture-specific error
signatures point to a fundamental tension between real-time audio streaming and
the iterative computation required for reasoning.

1 INTRODUCTION

Voice assistants powered by large language models are now deployed at scale and facilitate millions
of daily interactions. These systems exhibit impressive surface capabilities: they transcribe speech
accurately, generate fluent responses, and manage turn-taking seamlessly. Given this fluency, one
might reasonably expect that voice LLMs can also reason—solving competition math, synthesizing
web information, answering graduate-level science questions, tracking context over long interactions,
or recalling facts—when asked aloud. However, they cannot. We document a large and consistent
Voice Reasoning Gap (VRG) that we find surprisingly resistant to straightforward mitigations.

For example, GPT-realtime (OpenAI, 2024b) achieves only 6.1% accuracy on mathematical rea-
soning, where its text sibling GPT-5 (OpenAI, 2025b) achieves 74.8%, a 68.7-point collapse that
is representative of a broader pattern across 12 systems and five reasoning domains. The gap is
not subtle: it is the difference between a system that can solve three-quarters of competition math
problems and one that cannot solve any.

Problem. This severe degradation has gone unquantified because existing voice benchmarks evaluate
the wrong capabilities. Benchmarks for audio understanding (Yang et al., 2021; Wang et al., 2024a;
Sakshi et al., 2024; Ma et al., 2025) test whether models can hear; benchmarks for full-duplex
dialogue (Peng et al., 2025; Arora et al., 2025) test whether models can converse. None tests
whether models can think while talking, combining general-purpose reasoning with real-time latency
constraints and cross-modal text–voice comparison (Appendix A). The field has been measuring
fluency and perception while a catastrophic reasoning failure has hidden in plain sight.

Proposed solutions. Several approaches should, in principle, mitigate this gap: (1) allocating
extended “thinking time” before responding, as chain-of-thought prompting does for text (Wei et al.,
2022); (2) cascade architectures that separate a powerful reasoning backend from a fast narration
frontend; (3) end-to-end models that jointly process and generate speech, avoiding information loss
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from modality conversion (Défossez et al., 2024; Xu et al., 2025a); and (4) interleaving reasoning
tokens within the speech token stream so that models can deliberate without breaking audio fluency.

Observed outcome. Using VERA, a diagnostic benchmark of 2,931 episodes across five tracks
(Math, Web, Science, Long-Context, Factual), we evaluate 12 voice systems and find that none of the
first three solutions close the gap; approach (4) has not yet been realized in publicly available systems
and remains untested. Extended thinking time produces negligible or even negative gains. The best
cascade still falls 24.7 points short of its own text backbone. Most voice systems score below 1% on
average. We characterize what the gap looks like, why it persists despite proposed mitigations, and
how different architectures fail in distinct, predictable ways (Figure 1).1

2 EXPERIMENTAL SETUP

Dataset. To measure the VRG, we construct VERA: 2,931 voice-native episodes organized into
five tracks, each designed to isolate a distinct reasoning capability. Mathematical reasoning (115
AIME problems (Mathematical Association of America, 2025)) tests multi-step solution coherence
while speaking. Web-grounded synthesis (1,107 BrowseComp questions (Wei et al., 2025)) evaluates
information integration under streaming constraints. Scientific expertise (161 GPQA Diamond
questions (Rein et al., 2023)) probes graduate-level knowledge access under the cognitive load of
simultaneous speech generation. Long-context memory (548 MRCR episodes (OpenAI, 2025a) with
contexts up to 100K characters) examines state tracking during extended interactions. Factual recall
(1,000 SimpleQA questions (Wei et al., 2024)) serves as a control baseline, isolating architectural
overhead from reasoning complexity.

Episodes are derived via a multi-stage pipeline: a filtering agent screens for voice suitability (no
visual dependence, manageable memory load), a rewriting agent converts text to speakable form
(numbers verbalized, symbols expanded), a held-out validator scores each item on TTS readiness,
conversational naturalness, and reasoning preservation (mean quality 9.0/10), and validated text is
rendered to 24kHz audio. A full manual audit of all 2,931 episodes confirmed semantic preservation
and audio intelligibility (Appendix B).

Diagnostic framework. We formalize the VRG as the expected accuracy difference between text
and voice modalities on a distribution of reasoning tasks T : VRG(T ) = Et∼T [Ptext(t)− Pvoice(t)],
where Ptext and Pvoice represent the best achievable accuracy per modality, measured by comparing
top-performing models from the same family where possible (e.g., GPT-5 vs. GPT-realtime). The
consistency of the gap across 12 heterogeneous systems strongly suggests the underlying challenges
are fundamental (Appendix B).

Models. We evaluate three categories of voice systems: commercial APIs (GPT-realtime, Gemini-
2.5-Flash-Audio, Nova Sonic), open models (Qwen2-Audio, UltraVox, Audio Flamingo 3, Phi-4-
multimodal, Qwen3-Omni), and end-to-end architectures (Moshi, Freeze-Omni, Qwen2.5-Omni).
We benchmark against text-only upper bounds (GPT-4o, GPT-5, Gemini-2.5 Pro/Flash) and a cascade
baseline (LiveAnswer) that assigns reasoning to GPT-5 and narration to Llama-3.3-70B (Meta AI,
2024), explicitly decoupling cognition from verbalization.

Evaluation. Accuracy is assessed via an LLM-as-a-judge protocol with three independent GPT-
4o evaluations per item and majority voting, achieving 97.8% agreement with a single expert
annotator on 1,000 stratified outputs (95% CI: 96.8–98.7%); cross-vendor validation with Gemini-2.5-
Flash achieves 98.7% agreement (Appendix J, K). Speech fidelity is measured by Word Error Rate
(WER) after LLM-based normalization that standardizes spoken mathematical expressions. Failure
analysis employs a 16-category error taxonomy classified by GPT-5, enabling fine-grained diagnostic
comparison across architectures (Appendix O).

3 RESULTS AND ANALYSIS

Why the gap should surprise us. Text reasoning is revisable drafting where models explore
paths, self-correct, and commit only after deliberation (Wei et al., 2022; Wang et al., 2023b). Voice
generation is an irreversible live performance: models must commit to a reasoning path almost

1Code and data: https://github.com/linyueqian/VERA
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Figure 1: Latency–accuracy frontier on VERA. Black circles: text models; blue triangles: voice;
purple square: LiveAnswer cascade. The Pareto frontier reveals a real-time reasoning desert: models
with ≤1.5s response time plateau around 10% accuracy, while approaching text performance (∼54%,
dashed) requires sacrificing real-time interaction.

Table 1: VERA evaluation results. Best text in bold; best voice/cascade underlined. TTFR: time-to-
first-response. †Web search enabled. ‡Cascade baseline.

Model Math Web Science Context Factual Avg. TTFR (s) WER (%)
Commercial APIs
GPT-realtime 6.1 0.8 13.0 9.3 27.4 11.3 2.69 9.6
Gemini-2.5-Flash-Audio† 3.5 1.1 11.2 18.8 17.0 10.3 0.87 7.9
Nova-Sonic 0.0 0.1 0.0 2.6 1.3 0.8 0.94 N/A

Open Voice Models
Qwen2-Audio 0.0 0.4 4.4 0.2 2.1 1.4 1.26 N/A
UltraVox 0.0 0.2 1.2 26.6 1.4 5.9 3.42 N/A
Audio Flamingo 3 0.0 0.3 3.1 3.8 1.5 1.7 2.40 N/A
Audio Flamingo 3 (thinking) 0.0 0.4 4.4 1.8 1.1 1.5 15.14 N/A
Phi-4-multimodal 0.0 0.5 1.2 12.0 2.6 3.3 2.22 N/A
Qwen3-Omni-Instruct 25.2 0.4 40.4 50.2 11.7 25.6 3.51 N/A
Qwen3-Omni-Thinking 33.9 0.6 26.7 24.8 26.3 22.5 5.50 N/A

