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Abstract

Reasoning is now central to modern founda-
tion models, but remains underdeveloped in the
audio modality. Unlike text transcripts, audio
contains not only words but also vocal cues,
background events, and temporal patterns, all
of which can be necessary for reliable inference.
This survey presents the first dedicated synthe-
sis of audio reasoning in multimodal founda-
tion models. We formulate audio reasoning as
reasoning-augmented generation grounded in
acoustic evidence, distinguishing it from con-
ventional audio understanding. We then orga-
nize existing work around two core settings:
Audio-to-Text reasoning, where models infer
textual answers from acoustic input, and Audio-
to-Speech reasoning, where models reason be-
fore or during speech generation under latency
constraints. Finally, we summarize evaluation
practices and challenges in acoustic grounding,
shortcut learning, modality hallucination, and
latency-constrained interaction.

1 Introduction

Reasoning has become a central capability of mod-
ern foundation models (Wei et al., 2022; Li et al.,
2025c). For instance, DeepSeek-R1 achieves supe-
rior performance on verifiable tasks such as mathe-
matics and coding competitions (Guo et al., 2025a).
In Large Language Models (LLMs), Chain-of-
Thought (CoT) have substantially improved perfor-
mance on complex tasks such as mathematics, cod-
ing, and logical problem solving (Snell et al., 2025;
Wu et al., 2025d). In contrast, despite the rapid
progress of Audio Foundation Models (AFMs),
reliable audio reasoning remains far less under-
stood (Arora et al., 2025; Sakshi et al., 2025).

Advancing audio reasoning is important for two
reasons. First, audio is not merely an alternative
carrier of textual content. It also encodes rich

*Equal contribution.

paralinguistic and environmental signals, such as
prosody, speaker state, emotion, overlap, temporal
dynamics, and background events, that are often
essential for reliable inference but are partially or
entirely lost in text transcription (Ao et al., 2024;
Guo et al., 2025b). Second, cascaded ASR–LLMs–
TTS pipelines separate transcription, reasoning,
and speech synthesis, often delaying responses
and disrupting natural dialogue (Fang et al., 2025;
Zhang et al., 2025c). This motivates audio reason-
ing models that operate directly on acoustic signals
and generate timely spoken responses. Figure 1
highlights the rapid growth of audio reasoning stud-
ies, motivating a dedicated survey.

These gaps also expose a limitation of the exist-
ing survey literature. Recent surveys on audio large
language models (Su et al., 2025), speech language
models (Cui et al., 2025b; Arora et al., 2025), mul-
timodal alignment (Wang et al., 2025e), real-time
speech interaction (Wang et al., 2025d), and evalua-
tion pipelines (Yang et al., 2025b; Peng et al., 2025)
have provided valuable overviews of the broader
audio foundation model landscape. However, they
typically treat reasoning as an auxiliary capability
rather than a central research problem, and there-
fore do not systematically examine how audio rea-
soning should be formulated, grounded, trained,
and evaluated. Meanwhile, surveys on multimodal
CoT reasoning discuss reasoning across modalities
at a higher level (Latif et al., 2023), but do not focus
on the audio-specific challenges of acoustic ground-
ing, spoken response generation, and latency-aware
interaction. As a result, the field still lacks a dedi-
cated synthesis that centers audio reasoning itself.
To the best of our knowledge, this is the first survey
specifically devoted to audio reasoning.

However, incorporating reasoning into AFMs is
not simply transferring CoT techniques from text
or vision (Sprague et al., 2025; Gao et al., 2025).
Audio reasoning raises modality-specific research
questions about acoustic grounding, output modal-
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Figure 1: Timeline of representative audio reasoning models. Models are organized chronologically and grouped
by major paradigms, including Audio-to-Text reasoning and Audio-to-Speech reasoning.

ity, and interaction latency. One central question
is how models can deeply understand and reason
over acoustic information, including speech con-
tent, paralinguistic cues, background events, and
temporal dynamics. This motivates Audio-to-Text
reasoning, where models infer textual answers from
audio inputs while grounding their reasoning in
acoustic evidence rather than relying only on tran-
scripts (Section 3). Another central question is how
reasoning can support natural speech interaction.
This motivates Audio-to-Speech reasoning, where
models must generate spoken responses while bal-
ancing reasoning depth with the latency constraints
of real-time dialogue (Section 4). As shown in
Figure 2, we first formalize these settings under a
unified formulation of reasoning-augmented gener-
ation over acoustic evidence (Section 2), and then
use this taxonomy to organize existing methods,
evaluation practices, and open challenges (Sec-
tions 5 and 6). For completeness, Appendix A
provides supplementary background on the archi-
tectural and foundations of audio reasoning models.

2 Notations and Problem Formulations

We introduce a compact formulation for the two
settings in this survey: Audio-to-Text reasoning
and Audio-to-Speech reasoning. Let A = {at}Ta

t=1

denote the audio input, X = {xn}Nn=1 denote the
text instruction, R = {rk}Kk=1 denote the reason-
ing trajectory, Y = {ym}Mm=1 denote the text out-
put, and S = {sℓ}Ls

ℓ=1 denote the speech-token
output. We use O ∈ {Y,S} as a generic output
and C = (A,X) as the audio-instruction context.

Audio understanding models often directly pre-
dict the output: P (O | C). In contrast, audio

reasoning introduces an intermediate trajectory:

P (R,O | C) = P (R | C)P (O | C,R). (1)

This distinction separates direct audio under-
standing from reasoning-augmented generation
grounded in acoustic evidence.

3 Audio-to-Text Reasoning

Audio-to-text reasoning aims to infer textual an-
swers from audio inputs through intermediate rea-
soning grounded in acoustic evidence, including
speech content, paralinguistic cues, and environ-
mental sounds. Given audio A and instruction X,
the model produces a textual response Y. While
direct audio understanding estimates P (Y | C),
reasoning models introduce a trajectory R:

P (R,Y | C) = P (R | C)P (Y | C,R). (2)

This formulation highlights the central requirement
of audio-to-text reasoning: the final answer should
be derived from the instruction and acoustic infor-
mation, rather than from text priors alone.

3.1 Audio-to-Text Reasoning Methods
Existing methods mainly adapt CoT reasoning to
Large Audio Language Models (LALMs) through
three learning paradigms: inference-time prompt-
ing, supervised fine-tuning (SFT), and reinforce-
ment learning (RL).