End-to-End Voice Models
Moshi 0.0 0.2 0.6 0.0 0.8 0.3 0.13 12.2
Freeze-Omni 0.8 0.0 2.8 0.0 0.0 0.7 1.23 19.8
Qwen2.5-Omni 0.0 0.1 1.9 1.4 1.0 0.9 0.06 19.0

Cascade Baseline
LiveAnswer†,‡ 59.1 13.0 31.7 0.2 31.0 27.0 10.50 7.5

Text-Only Upper Bounds
GPT-4o† 10.4 0.8 21.7 12.2 37.5 16.5 1.04 N/A
GPT-5† (effort=low) 74.8 12.3 42.2 80.8 48.3 51.7 4.54 N/A
GPT-5† (effort=high) 63.5 16.4 50.3 90.5 49.5 54.0 35.9 N/A
Gemini-2.5-Pro† 50.4 4.6 44.7 94.3 56.1 50.0 21.10 N/A
Gemini-2.5-Flash† 37.4 3.6 38.5 86.7 31.6 39.6 26.67 N/A

immediately, and once spoken, a token cannot be taken back. This asymmetry creates a structural
disadvantage, but the magnitude of the collapse (40+ points) is what we find difficult to explain.

3.1 OBSERVED OUTCOME: A SEVERE AND UNIVERSAL GAP

Table 1 reveals a stark VRG: an average accuracy drop of 40.4 percentage points that widens with
reasoning complexity. Factual retrieval shows moderate degradation (GPT-5: 48.3% vs. GPT-realtime:
27.4%), but mathematical reasoning exhibits near-total collapse (74.8% vs. 6.1%). This pattern is
universal: the variance within voice models (σ2 = 3.66 on Math) is 171× smaller than between
modalities (σ2 = 625.92), confirming the gap is systemic rather than model-specific. All differences
are statistically significant (p < 0.001, McNemar’s test; Appendix N).

Intra-family comparisons sharpen this finding. Within the GPT family, GPT-5 text maintains ro-
bust multi-domain performance (54% average) while GPT-realtime voice achieves only 11%. The
Gemini family shows a parallel pattern, with text variants at 40–50% versus 11% for voice. Even
architecturally diverse voice models, ranging from audio-encoder designs (Qwen2-Audio) to end-
to-end Thinker–Talker models (Qwen2.5-Omni), remain confined below 5% on Math and Science
(Appendix D), demonstrating that the VRG is universal, not model-specific.
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3.2 REASON FOR FAILURE: WHY EVERY MITIGATION FALLS SHORT
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Figure 2: Failure-mode landscape. Deviation
∆m(c)=p(c | m)−p(c) from baseline per model and
error category. Cool: over-production; warm: under-
production of errors.

Our diagnostic experiments systematically
rule out the most natural explanations for
the VRG, revealing a deeper architectural
conflict between real-time streaming and
complex reasoning.

More thinking time does not help (in
tested models). One would expect that
giving voice models more time to deliber-
ate would improve accuracy. In the two
models we tested, the opposite occurs: Au-
dio Flamingo 3’s thinking mode increases
latency by 530% (2.40s→15.14s) yet ac-
curacy decreases from 1.7% to 1.5% (near
floor; the difference may be noise), and
Qwen3-Omni’s thinking variant drops 3.1
points (22.5% vs. 25.6%), though we note
these comparisons are limited in scope.
Figure 1 confirms that voice systems plateau below ∼10% accuracy regardless of response time,
indicating a ceiling rather than a speed–accuracy trade-off.

Decoupling reasoning from speaking is not enough. The LiveAnswer cascade assigns reasoning
to GPT-5 and narration to Llama-3.3-70B (chosen for its 3.8× lower latency; see Appendix K),
improving accuracy to 27.0% but remaining 24.7 points short of text GPT-5. The narration model
introduces its own failure modes: logical inconsistencies between reasoning and verbalization stages,
and near-total failure on exact-matching tasks (Context: 0.2%).

Audio fidelity is not the bottleneck. Models spanning WER from 7.9% to 19.8% show uniformly
poor reasoning. Comparing audio vs. simultaneous text output shows negligible differences (GPT-
realtime: 11.3% vs. 11.5%), confirming the failure is cognitive, not articulatory (Appendix L, M).
The models can hear and speak just fine; they simply cannot think at the same time.

Different architectures fail in predictably distinct ways. Voice models do not simply under-
perform; they exhibit architecture-specific failure signatures (Figure 2). Native streaming models
(GPT-realtime, Gemini-Flash-Audio) suppress NO FINAL ANSWER and OFF TARGET errors, gen-
erating fluent but incorrect continuations under pressure to maintain conversational flow. Cascade
systems (LiveAnswer) show elevated UNSUPPORTED FACT (+0.27), OFF TARGET (+0.31), and
LOGICAL CONTRADICTION (+0.22), revealing systematic inconsistencies between reasoning and
verbalization stages. End-to-end models diverge maximally: Moshi shows extreme OFF TARGET
(+0.52), while Qwen2.5-Omni shows NO FINAL ANSWER (+0.36). This bimodal pattern (fluent
but wrong, or disengaged entirely) suggests streaming audio generation imposes a binary failure
constraint with no intermediate state permitting iterative refinement.

4 CONCLUSION AND FUTURE DIRECTIONS

We document a Voice Reasoning Gap that resists every tested mitigation: a 40.4-point average
accuracy drop across 12 systems, with near-total collapse on complex reasoning despite strong text
performance from the same underlying models. Different architectures fail in predictably distinct
ways, tracing back to the fundamental tension between irreversible real-time streaming and iterative
reasoning. We note that our comparison conflates modality with latency policy (an iso-latency text
baseline would help disentangle these), and that a stronger narrator in our cascade could narrow the
gap further, though architecture-specific failure signatures suggest fundamental challenges remain.
Architectures must decouple thinking from speaking (Lin et al., 2025c; Chiang et al., 2025), but our
LiveAnswer analysis shows that such decoupled systems must also solve cross-stage consistency.
Until then, voice assistants will remain fluent but unreliable reasoners, and the VRG provides a
reproducible testbed for measuring progress.

4



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

ACKNOWLEDGMENTS

This work was supported in part by NSF 2112562 and ARO W911NF-23-2-0224.

ETHICS STATEMENT

This work evaluates voice-interactive AI systems using a synthetic-speech benchmark (VERA). We
do not collect personally identifiable information; all audio is TTS-rendered from public benchmark
items. A manual audit verified task semantics; speaker-embedding analysis confirmed acoustic
diversity. We frame VERA as a diagnostic tool and discourage safety-critical use. All source datasets
are used under their original licenses.

REPRODUCIBILITY STATEMENT

We release prompts and code for voice adaptation, speech normalization, automated grading, failure
taxonomy classification, and latency measurement. The repository includes scripts to reproduce all
tables and figures, along with metadata for the synthetic audio.

LLM USAGE DISCLOSURE

Large language models were used in this work for dataset adaptation (filtering, rewriting, and valida-
tion prompts), evaluation (LLM-as-a-judge with cross-vendor agreement checks), ASR normalization,
failure-mode attribution, and polishing of the manuscript text. The LiveAnswer cascade uses a
high-capacity text reasoner and a separate narration model. Human audits and cross-model checks
were performed all pipeline outputs; the authors verified results and accept full responsibility.

REFERENCES

Amazon Web Services. Amazon nova sonic — speech-to-speech model. https://aws.amazon.
com/ai/generative-ai/nova/speech/, 2025.

Junyi Ao, Yuancheng Wang, Xiaohai Tian, Dekun Chen, Jun Zhang, Lu Lu, Yuxuan Wang, Haizhou
Li, and Zhizheng Wu. SD-Eval: A benchmark dataset for spoken dialogue understanding beyond
words. In Advances in Neural Information Processing Systems (NeurIPS 2024), Datasets and
Benchmarks Track, 2024. URL https://proceedings.neurips.cc/paper_files/
paper/2024/file/681fe4ec554beabdc9c84a1780cd5a8a-Paper-Datasets_
and_Benchmarks_Track.pdf.