3.1.1 Inference-Time CoT Reasoning Methods
Inference-time CoT methods elicit intermediate
reasoning during decoding without updating model
parameters. Audio-CoT (Ma et al., 2025a) pro-
vides an early systematic study, comparing Manual-
CoT with hand-written exemplars, Zero-Shot-CoT
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with task-agnostic prompts such as “Let’s think
step by step”, and Desp-CoT, which first gener-
ates an audio description before reasoning. The
study shows that explicit reasoning can improve
easy and medium-difficulty tasks, but may con-
fuse models on harder problems. SAR-LM (Taheri
et al., 2025) follows a related symbolic reasoning
direction by converting complex audio signals into
human-readable textual descriptions before down-
stream reasoning.

3.1.2 SFT-Based CoT Reasoning Methods
SFT-based CoT methods train LALMs on curated
datasets that pair audio inputs with multi-step rea-
soning chains and final answers. Their effective-
ness is largely determined by data construction,
since models directly learn from the provided rea-
soning sequences. For example, Audio-Reasoner
(Xie et al., 2025a) constructs CoTA, a large-scale
dataset whose chains include planning, captioning,
reasoning, and summarization, guiding models to
first extract relevant acoustic information and then
derive answers from it. Audio Flamingo Sound-
CoT (Kong et al., 2025) further argues that reason-
ing chains generated only from text-based LLMs
(TLMs) and audio captions can be noisy or halluci-
nated, and instead uses TLM–LALM collaboration
to decompose questions and verify audio-grounded
intermediate answers. In its BFS-style construc-
tion, the TLM decomposes the original question
into sub-questions and the LALM answers each
sub-question from the audio; in its DFS-style con-
struction, the TLM and LALM interact over mul-
tiple rounds until the reasoning chain reaches a
confident conclusion. This collaboration makes the
generated CoT less dependent on caption-only sur-
rogates and better aligned with acoustic evidence.

Overall, SFT-based CoT methods are driven by
the quality and structure of annotated reasoning

Table 1: Types of Rewards used by RL-Based Audio-to-
Text Reasoning Methods. Acc: Accuracy; Con: Consis-
tency; Fmt: Format; Len: Length; Qual: Quality.

Models Acc Con Fmt Len Qual

Step-Audio 2 ✓ ✗ ✗ ✓ ✗

Audio-Thinker ✓ ✓ ✓ ✗ ✓

CESAR ✓ ✓ ✓ ✓ ✗

Omni-AutoThink ✓ ✗ ✓ ✗ ✗

Covo-Audio ✓ ✓ ✓ ✗ ✓

R1-AQA ✓ ✗ ✓ ✗ ✗

Omni-R1 ✓ ✗ ✗ ✗ ✗

Sheng et al. ✓ ✗ ✗ ✓ ✗

Wijngaard et al. ✓ ✗ ✓ ✗ ✗

SARI ✓ ✗ ✓ ✗ ✗

Omni-CLST ✓ ✗ ✓ ✗ ✗

AudioMCQ ✓ ✗ ✗ ✗ ✗

AudSemThinker ✓ ✗ ✓ ✓ ✗

Step-Audio R1 ✓ ✗ ✓ ✗ ✗

Audio-DeepThinker ✓ ✓ ✓ ✗ ✓

chains; additional datasets and generation pipelines
are discussed in Section B. However, even well-
designed SFT data may teach models to imitate
reasoning patterns rather than internalize general-
izable logic, motivating RL-based approaches that
optimize reasoning behavior more directly.

3.1.3 RL-Based CoT Reasoning Methods

RL-based CoT methods optimize reasoning behav-
ior more directly, often after SFT, by rewarding
correct, faithful, and useful intermediate reasoning.
Their motivation is inherited from RL for verifi-
able reasoning in text LLMs, but audio introduces
additional challenges because the input is contin-
uous, temporally structured, and only partially re-
coverable from transcripts. Early studies show both
promise and limitations. R1-AQA (Li et al., 2025a)
reports that RL can outperform SFT on audio rea-
soning, but also finds that while CoT tokens are
helpful at inference time, they may fail to help un-
der GRPO training. Omni-R1 (Rouditchenko et al.,
2025) further shows that many MMAU (Sakshi
et al., 2024b) audio QA examples can be solved
from text alone, and that text-only RL fine-tuning
can improve audio QA accuracy. These findings
suggest that audio reasoning requires task designs
and training objectives that explicitly test reliance
on acoustic evidence rather than simply transfer-
ring text-domain RL recipes.

Recent RL methods therefore focus on three de-
sign issues. First, difficulty-aware training ad-
justs optimization according to problem difficulty.
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One line of work estimates difficulty with external
or backbone models and then applies curriculum
learning, such as first training on easier examples
before expanding to the full data distribution (Wi-
jngaard et al., 2025b; Wen et al., 2025). Another
line treats easy and hard examples differently dur-
ing RL: Omni-AutoThink (Yang et al., 2025c) and
Omni-CLST (Zhao et al., 2025) reduce or remove
reasoning-token losses for easy questions, while
Sheng et al. (Sheng et al., 2025) use attention en-
tropy over audio tokens as a difficulty signal and
reward longer reasoning on harder examples. This
reflects a common intuition: unnecessary CoT may
add noise for simple audio questions, whereas dif-
ficult questions require explicit decomposition.

Second, audio-grounded training selects or
emphasizes examples whose answers depend on
acoustic information. AudSemThinker (Wijngaard
et al., 2025a) extracts auditory semantics such as
who, what, how, when, and where before reason-
ing, encouraging the model to organize relevant
acoustic cues. AudioMCQ (He et al., 2025) cate-
gorizes audio reasoning problems into two groups
based on whether the model requires audio infor-
mation to answer the questions correctly. They
conduct experiments by replacing the original au-
dio with 30 seconds of silence, proposing that RL
training should only be applied to problems that ne-
cessitate audio. Step-Audio-R1 (Tian et al., 2025)
similarly anchors RL in acoustic evidence through
iterative rollouts, selecting trajectories that explic-
itly analyze acoustic features. This direction is
especially important because benchmark artifacts
can otherwise reward text-prior reasoning rather
than genuine listening.

Third, reward design typically combines com-
plementary objectives for final-answer accuracy,
reasoning consistency, output format, reasoning
length, and reasoning quality. Accuracy rewards
check whether the final answer is correct; consis-
tency rewards align the reasoning trajectory with
the answer; format rewards enforce parsable struc-
tures such as <think> and <answer>; length re-
wards prevent both reasoning collapse and ex-
cessive verbosity; and quality rewards evaluate
whether intermediate steps are logically valid and
acoustically justified. Step-Audio 2 (Wu et al.,
2025a), Audio-Thinker (Wu et al., 2025c), Audio-
DeepThinker (He et al., 2026), CESAR (Fan et al.,
2025), and Omni-AutoThink (Yang et al., 2025c)
instantiate different combinations of these reward
types, as summarized in Table 1.

Beyond the standard setting, some works ex-
tend audio-to-text reasoning to more complex tasks.
SoundMind (Diao et al., 2025) studies Audio Logi-
cal Reasoning, where models judge whether spoken
premises entail a conclusion. This setting requires
formal deductive reasoning directly over speech au-
dio rather than simply answering content questions.
MALLM (Chen et al., 2024a) extends the standard
audio-to-text reasoning to the multi-audio scenario,
where the models are required to reason over mul-
tiple separate audio clips to solve the problem.

3.1.4 Discussion: Is CoT Really Helping?
Despite the adoption of CoT techniques across
inference-time, SFT-based, and RL-based
paradigms, a closer examination of the empirical
findings reveals a more nuanced picture. While
CoT reasoning has proven transformative in
the text domain, its benefits in audio reasoning
are neither universal nor guaranteed. Several
studies raise questions about when, and whether,
intermediate reasoning chains genuinely contribute
to performance gains—or whether they introduce
new failure modes unique to the audio modality.
For instance, Audio-CoT (Ma et al., 2025a)
demonstrates that explicit step-by-step reasoning
can paradoxically hurt performance on harder
problems, while R1-AQA (Li et al., 2025a) finds
that CoT tokens that are beneficial at inference
time fail to improve—and may even hinder per-
formance under GRPO training. Most strikingly,
Omni-R1 (Rouditchenko et al., 2025) reveals that
a substantial portion of audio QA benchmarks
can be solved by a model that never listens to the
audio at all. Collectively, these anomalies indicate
that discovering how to effectively and universally
leverage CoT to drive genuine audio reasoning
abilities remains a critical open challenge.

4 Audio-to-Speech Reasoning

Integrating reasoning capabilities into end-to-end
SLMs fundamentally changes how latency, context,
and logical depth are jointly managed, in contrast
to traditional cascaded ASR–LLM–TTS pipelines.
In this survey, we adopt the terminology “Audio-to-
Speech” to precisely delineate the scope of “Audio-
in, Speech-out” interaction. We use “Audio-in”
rather than “Speech-in” because modern acoustic
encoders can process not only spoken utterances
but also environmental sounds and paralinguistic
acoustic cues, making the input modality broader
than speech alone. Regarding the output modality,
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we strictly focus on “Speech-out” systems designed
for spoken conversational interaction1.

4.1 Sequential Audio-to-Speech Reasoning
Early end-to-end Audio-to-Speech models, such
as Qwen2.5-Omni (Xu et al., 2025a), Kimi-
Audio (Ding et al., 2025), GLM-4-Voice (Zeng
et al., 2024), Llama-omni (Fang et al., 2025), Mini-
Omni (Xie and Wu, 2024a), Mini-Omni 2 (Xie and
Wu, 2024b), and SLAM-Omni (Chen et al., 2025),
mainly inherit reasoning abilities from text-based
LLM backbones. Although they can reason over
audio inputs, their performance is often limited by
the text-audio modality gap (Cui et al., 2026) and
the lack of audio-specific reasoning supervision.
Recent systems, including Qwen3-Omni (Xu et al.,
2025b), Qwen3.5-Omni (Team, 2026), Step-Audio
2 (Wu et al., 2025a), Mimo-Audio (Xiaomi, 2025),
and OpenS2S (Wang et al., 2025a), begin to in-
corporate audio-related reasoning data or explicit
thinking stages to improve acoustic understanding
and spoken response generation.

We refer to this paradigm as sequential reason-
ing because the model first completes an internal
reasoning process and then generates speech. For-
mally, the generation process can be factorized as:

P (R,S | C) = P (R | C)P (S | R,C). (3)

This design preserves the logical integrity of the
response, but it also delays speech generation,
making latency a major bottleneck for spoken in-
teraction and motivating the real-time reasoning
paradigms discussed next. More details are pro-
vided in Appendix C.

4.2 Realtime Audio-to-Speech Reasoning
Unlike the non-streaming formulations in Sec-
tion 4.1, real-time Audio-to-Speech reasoning re-
quires input perception and output generation to
proceed incrementally and concurrently, imposing
strict causal and temporal constraints on the rea-
soning process. Let the streaming audio input be
defined as: Astr = {A(1),A(2), . . . ,A(Cs)}, and
let the generated spoken output be a sequence of
chunks: Sstr = {S1,S2, . . . }. The sequential for-
mulation in Eq. (3) is insufficient for these systems,
because the model cannot wait for the full input A
or the complete reasoning sequence R. Instead, it

1We exclude systems targeting general audio synthesis or
music generation, whose objectives (acoustic fidelity, musical-
ity) differ fundamentally from reasoning-driven conversational
interaction.

must dynamically balance reasoning depth against
strict response latency at each incremental step.

The architectural strategies for incorporating rea-
soning into real-time audio-in speech-out models
can be broadly classified into two categories based
on when the reasoning computation occurs rela-
tive to the user’s input and the system’s output:
reasoning that overlaps with the listening window
(Section 4.2.1), and reasoning that overlaps with
the speaking window (Section 4.2.2).

4.2.1 Category 1: Thinking While Listening
(Reasoning during Input)

Methods in this category share a core premise: the
duration of the user’s speech provides a natural
time window that can be actively repurposed for
computation. Instead of treating the listening phase
as passive transcription followed by a delayed delib-
eration step, these systems reason simultaneously
while the user is still speaking. Consequently, by
the time the user finishes their utterance, the model
is already prepared to respond.

Formally, this concurrent process is modeled
as: P (Rt | Astr

≤t,X,R<t), where Astr
≤t =

{A(1), . . . ,A(t)}. This formulation ensures that
the reasoning state at any time t relies strictly on
the audio prefix observed up to that moment.

Existing approaches in this category differ across
three key design choices. The first is the reasoning
format–how the internal thoughts are represented,
such as through free-form text tokens, structured
nodes, or latent states. The second is the trigger
condition–whether the reasoning runs continuously
as the audio streams in, or is completeness-gated
by the detection of a full phrase. The third is the
update granularity–how frequently the reasoning
state is refreshed, which can be processed per-
chunk, per-segment, or per-step.

SHANKS (Chiang et al., 2025) performs chunk-
level free-form reasoning and uses the updated state
to support barge-in decisions. Shih et al. (Shih
et al., 2026) trigger reasoning based on an entropy-
based Question Completeness score (ζ), avoiding
both end-of-turn waiting and redundant per-chunk
reasoning. Chronological Thinking (Wu et al.,
2025b) represents reasoning as typed nodes aligned
with semantic segments, so the model can halt rea-
soning and respond once the user stops speaking.
FLAIR (Wu et al., 2026b) replaces explicit CoT
tokens with latent hidden-state updates supervised
by a non-causal expert, reducing annotation needs
and inference latency at the cost of interpretability.
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Figure 3: Overview of major audio reasoning
paradigms. It contrasts text-output reasoning, sequen-
tial and real-time speech-output reasoning.