Siddhant Arora, Zhiyun Lu, Chung-Cheng Chiu, Ruoming Pang, and Shinji Watanabe. Talking turns:
Benchmarking audio foundation models on turn-taking dynamics. In Proc. ICLR, 2025. URL
https://openreview.net/forum?id=2e4ECh0ikn.

Boson AI. Higgs audio v2 generation 3b base (model card). https://huggingface.co/
bosonai/higgs-audio-v2-generation-3B-base, 2025.

Yiming Chen, Xianghu Yue, Chen Zhang, Xiaoxue Gao, Robby T. Tan, and Haizhou Li. VoiceBench:
Benchmarking llm-based voice assistants. arXiv preprint arXiv:2410.17196, 2024. URL https:
//arxiv.org/abs/2410.17196.

Xize Cheng, Ruofan Hu, Xiaoda Yang, Jingyu Lu, Dongjie Fu, Zehan Wang, Shengpeng Ji, Rongjie
Huang, Boyang Zhang, Tao Jin, and Zhou Zhao. VoxDialogue: Can spoken dialogue systems un-
derstand information beyond words? In The Thirteenth International Conference on Learning Rep-
resentations (ICLR), 2025. URL https://openreview.net/forum?id=vbmSSIhKAM.
Poster.

Cheng-Han Chiang, Xiaofei Wang, Linjie Li, Chung-Ching Lin, Kevin Lin, Shujie Liu, Zhendong
Wang, Zhengyuan Yang, Hung-yi Lee, and Lijuan Wang. STITCH: Simultaneous thinking and
talking with chunked reasoning for spoken language models. arXiv preprint arXiv:2507.15375,
2025. URL https://arxiv.org/abs/2507.15375.

5

https://aws.amazon.com/ai/generative-ai/nova/speech/
https://aws.amazon.com/ai/generative-ai/nova/speech/
https://proceedings.neurips.cc/paper_files/paper/2024/file/681fe4ec554beabdc9c84a1780cd5a8a-Paper-Datasets_and_Benchmarks_Track.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/681fe4ec554beabdc9c84a1780cd5a8a-Paper-Datasets_and_Benchmarks_Track.pdf
https://proceedings.neurips.cc/paper_files/paper/2024/file/681fe4ec554beabdc9c84a1780cd5a8a-Paper-Datasets_and_Benchmarks_Track.pdf
https://openreview.net/forum?id=2e4ECh0ikn
https://huggingface.co/bosonai/higgs-audio-v2-generation-3B-base
https://huggingface.co/bosonai/higgs-audio-v2-generation-3B-base
https://arxiv.org/abs/2410.17196
https://arxiv.org/abs/2410.17196
https://openreview.net/forum?id=vbmSSIhKAM
https://arxiv.org/abs/2507.15375


I Can’t Believe It’s Not Better Workshop @ ICLR 2026

Yunfei Chu, Jin Xu, Qian Yang, Haojie Wei, Xipin Wei, Zhifang Guo, Yichong Leng, Yuanjun Lv,
Jinzheng He, Junyang Lin, et al. Qwen2-audio technical report. arXiv preprint arXiv:2407.10759,
2024.

Wenqian Cui, Xiaoqi Jiao, Ziqiao Meng, and Irwin King. VoxEval: Benchmarking the knowledge
understanding capabilities of end-to-end spoken language models. In Wanxiang Che, Joyce
Nabende, Ekaterina Shutova, and Mohammad Taher Pilehvar (eds.), Proceedings of the 63rd
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp.
16735–16753, Vienna, Austria, July 2025. Association for Computational Linguistics. ISBN
979-8-89176-251-0. doi: 10.18653/v1/2025.acl-long.818. URL https://aclanthology.
org/2025.acl-long.818/.
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Organization. This Appendix provides the full details of our benchmark, methodology, and additional
analyses. Sections A–G contain material from the extended version of this paper. Sections H–Q
provide supplementary materials.

A RELATED WORK

Existing voice benchmarks, while valuable, have not evaluated the ability of models to perform
general-purpose reasoning through a real-time conversational interface. Instead, prior work has
focused on two distinct areas: a model’s ability to understand the acoustic signal itself, and its ability
to manage conversational mechanics. Benchmarks like SUPERB (Yang et al., 2021), AudioBench
(Wang et al., 2024a), and even more recent ones like MMAU (Sakshi et al., 2024) and MMAR (Ma
et al., 2025), evaluate audio-content understanding, often with reasoning about sound—tasks
such as identifying events from sounds, analyzing acoustic scenes, or answering questions about the
properties of the audio signal. Separately, the spoken language understanding (SLU) and spoken-QA
literature targets mapping speech to meaning, including intent and slot filling, dialog state tracking,
and extractive or conversational QA, with representative corpora such as Spoken SQuAD, ODSQA,
Spoken-CoQA, HeySQuAD, and the SLUE suite (Phase-1/2) (Lee et al., 2018b;a; You et al., 2022;
Wu et al., 2023; Shon et al., 2022; 2023). These datasets assess comprehension of recorded speech
but generally lack explicit real-time constraints and do not provide text-versus-voice comparisons on
reasoning problems. Concurrently, a separate line of work on full-duplex systems (Peng et al., 2025;
Arora et al., 2025) has focused on the mechanics of dialogue, such as turn-taking and interruption
handling, without evaluating the substantive reasoning that must occur within that conversation.
Table 2 provides a comparative overview of representative benchmarks across these areas.

Table 2: Representative benchmarks at a glance. Columns are grouped by primary focus. Legend:
✓present, ●partial, ✗not included.

Capability
SLUE

(Phase-2)
(Shon et al., 2023)

MMAU
(Sakshi et al., 2024)

AudioBench
(Wang et al., 2024a)

FD-Bench
(Peng et al., 2025)

CAVA
(TalkArena Team, 2025)

MMAR
(Ma et al., 2025)

VERA
(Ours)

General Reasoning ✗ ✗ ✗ ✗ ✗ ✗ ✓
Audio Understanding ✗ ✓ ✓ ✗ ● ✓ ✗
Spoken Lang. Understanding ✓ ✗ ✗ ✗ ● ✗ ✗
Modality Comparison ✗ ✗ ✗ ✗ ✗ ✗ ✓
Latency Measurement ✗ ✗ ✗ ✓ ✓ ✗ ✓

Year 2023 2024 2024 2025 2025 2025 2025

As Table 2 illustrates (with a more comprehensive catalog in Table 4), this focus on distinct capa-
bilities has created a clear evaluation gap. The field measures whether a model can hear (Audio
Understanding), understand spoken language, or handle interaction mechanics (full-duplex/latency),
but not whether it can think on general problems while talking. No existing benchmark combines
(1) multi-step, general-purpose reasoning with (2) explicit real-time latency constraints and (3) a
direct, cross-modal text-versus-voice comparison on identical tasks. VERA is the first to occupy
this intersection.

B BENCHMARK DETAILS

B.1 FORMAL DEFINITION AND DIAGNOSTIC FRAMEWORK

We formalize the VRG with a metric that we then operationalize for practical evaluation. For a
distribution of reasoning tasks T , we define the gap as the expected difference in accuracy between
text and voice modalities:

VRG(T ) = Et∼T [Ptext(t)− Pvoice(t)] (1)

where Ptext(t) and Pvoice(t) represent the best achievable accuracy on task t. In practice, we measure
this by comparing top-performing models, using those from the same family where possible (e.g.,
GPT-5 vs. GPT-realtime). For the text reference, we adopt accuracy-oriented text models rather than
voice models with text input, as the latter remain architecturally optimized for low latency and would
conflate modality with latency policy.