4.2.2 Category 2: Thinking While Speaking
(Reasoning during Output)

The second category addresses latency during the
generation stage. Rather than borrowing time
from the user’s listening window, these systems
take advantage of a hardware-level speed asymme-
try: GPUs can generate tokens much faster than
the real-time rate at which audio is played back.
This speed difference creates a time buffer dur-
ing playback, allowing the system to pre-compute
subsequent reasoning and speech tokens simul-
taneously. The model jointly predicts the cur-
rent speech chunk and the next reasoning step:
P (St,Rt+1 | C,S<t,R≤t). Here, St denotes the
t-th outgoing speech chunk and Rt denotes the
reasoning produced in the t-th computation win-
dow. Notably, the generation is conditioned on
the fully received audio A rather than a streaming
prefix Astr

≤t. This reflects the current paradigm of
most models in this category, which still operate
sequentially during the listening phase—waiting
for the user’s utterance to conclude before initiating
the concurrent thinking-and-speaking output phase.

The index offset between St and Rt+1 captures
the asynchronous pipeline: within a single time
window, the model emits St while concurrently
computing Rt+1 for use in subsequent steps.

Current approaches within this category gener-
ally differ in two main aspects. The first is struc-
tural organization–how reasoning and speech are
integrated. Models may alternate reasoning and
speech blocks at the chunk level, interleave both
token types within a single sequence, or utilize two
separate modules running in parallel. The second
aspect is the reasoning objective–what the system
is actually “thinking” about. This reasoning typi-
cally focuses either on solving an underlying logi-
cal problem or self-reflecting on the quality of the
response being generated.

STITCH (Chiang et al., 2026) alternates un-
spoken reasoning chunks and spoken response
chunks, using playback time to compute the next
reasoning step. Mini-Omni-Reasoner (Xie et al.,
2025b) performs token-level interleaving of silent
reasoning and spoken response tokens through a
Thinker-Talker architecture. Mind-Paced Speaking
(MPS) (Wu et al., 2026a) decouples reasoning and
articulation into parallel modules, enabling speech
to start before the full reasoning chain is complete.
ReEmpathy (Jia et al., 2026) extends this paradigm
to reflective reasoning, using self-critiques to refine
the empathetic quality of subsequent speech.

4.3 Training Data for Spoken Reasoning
Table 3 summarizes the training data used across
the surveyed models, with “(S)” denoting TTS-
synthesized versions of originally text-based
datasets. Two patterns stand out:
Reliance on synthesized text benchmarks. Na-
tive spoken reasoning corpora remain scarce. Cur-
rent work therefore predominantly adapts text-
based benchmarks (e.g., GSM8K, MultiWOZ, Triv-
iaQA) into spoken form via TTS synthesis, with
reasoning supervision distilled from strong text
LLMs. This adaptation pipeline is shared across
nearly all surveyed methods, and explains why
mathematical and logical reasoning dominates cur-
rent evaluation—its sequential derivation aligns
naturally with discrete reasoning-token generation
and inherits a rich supply of text CoT data. Par-
alinguistic and empathetic reasoning, targeted by
ReEmpathy, is a smaller but emerging direction
where suitable text sources are less readily avail-
able; FLAIR similarly extends spoken reasoning to
open-domain QA via synthetic dialogues, indicat-
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ing that data adaptation strategies are beginning to
diversify beyond math benchmarks.
Annotation strategies diverge by architecture.
Although the underlying audio data are largely
shared, how reasoning supervision is attached to
it differs: structured node parsing (Chronological
Thinking), text-audio interleaving at chunk or token
granularity (STITCH, Mini-Omni-Reasoner), and
reflection-token annotation (ReEmpathy). FLAIR
is a notable exception that eliminates explicit rea-
soning annotations altogether—its latent targets
are produced on-the-fly by a non-causal expert via
ELBO optimization, sidestepping the dataset con-
struction burden the other methods share.

4.4 Discussion: Reasoning with Latency
Constraints

While all surveyed methods aim to reduce Time-
To-First-Token (TTFT), they exhibit distinct per-
formance profiles depending on how reasoning and
audio generation are temporally synchronized.

Thinking While Listening eliminates wait time
after the user finishes speaking, but is fundamen-
tally bounded by the duration of the user’s utterance
and, more critically, operates on incomplete infor-
mation. A short query that requires deep reasoning
may leave insufficient computation budget, and
reasoning initiated too early risks committing to
an incorrect interpretation if the user’s final words
alter the underlying condition. Latent-reasoning
variants such as FLAIR partially mitigate this by
allowing smoother revision through a continuous
hidden state, at the cost of interpretability.

Thinking While Speaking is bounded instead
by the ratio of reasoning throughput to audio play-
back speed. Models like STITCH (Chiang et al.,
2026) and Mini-Omni-Reasoner (Xie et al., 2025b)
hide inference latency by completing reasoning for
the (N+1)-th chunk before playback of the N -th
chunk finishes. When reasoning chains exceed the
playback buffer, however, audio generation may
stall, producing perceptible pauses or disfluencies.
Since neither paradigm is universally optimal, a
natural direction is a hybrid architecture with a rea-
soning scheduler that dynamically selects the ap-
propriate strategy—e.g., based on query complete-
ness or whether the reasoning budget fits within the
playback buffer—and handles graceful recovery
from premature reasoning. A complementary direc-
tion, outside the scope of this survey, is to offload
reasoning to an external text-based back-end run-
ning asynchronously alongside the speech model

(e.g., (Kuroki et al., 2025; Chien et al., 2026)); such
designs could in principle be combined with the
internal reasoning paradigms discussed above.

5 Evaluations

Evaluating audio reasoning requires assessing not
only final-answer correctness, but also whether the
reasoning is grounded in acoustic evidence. We
summarize existing evaluation practices for the two
settings studied in this survey. Table 4 presents an
overview of recent audio reasoning benchmarks.

5.1 Audio-to-Text Evaluation

Audio-to-Text evaluation asks whether a model can
produce textual answers from audio inputs while
using the acoustic evidence. Existing benchmarks
can be broadly divided into two categories:

Content-based reasoning includes tasks where
inference depends on linguistic content, such as
spoken QA (Chen et al., 2024b), dialogue under-
standing (Gosai et al., 2025; Zhang et al., 2025a),
and instruction following (Lu et al., 2025; Wang
et al., 2025c). The model needs to recover mean-
ing and reason over it to produce correct responses.
Instruction following in speech is a form of content-
based reasoning, as it requires understanding and
executing semantic intent. Recent settings (Lu
et al., 2025; Wang et al., 2025c; Chen et al., 2024b)
introduce content-preserving acoustic variations,
such as emotion, speaking rate, or background
noise. These aim not to test reasoning over acoustic
cues, but to evaluate whether content-based reason-
ing remains stable under such perturbations.