Our study provides a diagnostic characterization of the current voice systems’ landscape, not a
controlled experiment designed to prove causality. Because we evaluate heterogeneous commercial
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Math QA

Transcript: Hey, I need some help with 

a math problem I'm working on. There are 

these two quadratic polynomials, let's call 

them P of x and Q of x. The leading 

coefficient for P of x is two, and for Q of x, 

it's negative two. Both of their graphs pass 

through the same two points: sixteen, fifty-

four, and twenty, fifty-three. What I'm 

trying to figure out is, what's the value of P 

of zero plus Q of zero? Can you help me 

work through this?
Answer: 116

Web QA

Transcript: I'm trying to piece together 

some details about an African author who 

sadly passed away in a road accident. When 

he was a kid, he dreamed of becoming a 

police officer, but he ended up lecturing at a 

private university from twenty eighteen until 

his untimely death. In twenty eighteen, he 

mentioned in an interview that he liked 

writing stories that never go out of date. Do 

you know which years he worked as a 

probation officer?
Answer: 1988-96

Science QA

Transcript: Hi, imagine you have two 

quantum states. One has an energy level of E 

one and the other is E two. Now, these states 

last for just a tiny flash of time, like one times 

ten to the minus nine seconds and one times 

ten to the minus eight seconds. I’m curious, 

how different should their energy levels be so 

we can actually tell them apart? Any thoughts 

on the energy difference that would make 

them clearly distinguishable? Answer: 10^-4 eV

Context QA

Previous Context: User: write a short 

news article about lights Assistant: 

"Innovative Lighting Solutions..." [LED, smart 

cities...] User: write a song about faith 

Assistant: [generates song...] User: write a 

short news article about lights  "New 

Innovations in Lighting Technology..." 

[OLEDs, Frankfurt fair...]

Transcript: Can you show me the second 

short news article about lights from earlier?

Answer: 

[Relevant News]

Factual QA

Transcript: Can you tell me who received 

the I triple E Frank Rosenblatt Award in 

twenty ten?

Answer: Michio Sugeno

Figure 3: VERA at a glance. Five representative panels (Math, Web, Science, Long-Context,
Factual) show how items are rewritten for voice while preserving reasoning difficulty.

systems with different architectures and training objectives, we cannot isolate the causal impact of
modality alone. The consistency of the gap across 12 systems strongly suggests that these challenges
are fundamental.

The theoretical basis for the VRG arises from the different operational dynamics of each interface.
Current text-based generation is akin to drafting: models can explore multiple reasoning paths
internally or use chain-of-thought to self-correct before committing to a final answer (Wei et al., 2022;
Wang et al., 2023b). In contrast, voice-native generation is a live performance. To maintain conver-
sational fluency, models must begin generating an irreversible stream of audio almost immediately,
forcing a streaming commitment to an initial reasoning path that may be shallow or flawed.

B.2 VOICE ADAPTATION PIPELINE

To scale beyond hand-authored items, we adapt established text benchmarks using a principled,
multi-stage pipeline (Figure 4). This process is driven by a strong LLM ensemble with deterministic
prompts and fixed roles to ensure reproducibility, preserving task semantics while rigorously enforcing
voice-native constraints (see Section O for full prompts). The pipeline consists of four distinct stages:

Voice suitability filter. For each source question, a filtering agent screens for (i) visual dependence
(must not require diagrams/tables), (ii) audio memory load (3–4 salient entities), (iii) multi-step
structure (interruptible reasoning), and (iv) articulatory feasibility (clear tokenization for TTS). Items
failing any criterion are excluded.

TTS-aware rewriting. A second agent rewrites questions in speakable form: numbers verbalized
(“2024”→“twenty twenty-four”), symbols expanded (“≥”→“greater than or equal to”), and sentences
segmented at prosodic boundaries for clarity. Openings are natural (e.g., “Can we figure out. . . ”)
without altering semantics.

Structured quality validation. A held-out validator, using GPT-4o (OpenAI, 2024a), scores each
episode on TTS readiness, conversational naturalness, and reasoning preservation:

Qtts, Qconv, Qreason ∈ [0, 10], Qoverall = f(Qtts, Qconv, Qreason).

An episode is retained iff Qoverall ≥ τ and Qreason ≥ 7.0, with τ set by track difficulty (7.0–8.5).

Speech generation. Validated text episodes are rendered to 24kHz audio using Higgs-Audio v2
Boson AI (2025), which generates naturalistic speech with automatic variation in timbre, tone, and
emotion based on textual content.

B.3 DATASET COMPOSITION

VERA comprises 2,931 voice-optimized episodes systematically derived from five established
benchmarks, with detailed statistics in Table 3. See Section Q for side-by-side examples.

Mathematical reasoning uses 115 problems from the AIME math competition (Mathematical Asso-
ciation of America, 2025). Web-grounded synthesis has 1,107 questions from BrowseComp (Wei
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(a) Brainstorm

How can voice model respond like Jarvis?

(b) Source Corpora Selection

BrowseComp
(Web)

GPQA
(Science)

MRCR
(Context)

SimpleQA
(Factual)

AIME
(Math)

(c) Voice Suitability Filter

Max Entities

Non-trivial 

No Diagrams

Speakable

(d) TTS-aware Rewriting

60 Sixty

> greater than

x² x squared

Natural openings

No answers given

(e) Quality Validation

(f) Speech Generation

Naturalness

ListenabilityReasoning

Speakability

Neural TTS

Figure 4: Benchmark Construction Pipeline. From brainstorming to final audio generation through
systematic filtering and quality control.

Table 3: VERA composition and adaptation statistics.

Track Episodes Source Dataset Domain Avg. Quality Avg. Duration Speaking Rate
Math 115 AIME 2020-2025 Competition Math 8.9 43.8s 169.5 WPM
Web 1,107 BrowseComp Information Retrieval 9.2 40.2s 172.0 WPM
Science 161 GPQA Diamond Graduate Science 8.9 40.2s 153.7 WPM
Context 548 MRCR Co-reference Resolution 8.0 4.2s 186.1 WPM
Factual 1,000 SimpleQA Knowledge Retrieval 9.4 7.8s 170.1 WPM

Total 2,931 Multi-source Cross-domain 9.0 22.6s 172.9 WPM

et al., 2025). Scientific expertise draws from 161 GPQA Diamond questions (Rein et al., 2023).
Long-context memory uses 548 MRCR episodes (OpenAI, 2025a). Factual recall has 1,000
SimpleQA questions (Wei et al., 2024).

The creation involved filtering approximately 22,000 source items. A full manual audit of all 2,931
episodes confirmed that the semantic structure was preserved and the audio was free of critical
pronunciation errors. An analysis of speaker embeddings using WeSpeaker (Wang et al., 2023a)
verified acoustic diversity (µ = 0.000, σ = 0.120 pairwise cosine similarity).

C EVALUATION METHODOLOGY

Web Search Protocol. Web search was disabled for all models on the Math, Science, Context, and
Factual tracks. For the Web track, models with search capabilities (denoted by † in the main results)
were permitted to use it.

Speech Fidelity Assessment. We evaluate generated speech using Word Error Rate (WER), compar-
ing ASR transcripts against ground truth. Our LLM-based normalizer standardizes both reference
text and ASR transcript to canonical mathematical notation before comparison (see Section I).

Accuracy Evaluation. We use an LLM-as-a-judge protocol (Zheng et al., 2023; Liu et al., 2023)
with GPT-4o as the grader. Each prediction undergoes three independent evaluations with the final
label determined by majority vote.

Failure Analysis. We conduct detailed failure attribution using a 16-category error taxonomy
(Section O). GPT-5 classifies failures spanning knowledge errors, reasoning errors, and understanding
errors.

Human Calibration. GPT-4o’s judgments achieved 97.8% agreement with human evaluation on
1,000 samples (95% CI: 96.8–98.7%). Cross-vendor validation using Gemini-2.5-Flash achieved
98.7% agreement with humans. Details in Section J.