Acoustic-based reasoning involves tasks where
correct inference depends on information not re-
ducible to text, including prosody, emotion, speaker
traits, emphasis, hesitation, and other paralinguistic
signals (Sakshi et al., 2024a; Wang et al., 2025b;
Ma et al., 2025b). Text transcripts alone are insuf-
ficient, and the model must use acoustic evidence.
Thus, acoustic-based reasoning more directly tests
whether models leverage speech-specific informa-
tion, rather than relying on implicit text-only pro-
cessing. This distinction is key to understanding
whether systems truly reason over speech or mainly
over textual abstractions. Detailed descriptions of
the evaluation metrics are provided in Appendix D.

5.2 Audio-to-Speech Evaluation

Audio-to-Speech evaluation inherits the goals of
Audio-to-Text evaluation, but adds requirements
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specific to spoken interaction. The evaluation goes
further to encompass interaction ability, response
alignment, and real-time behavior under stream-
ing constraints that are unique to spoken dialogue
systems. First, dialogue-oriented ability measures
coherence across turns, contextual adaptation, prag-
matic cues, turn-taking, overlap, and interruptions.
Second, speech quality evaluates naturalness, in-
telligibility, prosody, fluency, and absence of au-
dio artifacts. Third, response alignment assesses
whether speech matches the semantic content, dia-
logue history, intended emotion, and paralinguistic
expression. Fourth, real-time interaction measures
latency, streaming stability, and incremental gen-
eration. Finally, subjective evaluation, including
MOS and human or model-based judgments, cap-
tures perceptual quality, emotional appropriateness,
coherence, and conversational effectiveness.

6 Challenges and Future Directions

Reliability of Synthesized Reasoning Data. Au-
dio reasoning is constrained by the lack of high-
quality, audio-grounded reasoning data. Existing
methods often reduce annotation costs by using
text-only LLMs to synthesize reasoning chains
from transcripts, captions, or sound event tags.
Yet these textual proxies may fail to capture fine-
grained acoustic cues, making the resulting reason-
ing weakly grounded in the original audio. Scalable
construction of faithful acoustic reasoning data re-
mains a key bottleneck.

Modality Hallucination and Shortcut Learning.
Current LALMs often inherit reasoning abilities
from text-dominant backbones, creating a mis-
match between linguistic reasoning and acoustic
grounding. This can lead to shortcut learning or
modality hallucination, where models rely on au-
dio captions, transcripts, or intermediate text rep-
resentations instead of the continuous acoustic sig-
nal (Tian et al., 2025). Consequently, these models
sometimes bypass the auditory input entirely, re-
lying excessively on the strong semantic priors of
their language backbone to infer answers. Reduc-
ing such text-surrogate reasoning and anchoring
inference in raw acoustic cues is essential for faith-
ful and robust audio reasoning.

The Accuracy vs. Latency Trade-Off. Audio-
to-Speech reasoning faces an trade-off between
reasoning accuracy and interaction latency. Longer
reasoning chains can improve deduction but delay

spoken responses, disrupting natural dialogue. Re-
cent paradigms such as “thinking while listening”
and “thinking while speaking” reduce this delay by
overlapping reasoning with user input or system
output. However, streaming methods lag behind
offline or text-based reasoning systems in accuracy
and deduction quality (Chiang et al., 2026, 2025).
Closing this gap while preserving low-latency, full-
duplex interaction remains a key challenge.

Long-context Audio Reasoning. Current meth-
ods in audio reasoning have primarily demon-
strated efficacy on relatively short, well-defined
audio clips. However, scaling these reason-
ing capabilities to process continuous, long-form
audio streams—such as meetings, podcasts, or
environmental recordings lasting several min-
utes—introduces significant computational and
cognitive uncertainties. Processing to such inputs
is challenging because uncompressed, temporally
dense acoustic features create prohibitively long
sequences, and it is unclear whether models can
preserve precise perception and context over ex-
tended durations. Multi-hop reasoning over long
audio, where events separated by minutes must
be recalled and integrated, therefore requires dedi-
cated benchmarks and more efficient architectures.

Shifting Toward Foundational Pre-Training for
Reasoning. Most audio reasoning methods rely
on post-training after basic modality alignment,
typically through SFT or RL. This raises questions
about the foundational limits of the model capa-
bilities. Future work should explore reasoning-
oriented pre-training or mid-training objectives,
such as large-scale audio-text prediction and acous-
tic grounding. Whether these objectives can make
reasoning more native to the audio modality and
improve subsequent post-training remains open.

7 Conclusion

This survey reviews audio reasoning in multi-
modal foundation models, framing it as reasoning-
augmented generation grounded in acoustic evi-
dence. We organize recent work into Audio-to-Text
and Audio-to-Speech reasoning, and summarize
evaluation practices and key challenges, including
data scarcity, shortcut learning, modality halluci-
nation, latency constraints, and long-context rea-
soning. It offers a concise roadmap for faithful and
efficient audio-grounded reasoning systems.
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Limitations

This survey intentionally focuses on Audio-to-Text
and Audio-to-Speech reasoning, the two most rep-
resentative settings in current audio reasoning re-
search. Due to conference space constraints, re-
lated directions such as Audio-Visual reasoning,
Agentic Audio Reasoning, and broader architec-
tural foundations are discussed selectively or de-
ferred to the appendix, and can be further expanded
in a longer version. Since existing studies also dif-
fer substantially in datasets, tasks, and evaluation
protocols, we emphasize conceptual organization
and methodological comparison rather than exhaus-
tive empirical ranking. This focused scope enables
a clearer synthesis of the emerging field.
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A Foundations for Audio Reasoning
Models

Audio reasoning fundamentally requires systems
capable of deciphering the complex, continuous
nature of sound and translating these acoustic
signals into logical comprehension or expressive
generation. The foundation of these advanced
cognitive abilities is predicated upon two criti-
cal dimensions—This section discusses the 1) un-
derlying model architectures designed to effec-
tively bridge audio signals with language modeling,
alongside the 2) training technologies necessary to
cultivate the reasoning abilities.