D INTRA-FAMILY ANALYSIS

Figure 5 demonstrates the VRG pattern within model families. Panel (a) shows GPT-5 text main-
taining 54% radar chart coverage while GPT-realtime voice achieves only 11%, with moderate
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(a) GPT: GPT-5 text (high/low ef-
fort) vs. GPT-realtime voice.
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(b) Gemini: Text Pro/Flash vs. Flash
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Figure 5: Modality patterns across model families. (a)–(b) Radar charts comparing text vs voice
models within GPT and Gemini families across five tracks. (c) Horizontal bars showing Qwen voice
model accuracy by track.

0 20 40 60 80 100 120 140
Seconds

Math

Web

Science

Context

Factual

Overall

92s

126s

85s

28s

34s

73s
STT (pre-solver)
LLM+TTS (solver stage)
First audio: STT + TTFRpartial

Figure 6: LiveAnswer cascade latency. Stacked bars show STT (hatched) and LLM+TTS stages.
Diamond marks user-perceived time to first audio. Mean latencies: TSTT=9.68s for speech recognition,
TTTFR=0.83s from STT completion to first audio output, TLLM+TTS=63.40s for complete reasoning
and synthesis.

performance on Factual (27.4%) but severe weakness across reasoning tasks. Panel (b) confirms
generalization to Gemini models, with text variants achieving 40–50% coverage versus 11% for voice.
Panel (c) reveals that diverse voice architectures—including an audio-encoder + LLM text-decoder
design (Qwen2-Audio), an end-to-end Thinker–Talker model (Qwen2.5-Omni), and a Whisper-style
encoder + LLM with on-demand reasoning (Audio Flamingo 3)—remain confined below 5% accuracy
on reasoning tasks (excluding Context).

E LIVEANSWER LATENCY ANALYSIS

As detailed in Figure 6, the time-to-first-response for the LiveAnswer system averages 10.5s, domi-
nated by the Speech-to-Text step. The Llama-3.3-70B narrator was chosen over GPT-5 because it is
3.7× faster (148ms vs. 548ms TTFT), and the additional ≈400ms of “dead air” from GPT-5 would
violate real-time interaction constraints (see Section K for details).
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F FUTURE DIRECTIONS

These findings indicate that achieving human-level reasoning in voice assistants will require architec-
tural innovations beyond incremental improvements. The 40.4 percentage point average gap resists
all conventional solutions, single models show large performance differentials between retrieval and
reasoning, and even architectural decoupling yields an irreducible 15.7-point penalty. The systematic
failure patterns, particularly streaming commitment errors that vary by architecture, mechanisti-
cally explain why incremental improvements cannot bridge this gap. These findings point toward
architectures that must decouple thinking from speaking through an editable internal state separate
from the speech output buffer. This suggests several research directions including asynchronous
architectures (Lin et al., 2025c) where backend reasoning models operate with higher latency while
frontend verbalizers maintain conversational flow, and chunked reasoning with parallel processing
(Chiang et al., 2025) where models use audio playback time to compute next reasoning steps.

G LIMITATIONS

We acknowledge that VERA’s generation pipeline is LLM-driven. To mitigate automation risks, we
performed a manual listening audit of the full dataset. While this confirmed high overall quality, the
adaptation process may introduce minor “conversational compression” (e.g., shortened secondary
details). However, these isolated artifacts are statistically insufficient to explain the large performance
collapse. Our methodology deliberately uses clean, synthetic speech to isolate the reasoning gap
from perception challenges, meaning the VRG we document is a conservative estimate that would
likely widen under real-world acoustic conditions. Finally, our diagnostic findings on latency are
based on the specific architectures of currently available models.

H PREVIOUS BENCHMARKS

Table 4 catalogs the evolution of voice benchmarking from static spoken language understanding tasks
to modern full-duplex evaluations. Prior work has predominantly focused on isolated capabilities:
perception-heavy tasks (e.g., AudioBench (Wang et al., 2024a), MMAU (Sakshi et al., 2024)),
dialogue mechanics (e.g., FD-Bench (Peng et al., 2025)), or offline semantic processing (e.g.,
SLUE (Shon et al., 2023)). VERA uniquely intersects these dimensions by enforcing general
reasoning requirements under real-time latency constraints.

Table 4: Voice benchmark comparison.

Benchmark General
Reasoning

Audio
Understanding

Spoken Lang.
Understanding

Modality
Compare

Latency
Measure Year Test

Samples

Spoken SQuAD (Lee et al., 2018b) ✗ ✗ ✓ ✗ ✗ 2018 5,351
ODSQA (Lee et al., 2018a) ✗ ✗ ✓ ✗ ✗ 2018 3,485
SUPERB (Yang et al., 2021) ✗ ● ✗ ✗ ✗ 2021 10,000+
SLUE (Phase-1) (Shon et al., 2022) ✗ ✗ ✓ ✗ ✗ 2022 5,395
SLUE (Phase-2) (Shon et al., 2023) ✗ ✗ ✓ ✗ ✗ 2023 10,765
Spoken-CoQA (You et al., 2022) ✗ ✗ ✓ ✗ ✗ 2022 3,800
SpokenWOZ (Si et al., 2023) ✗ ✗ ✓ ✗ ✗ 2023 203,074
HeySQuAD (Wu et al., 2023) ✗ ✗ ✓ ✗ ✗ 2023 97,000
AudioBench (Wang et al., 2024a) ✗ ✓ ✗ ✗ ✗ 2024 303,693
AIR-Bench (Yang et al., 2024) ✗ ✓ ✗ ✗ ✗ 2024 21,000
VoiceBench (Chen et al., 2024) ✗ ● ● ✗ ✗ 2024 5,783
MMAU (Sakshi et al., 2024) ✗ ✓ ✗ ✗ ✗ 2024 10,000
SD-Eval (Ao et al., 2024) ✗ ● ✓ ✗ ✗ 2024 7,303
VocalBench (Liu et al., 2025) ✗ ● ✗ ✗ ✗ 2025 7,329
VoxEval (Cui et al., 2025) ✓ ✗ ✓ ✗ ✗ 2025 13,938
MMSU (Wang et al., 2025) ✓ ● ✓ ✗ ✗ 2025 5,000
VoxDialogue (Cheng et al., 2025) ✗ ✓ ✓ ✗ ✗ 2025 4,500
URO-Bench (Yan et al., 2025) ✗ ● ✗ ✗ ✗ 2025 5,000
CAVA (TalkArena Team, 2025) ✗ ● ● ✗ ✓ 2025 6,454
Full-Duplex-Bench (Lin et al., 2025b) ✗ ✗ ✗ ✗ ✓ 2025 727
FD-Bench (Peng et al., 2025) ✗ ✗ ✗ ✗ ✓ 2025 1,493
Full-Duplex-Bench v1.5 (Lin et al., 2025a) ✗ ✗ ✗ ✗ ✓ 2025 727
Talking Turns (Arora et al., 2025) ✗ ✗ ✗ ✗ ✓ 2025 1,500
MultiVox (Selvakumar et al., 2025) ✗ ● ✗ ✗ ✗ 2025 1,000
MMAU-Pro (Kumar et al., 2025) ✗ ✓ ✗ ✗ ✗ 2025 5,305
MMAR (Ma et al., 2025) ✗ ✓ ✗ ✗ ✗ 2025 1,000
SOVA-Bench (Hou et al., 2025) ✗ ✓ ✓ ✗ ✗ 2025 ≈ 40,295

VERA (Ours) ✓ ✗ ✗ ✓ ✓ 2025 2,931
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I ASR TRANSCRIPT NORMALIZATION

To ensure fair comparison between spoken and written mathematical expressions, we employ an LLM-
based normalizer that converts both ASR transcripts and reference texts to canonical mathematical
notation before computing Word Error Rate (WER). We validated this process and confirmed that
it demonstrably reduces errors by standardizing semantically equivalent notations (e.g., “f of x” vs.
“f(x)”) while preserving genuine mathematical mistakes.