A.1 Underlying Model Architectures
A.1.1 Large Audio Language Models

(LALMs)
LALMs aim to enable the audio comprehension
abilities to the LLMs. They take audio and op-
tional text instructions as input and generate text as
output. Their dominant architecture is an encoder–
projector–LLM pipeline, where an audio encoder
first extracts continuous representations from the
input audio, a modality projector maps these repre-
sentations into the embedding space of a text LLM,
and the LLM then performs autoregressive text gen-
eration conditioned on the projected audio features
and optional textual instructions. In LALMs, au-
dio serves as an external input modality aligned
with the textual reasoning space of the LLMs. This
design enables efficient reuse of pretrained audio
encoders (Radford et al., 2023; Hsu et al., 2021;
Chen et al., 2023; Gong et al., 2021; Radford et al.,
2022) and text LLM backbones (Touvron et al.,
2023; Grattafiori et al., 2024; Yang et al., 2024a;
Chiang et al., 2023), making LALMs modular and
extensible.

A.1.2 Spoken Language Models (SLMs)
SLMs are foundation models built for spoken dia-
logue interactions. Similar to LALMs, SLMs can

take audio and optional text as inputs, but their
outputs are speech representations or waveforms
rather than text. Architecturally, they can follow
either the encoder–projector–LLM–decoder design
that resembles LALMs but adds a speech genera-
tion module (Zeng et al., 2024; Fang et al., 2024)
after the LLM, or a more unified token-based de-
sign (Zhang et al., 2023; Défossez et al., 2024),
in which continuous speech is first converted into
discrete speech tokens and both input and output
speech are modeled autoregressively in a shared
token space together with text. The latter formu-
lation is more end-to-end, but it also introduces
challenges such as long token sequences, multi-
codebook token structures, and waveform recon-
struction from generated tokens. In short, the main
difference is that LALMs align audio to text for
text generation, whereas SLMs must additionally
support speech generation, requiring an explicit
mechanism for producing and decoding speech rep-
resentations.

A.2 Training Technologies

While architectural designs provide the structural
foundation for multimodal perception, the emer-
gence of complex reasoning capabilities relies fun-
damentally on specific training paradigms. In this
part, we explore the underlying mechanisms of the
core training paradigms that empower audio mod-
els with reasoning capabilities.

A.2.1 Cross-Modal Alignment Pre-training

Before an LLM can reason over audio, it must first
learn to associate acoustic patterns with linguistic
meaning (Wang et al., 2024). The goal of cross-
modal alignment pre-training is therefore to bridge
the semantic gap between the audio modality and
the LLM’s native language space. During this stage,
the LLM backbone is often frozen, or only lightly
updated, to preserve its linguistic and reasoning
capabilities, while the bridging components, such
as the modality projector in LALMs or the embed-
ding layers for discrete audio tokens in SLMs, are
optimized (Tang et al., 2024; Zhang et al., 2023).
This stage typically relies on large-scale audio-text
data, often instantiated through tasks such as ASR
and audio captioning. The audio context may refer
either to projected continuous features or to dis-
crete audio tokens, and the model is usually trained
with the standard autoregressive cross-entropy loss.
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Table 2: Summary of training datasets and construction methods for Audio-to-Text Reasoning.

Model Source Data CoT Construction Training Scale

Audio-CoT MMAU (eval only) Prompt-based (no training) — —
SAR-LM MMAU, MMAR (eval only) Symbolic features (no training) — —
Audio-Reasoner AudioSet, AudioCaps, + 7 others Gemini (structured 4-part) SFT 1.2M
AF Sound-CoT AudioSkills, Clotho-AQA, + 10 others LLM-ALM collaborative (BFS/DFS) SFT 1.24M
Audio-Cogito AudioSet, Clotho, AudioCaps, + 7 others Self-distillation (Qwen3-OmniThinking) SFT 545k
R1-AQA AVQA None (direct answer) GRPO 38k
Omni-R1 AVQA, VGGSound ChatGPT-generated QA GRPO 38k–54k
SARI AudioSet, MusicBench, MELD, AVQA Qwen2.5-72B (structured + unstructured) SFT+GRPO 42k
Audio-Thinker AVQA Qwen2.5-72B (structured 4-part) SFT+GRPO 40k
AudioMCQ 7 datasets (Clotho, AudioCaps, etc.) Qwen3-235B (3-stage + simplified) SFT+GRPO 571k
AudSemThinker YouTube closed captions Qwen2.5-72B (2/3-phase semantic) SFT+GRPO 213k
Omni-CLST AVQA, AudSemThinker data Reused (guided dropout) SFT+GRPO 249k
Omni-AutoThink Audio-Reasoner, + multi-modal Hierarchical difficulty calibration SFT+GRPO 571k
Sheng et al. AVQA — GRPO 38k
Wijngaard et al. AVQA, ClothoAQA, + 4 others Gemini2.5-Pro (cold-start) SFT+GRPO 64k
CESAR AVQA (augmented) — GRPO 38k+
Step-Audio 2 AudioSet, AudioCaps, + in-house LLM from mixing recipes SFT+RL Large
Step-Audio-R1 ASR, paralinguistic, + in-house Self-distillation (MGRD) SFT+RLVR 5M
EmotionThinker IEMOCAP, MELD, Expresso, + 2 others GPT-4o (prosody-enriched) SFT+GRPO 35k
SoundMind LogiQA 2.0-NLI (TTS synthesis) DeepSeek-R1 SFT+RL 6.4k
PolyAudio AudioSet, LibriSpeech, + 5 others LLM (multi-audio tasks) SFT+GRPO 160k
Audio-DeepThinker AVQA, AudioSet, MagnaTagATune, + others DeepSeek V3.1 GRPO 69k

A.2.2 Post-training

While cross-modal alignment pre-training estab-
lishes a fundamental mapping between acoustic
representations and linguistic semantics, this base-
line alignment is typically insufficient for robust
instruction following, multi-step reasoning, or re-
liable user interaction. Consequently, the model
must undergo post-training—a suite of optimiza-
tion procedures designed to refine the behavioral
priors of the aligned system and elicit the higher-
order reasoning capabilities required for complex
multimodal tasks.

Post-training typically proceeds in two primary
phases: Supervised Fine-Tuning (SFT) and Align-
ment Optimization. During SFT, the model is
trained on curated instruction-response pairs—
often enriched with CoT annotations—to learn
the structural logic of following complex audio-
related commands. While SFT provides a foun-
dation through demonstration, subsequent align-
ment via Preference Optimization or Reinforce-
ment Learning (RL), such as PPO (Schulman et al.,
2017) and GRPO (Shao et al., 2024), further re-
fines the model’s behavior. These methods opti-
mize for higher-level objectives such as factual ac-
curacy, reasoning consistency, and faithfulness to
the acoustic evidence, ensuring the model’s outputs
align with human intent and logical rigor.