I.1 NORMALIZATION APPROACH

We use GPT-4o with a deterministic prompt to normalize spoken mathematical expressions into
standard notation. The normalizer is instructed to:

• Convert spoken numbers to digits (“twenty twenty-four” → “2024”)

• Transform verbal function notation (“f of x” → “f(x)”)

• Standardize mathematical operators (“plus” → “+”, “squared” → “2”)

• Preserve semantic meaning while standardizing format

• Maintain non-mathematical context unchanged

I.2 REPRESENTATIVE NORMALIZATION EXAMPLES

Table 5: Example normalizations applied by the LLM normalizer before WER computation

Input (ASR Output) Normalized Output

P of x equals two x squared plus three x plus one P(x) = 2x2 + 3x + 1
f of sixteen equals fifty four f(16) = 54
The leading coefficient for Q of x is negative two The leading coefficient for Q(x) is -2
twenty twenty four 2024
x plus y minus three x + y - 3
three point five 3.5

This LLM-based normalization ensures that WER reflects genuine transcription errors rather than
superficial formatting differences between spoken and written mathematical expressions.

J HUMAN EVALUATION AND JUDGE VALIDATION

We sampled 1,000 model outputs stratified across tracks (Math: 46, Web: 490, Science: 70, Factual:
394) for human validation. This sample set was drawn from the full pool of model outputs, including
both text-based baselines and voice-native models (processed via ASR). To verify that our primary
automated judge (GPT-4o) is not biased by a single vendor’s logic, we employed Gemini-2.5-Flash
as a secondary, independent judge. Table 6 reports agreement rates.

Table 6: Inter-annotator agreement validating automated judges.

Track Human-Judge(GPT) Human-Judge(Gemini) Judge(GPT)-Judge(Gemini)

Math 100.0% 100.0% 100.0%
Web 99.2% 99.6% 99.2%
Science 84.3% 92.9% 88.6%
Factual 98.2% 98.5% 98.2%

Overall 97.8% 98.7% 98.1%

The near-perfect agreement on Math, Web, and Factual tracks reflects the objective nature of these
tasks. The lower but still strong agreement on Science (84.3–92.9%) captures the greater interpretive
complexity in graduate-level scientific reasoning.
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K MODEL IMPLEMENTATION DETAILS

Below we summarize the models evaluated in VERA. For proprietary systems, we treat them as
black-box APIs and report only interface-level behavior.

K.1 COMMERCIAL VOICE APIS

GPT-realtime. (OpenAI, 2024b) A commercial, full-duplex voice model with streaming audio input
and low-latency speech output. We use it as a native voice baseline.

Gemini-2.5-Flash-audio. (Google Cloud, 2025a) A commercial, low-latency audio-capable model
accessed through a streaming voice endpoint with web search capability enabled.

Nova-Sonic. (Amazon Web Services, 2025) A commercial real-time voice system with streaming
speech in/out.

K.2 OPEN VOICE MODELS

Qwen2-Audio (Chu et al., 2024). A Large Audio-Language Model that processes speech and text
inputs to generate textual outputs.

Audio Flamingo 3 (Goel et al., 2025). An audio-language model supporting in-context learning,
retrieval-augmented generation, and multi-turn dialogues. We evaluate both standard and thinking
mode.

UltraVox. (Fixie AI, 2025) An open-source voice assistant stack (version v0.3,
fixie-ai/ultravox-v0 3).

Phi-4-multimodal. (Microsoft, 2025) A compact multimodal LLM accepting text plus audio inputs.

Qwen3-Omni. (Xu et al., 2025b) An omni-modal model with a Thinker–Talker MoE architecture
supporting speech, text, image, and video understanding with real-time speech generation. We evalu-
ate both the standard Instruct variant and a “thinking” variant that allocates additional computation
before responding.

K.3 END-TO-END VOICE MODELS

Moshi. (Défossez et al., 2024) A real-time speech-in/speech-out model with minimal intermediate
text exposure.

Freeze-Omni. (Wang et al., 2024b) An omni-modal, streaming model with speech input and output.

Qwen2.5-Omni. (Xu et al., 2025a) An omni model supporting speech, text, and vision.

K.4 TEXT-ONLY UPPER BOUNDS

GPT-4o. (OpenAI, 2024a) A multimodal model evaluated in text-only mode with web search enabled.

GPT-5 (effort=low/high). (OpenAI, 2025b) A reasoning model where “effort” denotes a higher
decode-time compute budget.

Gemini-2.5-Pro/Flash. (Google Cloud, 2025b;a) Text-only language models with web search
enabled.

K.5 CASCADE BASELINE: LIVEANSWER

The LiveAnswer system decouples reasoning from narration. The Core Reasoner (GPT-5) handles
problem-solving via its responses endpoint with tools (web search, code interpreter), producing
structured “thoughts.” The Narration Synthesizer (Llama-3.3-70B-Instruct (Meta AI, 2024) via
Groq) generates fluid spoken explanations using a state-driven approach:

• Initial Response: Immediate acknowledgment before the Core Reasoner produces its first thought.
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• Incremental Updates: The synthesizer operates on a “pull” mechanism, requesting new text chunks
(max token = 32) when remaining playable audio drops below a threshold (time margin =
10.0s). It generates filler text if the buffer runs low but no new thoughts are available.

• Final Explanation: Once the Core Reasoner signals completion, the synthesizer generates a
comprehensive final explanation using a larger token budget.

Narrator Latency Justification. Llama-3.3 was chosen over GPT-5 for narration due to latency:

Table 7: Time-to-First-Token (TTFT) latency comparison for the Narration Synthesizer role.

Model Mean TTFT (ms) Median TTFT (ms)
Llama-3.3-70B-Instruct (via Groq) 155.95 148.41
GPT-5 589.23 547.64

Llama-3.3 is 3.78x faster than GPT-5. Using GPT-5 for narration would add ≈400ms of “dead air”
after ASR handoff.

End-to-End Pipeline. (1) User speech is transcribed by Azure Speech-to-Text; (2) text is sent to
the Core Reasoner (GPT-5); (3) the Narration Synthesizer (Llama-3.3) generates ongoing narration
from the thought stream; (4) narration is rendered by Azure Text-to-Speech.

K.6 EVALUATION INFRASTRUCTURE

Grader. GPT-4o with three-way majority voting.

WER Analysis. ASR on model-generated speech with LLM-based normalization.

Configuration Notes. Streaming and full-duplex enabled when supported. No web tools beyond
native model capabilities (except Web track).

Hardware Platform. Open-source model inference on NVIDIA A100 GPUs. Commercial API
requests from the same institutional network.

L SIMULTANEOUS TEXT VS. VOICE ACCURACY

To diagnose whether the VRG stems from speech synthesis or recognition artifacts, we compared
accuracy of audio output (transcribed via ASR) against simultaneous text output from dual-modal
systems.

Table 8: Voice Output (ASR) vs. Simultaneous Text Output. The consistency confirms reasoning
failures occur before the output stage.

Model Voice Acc. Text Acc. Diff (∆)
GPT-realtime 11.3% 11.5% +0.2%
Gemini-2.5-Flash-Audio 10.3% 10.4% +0.1%
Qwen2.5-Omni 0.9% 0.9% 0.0%
Freeze-Omni 0.7% 1.7% +1.0%
Moshi 0.3% 0.6% +0.3%

The negligible differences confirm that the reasoning degradation is intrinsic to the generation process
under voice constraints, not a loss during verbalization.

M INPUT MODALITY ABLATION

To determine if the VRG is caused by information loss during audio processing, we compared
performance with audio inputs versus text inputs.
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Table 9: Impact of Input Modality on Reasoning Accuracy. Low scores on text input confirm the gap
is a reasoning failure, not a perception failure.

Model Input Math Web Science Context Factual Avg.

Qwen2-Audio Voice 0.0 0.4 4.4 0.2 2.1 1.4
Text 0.0 0.2 0.6 1.8 2.4 1.0

UltraVox Voice 0.0 0.2 1.2 26.6 1.4 5.9
Text 0.9 0.1 2.5 30.7 2.8 7.4

Performance remains low with text input, reinforcing that the reasoning deficit is intrinsic to the
model architectures used for voice agents.

N STATISTICAL VALIDATION

All comparisons use McNemar’s test with bootstrap confidence intervals (10,000 iterations).

Table 10: Statistical significance of voice-text performance gaps

Comparison Gap (%) 95% CI p-value N

Primary comparison
GPT-5 vs GPT-realtime 40.4 [37.7, 43.2] < 0.001 2,931

Controlled comparisons
GPT-5 vs LiveAnswera 24.7 [22.2, 27.2] < 0.001 2,931
Gemini text vs voiceb 39.7 [37.0, 42.4] < 0.001 2,931

aLiveAnswer uses GPT-5 for reasoning with voice I/O wrapper
bGemini-2.5-Pro vs Gemini-2.5-Flash-audio

Table 11: Track-by-track statistical analysis for GPT-5 vs GPT-realtime

Track N Text Acc Voice Acc Gap (%) p-value

Math 115 74.8% 6.1% 68.7 < 0.001
Web 1,107 12.3% 0.8% 11.5 < 0.001
Science 161 42.2% 13.0% 29.2 < 0.001
Context 548 80.8% 9.3% 71.5 < 0.001
Factual 1,000 48.3% 27.4% 20.9 < 0.001

All primary comparisons are highly significant (p < 0.001). The Web track shows no significant
difference in the LiveAnswer comparison (p = 0.636), likely due to low baseline performance in
both modalities.

O PROMPTS

O.1 FILTER PROMPT

1 Evaluate if this question is suitable for testing a voice AI’s
capabilities.

2
3 Question: {question}
4 Answer: {answer}
5 Task Type: {task_type} [FACTUAL_RECALL | REASONING | MATHEMATICAL |

RETRIEVAL]
6
7 OBJECTIVE: Test real-time voice system’s ability to handle this task

through natural conversation.

18



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

8
9 CAPABILITY REQUIREMENTS BY TYPE:

10 - FACTUAL_RECALL: Direct knowledge retrieval, short-form answers
11 - REASONING: Multi-step inference, temporal/conditional logic,

comparative analysis
12 - MATHEMATICAL: Algebraic manipulation, geometric reasoning, calculations
13 - RETRIEVAL: Long-context reference, specific content location
14
15 VOICE FEASIBILITY CHECK:
16 - Can the question be clearly understood when spoken aloud?
17 - Can the answer be naturally stated in conversation?
18 - Doesn’t require visual elements (charts, diagrams, complex notation)
19 - Memory load is reasonable for audio-only interaction
20 - Technical terms/formulas can be pronounced clearly
21 - Response length appropriate for voice
22
23 SPECIAL CONSIDERATIONS:
24 - Mathematical expressions must be verbally conveyable
25 - Long contexts (>500K chars) are impractical for voice
26 - Complex visual proofs or diagrams cannot be adapted
27 - Ambiguous pronunciations should be avoided
28
29 ACCEPT: Questions that can be naturally asked and answered through speech
30 REJECT: Questions requiring visual elements or incomprehensible when

spoken
31
32 Response (YES/NO and brief reason):

O.2 ADAPTATION PROMPT

1 Transform this question into natural conversational speech optimized for
Text-to-Speech (TTS) while preserving the exact task requirements.

2
3 Original: {question}
4 Answer: {answer}
5 Task Type: {task_type} [FACTUAL_RECALL | REASONING | MATHEMATICAL |

RETRIEVAL]
6
7 GOAL: Create a natural question someone would ask a voice assistant that

sounds perfect when spoken and maintains the same challenge level.
8
9 TTS OPTIMIZATION RULES:

10 - Write ALL numbers as words: "2023" -> "twenty twenty-three", "1.5" -> "
one point five"

11 - Handle acronyms correctly:
12 * Pronounced as words: NASA, UNICEF, NATO (keep as-is)
13 * Spelled out: "IEEE" -> "I triple E", "FBI" -> "F B I"
14 - Convert symbols: "%" -> "percent", "$" -> "dollars", "&" -> "and"
15 - Convert units: "5km" -> "five kilometers", "30C" -> "thirty degrees

Celsius"
16 - Mathematical notation: "xˆ2" -> "x squared", "sqrt(n)" -> "square root

of n"
17
18 CONVERSATIONAL STYLE:
19 Opening variations (rotate through these naturally):
20 - "Do you know..." / "Can you tell me..." (for factual)
21 - "I’m curious about..." / "I was wondering..." (for general)
22 - "Can you help me figure out..." / "I need help with..." (for problems)
23 - "I’m trying to find..." / "Earlier you mentioned..." (for retrieval)
24
25 Requirements:
26 - Use everyday language, not formal written style
27 - Sound like genuine speech, not a quiz
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28 - Add natural context without changing the core question
29 - Avoid repetitive patterns across multiple questions
30
31 PRESERVE EXACTLY:
32 - The specific information being requested
33 - The difficulty/complexity level
34 - All constraints and requirements
35 - Mathematical/logical relationships
36 - The expected answer should remain identical
37
38 CRITICAL: DO NOT include the answer or hints in the adapted question
39
40 ADAPTED QUESTION (TTS-optimized natural speech):

O.3 QUALITY CHECK PROMPT

1 Score this voice-adapted question across all quality dimensions.
2
3 Original: {original}
4 Adapted: {adapted}
5 Answer: {answer}
6 Task Type: {task_type}
7
8 EVALUATION CRITERIA:
9

10 1. TTS OPTIMIZATION (1-10):
11 - Are ALL numbers written as words?
12 - Are symbols and abbreviations spelled out?
13 - Are mathematical expressions speakable?
14 - Is pronunciation unambiguous?
15
16 2. CONVERSATIONAL QUALITY (1-10):
17 - Does it sound natural when spoken?
18 - Would someone actually say this?
19 - Is the tone appropriate for voice interaction?
20 - Are the openings varied and natural?
21
22 3. TASK PRESERVATION (1-10):
23 - Is the exact same problem/question being asked?
24 - Is the difficulty level maintained?
25 - Are all constraints preserved?
26 - Would the same answer still be correct?
27
28 4. VOICE CLARITY (1-10):
29 - Is it clear when heard without seeing it?
30 - Is the memory load reasonable for audio?
31 - Are references unambiguous?
32 - Can it be understood in one hearing?
33
34 QUALITY THRESHOLDS:
35 - Score >= 8: Excellent adaptation
36 - Score 6-7: Acceptable with minor issues
37 - Score < 6: Needs revision
38
39 Provide scores (1-10) for each dimension.
40
41 Output format:
42 TTS: X, Conv: X, Task: X, Clarity: X, Overall: X

O.4 GRADING PROMPT

1 Evaluate the correctness of a predicted answer against ground truth.
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2
3 Question: {question}
4 Ground Truth: {ground_truth}
5 Predicted Answer: {predicted_answer}
6 Task Type: {task_type} [FACTUAL | MATHEMATICAL | REASONING | RETRIEVAL]
7
8 Assign grade: [CORRECT | INCORRECT | NOT_ATTEMPTED]
9

10 GRADING CRITERIA:
11
12 CORRECT - All of the following must be true:
13 - Contains all important information from ground truth
14 - No factual contradictions with ground truth
15 - Semantic meaning matches (ignore formatting/capitalization)
16 - Hedging/uncertainty is OK if correct answer is included
17 - For numbers: correct to last significant figure
18 - For retrieval: contains exact substring (case-insensitive)
19
20 INCORRECT - Any of the following:
21 - Contains factual errors or contradictions
22 - Missing critical information
23 - Wrong numerical answer (beyond rounding tolerance)
24 - For retrieval: paraphrased instead of exact match
25 - Conflicting multiple answers given
26
27 NOT_ATTEMPTED - All of the following:
28 - No direct contradiction with ground truth
29 - Important information is missing/incomplete
30 - Admits inability to answer
31 - Requests clarification without attempting answer
32
33 Grade (return ONLY one letter):
34 A = CORRECT
35 B = INCORRECT
36 C = NOT_ATTEMPTED
37
38 Response: [A/B/C]

O.5 FAILURE ANALYSIS PROMPT

1 Analyze model errors using standardized taxonomy.
2
3 Question: {question}
4 Expected Answer: {expected}
5 Model Answer: {model_answer}
6 Context: {context}
7 Is Voice Model: {is_voice} [YES/NO]
8
9 For voice models, consider transcription artifacts vs content errors.