B Dataset and Pre-processing for
Audio-to-Text Reasoning

The development of audio-to-text reasoning capa-
bilities critically depends on the construction of
high-quality training data. Unlike standard audio
understanding tasks that rely on simple annotations
such as sound event labels or captions, reasoning-
oriented training requires explicit intermediate rea-
soning chains that teach models to decompose com-
plex problems step by step. This subsection surveys
the data construction and preprocessing strategies
employed across the audio-to-text reasoning liter-
ature, covering data sources and reasoning chain
construction.

B.1 Data Sources and QA Pair Construction

The majority of existing works repurpose estab-
lished audio corpora rather than collecting new
recordings. AVQA is the most widely adopted
source, used by R1-AQA (Li et al., 2025a), Audio-
Thinker (Wu et al., 2025c), SARI (Wen et al., 2025),
Omni-CLST (Zhao et al., 2025), CESAR (Fan et al.,
2025), Omni-R1 (Rouditchenko et al., 2025), and
Sheng et al. (Sheng et al., 2025), who extract audio
tracks from the original audio-visual dataset and
adapt question text by replacing visual references
(e.g., “video”) with auditory ones (e.g., “audio”).
Other commonly leveraged datasets include Au-
dioSet, AudioCaps, Clotho, MusicBench, and VG-
GSound, which provide diverse audio content span-
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Table 3: Comparison of Datasets and Tasks in Realtime Audio-to-Speech Reasoning Models. “(S)” indicates
TTS-synthesized versions of originally text-based datasets.

Model Domain Source Data

Category 1: Thinking While Listening

Chronological Thinking (Wu et al., 2025b) Task-oriented Dialogue, Open-domain QA GenConv(S), SpokenWOZ(S), LlamaQ(S)
SHANKS (Chiang et al., 2025) Math Reasoning Tulu3-Persona-Math-Grade(S)
Shih et al. (Shih et al., 2026) Common Sense & Math Reasoning COT COLLECTION (Kim et al., 2023)(S)
FLAIR (Wu et al., 2026b) Open-domain QA Synthetic dialogues (GPT-OSS/Qwen2.5/Llama3.1)

Category 2: Thinking While Speaking

MPS (Wu et al., 2026a) Math Reasoning, Complex Conversation Not disclosed

STITCH (Chiang et al., 2026) Math Reasoning, Knowledge QA VoiceAssistant400K, Tulu-3-Persona(S),
Natural Questions(S), TriviaQA(S)

Mini-Omni-Reasoner (Xie et al., 2025b) Math Reasoning SPOKEN-MATH-PROBLEMS-3M
ReEmpathy (Jia et al., 2026) Empathetic Dialogue & Reflection EmotionTalk, OpenS2S subset

ning environmental sounds, music, and speech. Au-
dioMCQ (He et al., 2025) aggregates seven source
datasets covering speech (47%), sound (39.1%),
music (8.1%), and temporal reasoning (5.8%), con-
structing 571k multiple-choice QA samples. Aud-
SemThinker (Wijngaard et al., 2025a) constructs an
entirely new corpus by mining YouTube closed cap-
tions (213k samples) and processing them through
an ensemble of nine specialized audio, image, and
video analysis models.

Two paradigms dominate QA pair construc-
tion. The first directly reuses existing QA an-
notations with minimal modification, as in R1-
AQA (Li et al., 2025a) and Audio-Thinker (Wu
et al., 2025c). The second employs LLMs to
synthesize new questions and answer choices
from audio captions: Omni-R1 (Rouditchenko
et al., 2025) uses ChatGPT to generate multiple-
choice questions from multi-perspective audio cap-
tions, SARI (Wen et al., 2025) uses Qwen2.5-72B,
and AudioMCQ (He et al., 2025) uses Qwen3-
235B. Audio-Reasoner (Xie et al., 2025a) adopts
a progressive difficulty strategy, generating three
questions per audio clip at increasing complex-
ity levels—from factual queries to multi-step rea-
soning problems—using Google Gemini. For
multi-audio scenarios, PolyAudio (Kumar et al.,
2025a) constructs 110k QA pairs spanning 11
multi-audio reasoning tasks (e.g., cross-clip com-
parison, chronological ordering, multi-audio entail-
ment) using LLM-generated task-specific prompts.

B.2 Reasoning Chain Construction
The construction of intermediate reasoning chains—
critical for SFT-based CoT training—follows sev-
eral distinct strategies.

Single-LLM generation is the most prevalent
approach, where a powerful LLM produces rea-

soning chains given audio captions, questions, and
answers. Audio-Reasoner (Xie et al., 2025a) uses
Gemini to generate four-component chains (plan-
ning, captioning, reasoning, and summarizing) for
its 1.2M-sample CoTA dataset. SARI (Wen et al.,
2025) uses Qwen2.5-72B to produce both struc-
tured (four-section) and unstructured (free-form)
CoT formats, demonstrating that structured rea-
soning yields more robust generalization. Au-
dioMCQ (He et al., 2025) employs Qwen3-235B
to generate three-stage reasoning chains (question
type analysis, audio content analysis, answer selec-
tion) along with simplified unstructured versions.
Audio-Cogito (Li et al., 2026a) uses Qwen3-Omni-
Thinking to generate free-form reasoning chains.

LLM-ALM collaborative generation ad-
dresses the concern that text-only LLMs may hal-
lucinate audio-specific details. Audio Flamingo
Sound-CoT (Kong et al., 2025) proposes a collab-
orative pipeline where a text LLM and an audio
language model jointly construct reasoning chains
through either parallel sub-question decomposition
(BFS-style) or multi-round interactive conversation
(DFS-style), ensuring that intermediate reasoning
steps are grounded in actual audio content.

Iterative self-distillation enables the model to
progressively improve its own reasoning data. Step-
Audio-R1 (Tian et al., 2025) introduces Modality-
Grounded Reasoning Distillation (MGRD), where
the model generates candidate reasoning chains
that are then filtered for acoustic grounding (i.e.,
references to perceptual features rather than text
descriptions), logical coherence, and answer cor-
rectness, progressively shifting reasoning from text-
surrogate to genuinely audio-grounded.

Domain-specific feature-enriched generation
augments LLM-based CoT construction with spe-
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Table 4: Overview of Reasoning Benchmarks for SLMs. Open and Closed denote open-ended and closed-ended
evaluation types, respectively.