10
11 ERROR TAXONOMY (multi-select):
12
13 KNOWLEDGE ERRORS:
14 - UNSUPPORTED_FACT: Factually wrong or contradicts prompt
15 - OFF_TARGET: Answers different question
16 - ENTITY_CONFUSION: Wrong person/place/object
17 - TEMPORAL_QUANTITY_ERROR: Wrong date/number/unit
18
19 REASONING ERRORS:
20 - COMPUTATION_ERROR: Math/arithmetic mistake
21 - FORMULA_MISAPPLICATION: Wrong method/theorem
22 - LOGICAL_CONTRADICTION: Self-contradictory
23 - CONSTRAINT_VIOLATION: Breaks stated rules
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24 - INCOMPLETE_COVERAGE: Missing required parts
25
26 OUTPUT ERRORS:
27 - TYPE_MISMATCH: Wrong format (asked int, gave text)
28 - NO_FINAL_ANSWER: No clear conclusion given
29 - NOT_ATTEMPTED: Refuses or gives non-answer
30 - CONTENT_MISMATCH: Wrong topic/format
31
32 UNDERSTANDING ERRORS:
33 - MISUNDERSTANDING: Misinterprets question
34 - FABRICATED_CONTEXT: Invents non-existent context
35
36 META:
37 - OTHER: Specify new category needed
38
39 ANALYSIS REQUIREMENTS:
40 1. Identify all applicable error types
41 2. Provide confidence score (0.0-1.0)
42 3. Brief rationale (<30 chars)
43 4. Evidence snippets from answer
44
45 OUTPUT FORMAT (JSON only):
46 {
47 "labels": [
48 {"name": "ERROR_TYPE", "confidence": 0.85},
49 {"name": "OTHER", "confidence": 0.6, "proposed_label": "NEW_TYPE"}
50 ],
51 "brief_rationale": "concise explanation",
52 "evidence": ["snippet1", "snippet2"]
53 }
54
55 Use ONLY the exact label names above.
56 Start with { and end with }.

P DATASET SELECTION CRITERIA

This appendix details the specific implementation of the “Voice Suitability Filter” described in
Section B.2. For each track, we apply domain-specific criteria to rigorously select episodes that are
feasible for voice interaction while preserving the original reasoning difficulty.

P.1 MATHEMATICAL REASONING (AIME)

Source: 120 problems from AIME 2020-2025 (8 examination sittings)
Excluded: 5 problems requiring geometric diagrams or extensive symbolic manipulation
Retained: 115 problems
Key constraints: Integer answers in range [0, 999] for pronunciation clarity
Verbalization example: x2 + 3x− 2 rendered as “x squared plus three x minus two”

P.2 WEB-GROUNDED SYNTHESIS (BROWSECOMP)

Source: 1,255 human-authored multi-hop reasoning questions
Filtering criteria:

• Temporal stability: 87 questions removed (answers change post-2023)
• Visual dependency: 51 questions removed (require tables/charts/diagrams)
• Voice feasibility: 10 questions removed (evidence chains unnatural for speech)

Retained: 1,107 episodes
Adaptation: URL citations transformed to spoken attributions (e.g., “according to a 2014 journal
article”)

22



I Can’t Believe It’s Not Better Workshop @ ICLR 2026

P.3 SCIENTIFIC EXPERTISE (GPQA DIAMOND)

Source: 198 questions from GPQA Diamond subset
Domain distribution: Physics (61), Chemistry (52), Biology (48)
Excluded: 37 questions with visual dependencies (chemical structures, circuit schematics, complex
derivations)
Retained: 161 questions
Performance baseline: PhD experts 65%, skilled non-experts with web access 34%
Notation adaptation: H2SO4 verbalized as “H two S O four”

P.4 LONG-CONTEXT MEMORY (MRCR)

Source: 2,400 synthetic conversations from Multi-Round Coreference Resolution
Context length filter: Episodes with contexts up to 100,000 characters
Temporal constraint: Source materials from 2022-2025
Key adaptation: Random identifiers replaced with natural ordinal references (“the second poem about
nature”)
Retained: 548 episodes

P.5 FACTUAL RECALL BASELINE (SIMPLEQA)

Source: 4,326 fact-seeking questions with unambiguous answers
Selection criteria:

• Answer brevity: Responses under 10 spoken words
• Pronunciation clarity: No ambiguous terms or homophones
• Temporal stability: No rapidly changing statistics
• Acoustic distinctiveness: Clear across varying synthesis qualities

Retained: 1,000 episodes
Purpose: Control baseline to isolate voice interaction overhead

Q DATASET ADAPTATION EXAMPLES

To ensure fairness between text and voice modalities, we adapted source questions to be “speakable”
while rigorously preserving their logical structure and difficulty. We validated this process by
measuring the Word Error Rate (WER) between the ASR transcription of the generated audio and the
ground truth script, achieving a normalized WER of 3.1%, indicating high articulatory precision.

Table 12 presents specific examples from the dataset. Note how mathematical notation (e.g., P (0)),
scientific units (10−9), and citations are transformed into natural speech patterns without losing
semantic precision.
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Table 12: Actual examples from the VERA dataset showing the adaptation from Source Benchmarks
to Voice Scripts.

Track Original Text (Source) Adapted Voice Script (Input)
Math
(AIME)

Quadratic polynomials P (x) and Q(x) have
leading coefficients 2 and −2, respectively.
The graphs of both polynomials pass through
the two points (16, 54) and (20, 53). Find
P (0) +Q(0).

Hey, I need some help with a math prob-
lem I’m working on. There are these two
quadratic polynomials, let’s call them P of
x and Q of x. The leading coefficient for P
of x is two, and for Q of x, it’s negative two.
Both of their graphs pass through the same
two points: sixteen, fifty-four, and twenty,
fifty-three. What I’m trying to figure out is,
what’s the value of P of zero plus Q of zero?

Science
(GPQA)

Two quantum states with energies E1 and
E2 have a lifetime of 10−9 sec and 10−8 sec,
respectively. [...] Which one of the following
options could be their energy difference so
that they can be clearly resolved?

I’m trying to understand something about
quantum physics. Imagine you have two
quantum states. One has an energy level of E
one and the other is E two. Now, these states
last for just a tiny flash of time, like one times
ten to the minus nine seconds and one times
ten to the minus eight seconds. I’m curious,
how different should their energy levels be
so we can actually tell them apart?

Web
(Browse)

[...] In 2018, this author spoke about writing
stories that have no sell by date in an inter-
view. One of his books was selected to be
a compulsory school reading in an African
country in 2017. Which years did this author
work as a probation officer?

[...] In twenty eighteen, he mentioned in
an interview that he liked writing stories
that never go out of date. One of his books
was chosen as a must-read in schools in an
African country back in twenty seventeen.
Do you know which years he worked as a
probation officer?

Context
(MRCR)

[User is given a long conversation history
with 100 messages containing various gener-
ated documents (emails, news articles, etc.)
and must retrieve specific items by refer-
ence.]

Can you show me the second short news
article about lights from earlier?

Factual
(SimpleQA)

Who requested the Federal Aviation Ad-
ministration (FAA) implement a 900 sq
mi (2, 300 km2) temporary flight restriction
zone over the operations areas of the Deep-
water Horizon?

Can you tell me who asked the Federal Avia-
tion Administration to set up a nine hundred
square mile temporary flight restriction zone
over the Deepwater Horizon operations area?
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