Benchmark Domain Audio Type Eval Type Size #Tasks Year

MMAU (Sakshi et al., 2024b) General Audio Reasoning Speech, Sound, Music Closed 10K 27 2024
MMAU-Pro (Kumar et al., 2025b) General Audio Reasoning Speech, Sound, Music Closed 0.5K 49 2025
MMAR (Ma et al., 2025b) General Audio Reasoning Speech, Sound, Music Closed 1K 16 2025
MMSU (Wang et al., 2025b) Speech-focused Reasoning Speech Closed 5K 47 2025
VoxEval (Cui et al., 2025a) Speech-focused Reasoning Speech Closed 14K 56 2025
CMDAR (Li et al., 2025b) Chinese Audio Reasoning Speech, Sound Closed, Open 3K 5 2025
Spoken-MQA (Wei et al., 2025) Spoken Mathematical Reasoning Speech Closed, Open 3K 5 2025
WildSpeech-Bench (Zhang et al., 2025b) End-to-end Interaction Speech Open 1.1K 5 2025
URO-Bench (Yan et al., 2025) End-to-end Interaction Speech Closed, Open 5K 20 2025
VoiceAgentBench (Jain et al., 2025) Multi-turn Tool Use & Reasoning Speech Closed 6K 6 2025
SAKURA (Yang et al., 2025a) Multi-hop Audio Reasoning Speech, Sound Closed 4K 4 2025
WavBench (Li et al., 2026b) End-to-end Interaction Speech Closed, Open 2K 5 scenarios 2026
τ -Voice (Ray et al., 2026) End-to-end Interaction Speech Closed 0.3K 3 domains 2026
AudioRAG (Lin et al., 2026b) Audio Retrieval-based Reasoning Speech, Sound, Music Closed 8K 3 scenarios 2026
Full-Duplex-Bench-v3 (Lin et al., 2026a) Multi-turn Tool Use & Reasoning Speech Closed 0.1K 4 2026

cialized audio analysis. EmotionThinker (Wang
et al., 2026) constructs EmotionCoT-35K by first
extracting prosodic features—pitch, energy, speak-
ing rate, word-level stress, and intonation patterns—
via classical signal processing and specialized mod-
els, then using GPT-4o to generate reasoning traces
grounded in these acoustic cues.

Table 2 summarizes the training datasets and
construction methods across the surveyed audio-to-
text reasoning methods.

C Details of Sequential Audio-to-Speech
Reasoning

Sequential Audio-to-Speech reasoning refers to sys-
tems that perform internal reasoning before pro-
ducing spoken output. A first group of end-to-
end Audio-to-Speech models, including Qwen2.5-
Omni (Xu et al., 2025a), Kimi-Audio (Ding et al.,
2025), GLM-4-Voice (Zeng et al., 2024), Llama-
omni (Fang et al., 2025), Mini-Omni (Xie and Wu,
2024a), Mini-Omni 2 (Xie and Wu, 2024b), and
SLAM-Omni (Chen et al., 2025), obtain much
of their reasoning ability from text-based LLM
backbones. These models support audio-in speech-
out interaction, but their reasoning behavior is of-
ten constrained by the modality gap between text
and audio (Cui et al., 2026) and by limited audio-
specific reasoning supervision.

More recent systems explicitly introduce audio-
related reasoning data or thinking stages into the
training or inference pipeline. Qwen3-Omni (Xu
et al., 2025b), Qwen3.5-Omni (Team, 2026),
Step-Audio 2 (Wu et al., 2025a), and Mimo-
Audio (Xiaomi, 2025) incorporate audio-to-text
reasoning data to improve the model’s under-
standing of complex acoustic inputs or to guide

more appropriate spoken responses. In particu-
lar, Qwen3.5-Omni (Team, 2026) uses on-policy
distillation to transfer high-quality reasoning from
text-conditioned outputs to audio-conditioned re-
sponses, reducing the text-audio performance gap.
OpenS2S (Wang et al., 2025a) introduces an op-
tional static thinking stage before speech synthesis,
allowing the model to reason over the user’s emo-
tional cues before generating an empathetic spoken
response.

The defining property of this paradigm is its
stepwise dependency: the model first derives an
intermediate reasoning sequence R from the audio-
instruction context C, and only then generates the
speech output S. This process can be written as:

P (R,S | C) = P (R | C)P (S | R,C). (4)

Such a formulation helps preserve response coher-
ence because speech generation is conditioned on
a completed reasoning trajectory. However, it also
means that perception and reasoning must finish
before speech begins, which increases response la-
tency. This latency issue is the main motivation
for real-time Audio-to-Speech reasoning methods
such as thinking while listening and thinking while
speaking.

D Audio-to-Text Evaluation Metrics

Evaluation of audio-to-text tasks typically includes
both objective metrics, which measure correct-
ness against references, and subjective evaluation,
which assesses quality in open-ended settings.

ACC-Metrics. A common approach is to
use accuracy-based metrics from language model
benchmarks (Sakshi et al., 2024a; Wang et al.,
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2025b; Ma et al., 2025b; Sakshi et al., 2024b), es-
pecially when outputs are discrete or can be nor-
malized into a small set. This is typical in multiple-
choice QA, classification, and closed-ended reason-
ing. Common metrics include accuracy, F1, and, in
retrieval or imbalanced settings, mean average pre-
cision (mAP). These directly measure agreement
with ground truth and suit controlled reasoning
evaluation. Many spoken reasoning benchmarks
adopt this paradigm for clear comparison and re-
duced ambiguity.

Text-overlap Metrics. For free-form outputs,
exact match can be too strict, as correct answers
may vary in wording. Text-overlap metrics such as
BLEU, ROUGE, and METEOR measure similarity
between outputs and references. They are useful
for structured generation tasks like summarization,
short QA, or captioning, where references exist
and surface similarity is informative. However,
they poorly capture reasoning quality, as responses
may be semantically correct but lexically different,
or similar yet incorrect.

Human Evaluation. Subjective evaluation is
important for open-ended tasks where multiple re-
sponses are valid or correctness depends on nu-
anced interpretation. Evaluators assess correctness,
coherence, relevance, faithfulness to the audio, and
reasoning quality. It is especially valuable for long-
form responses, dialogue, and explanations, where
objective metrics fall short. Despite high cost and
limited scalability, it is still considered a highly
reliable evaluation approach.

LLM-based Evaluation. To improve scalability,
recent work uses LLMs as evaluators (Yang et al.,
2024b; Chen et al., 2024b; Li et al., 2026b). The
evaluator model scores or compares outputs based
on criteria such as correctness, completeness, con-
sistency with audio-derived context, or stepwise
reasoning quality. This approach is attractive for
open-ended reasoning due to flexibility and lower
cost than human annotation. However, reliability
depends on prompt design, bias, and the model’s
ability to assess audio-grounded reasoning, so it
is best viewed as a scalable proxy rather than a
replacement for human evaluation.
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