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Abstract

Audio large language models (LLMs) have ad-
vanced rapidly in general audio understanding,
yet consistently underperform on tasks requir-
ing fine-grained acoustic discrimination. We
investigate this gap through a systematic prob-
ing study, uncovering a pattern we term rep-
resentation reorganization: in the LLM’s mid-
dle layers, semantic discriminability increases
while fine-grained acoustic features such as
speaker identity and pitch become progres-
sively less recoverable by linear probes. In-
formed by this diagnosis, we propose Over-
tone, a delayed acoustic fusion architecture
that bypasses the identified compression zone.
Overtone processes identified audio segments
through dual tracks—a semantic track from
the LLM’s audio encoder and an acoustic track
from a frozen self-supervised speech model—
and injects acoustic features via gated cross-
attention at post-compression layers. The
model learns to autonomously decide when
and where re-listening is needed during infer-
ence. Overtone achieves state-of-the-art per-
formance on MMAU among open-source mod-
els at comparable scale and competitive results
on MMAR, with gains concentrated in speech
and music. Post-training probing confirms re-
covery of acoustic structure in the reorganized
layers.

1 Introduction

Audio is among the richest information modalities
in human communication, encoding not only lin-
guistic content but also speaker identity and other
paralinguistic cues (Schuller et al., 2011). Au-
dio large language models (LLMs) have made re-
markable strides in harnessing this richness, uni-
fying speech, sound, and music comprehension
within a single framework (Xu et al., 2025a; Co-
manici et al., 2025). Yet a notable asymme-
try persists: while these models excel at seman-
tic tasks such as speech recognition, they strug-
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Figure 1: Left: In standard audio LLMs, acoustic fea-
tures (speaker identity, pitch) are progressively com-
pressed in the middle layers while semantic features
are constructed. Right: Our method bypasses this com-
pression zone by injecting frozen WavLM features, re-
covering acoustic information where it is needed.

gle with fine-grained acoustic discrimination—
distinguishing speakers or subtle pitch differences,
for instance (Sakshi et al., 2024; Kim et al., 2025).
Given that current audio LLLMs already operate at
substantial scale and are trained on diverse cor-
pora (Radford et al., 2022; Xu et al., 2025b), this
raises the question: could the bottleneck lie in the
architecture rather than in data or capacity?

We investigate this question through a con-
trolled layer-wise probing study on a representa-
tive audio LLM (Figure 1, left). The results reveal
a phenomenon that we term representation reor-
ganization: the model’s middle layers do not sim-
ply degrade acoustic features—they appear to real-
locate representational capacity from fine-grained
acoustics to semantics, as evidenced by converg-
ing probing, ablation, and cross-model analyses.
Speaker identity and pitch information collapse
sharply across a narrow band of layers, while
semantic discriminability is simultaneously con-
structed in the same layers. This reorganization is
consistent with the language modeling objective,
and it creates a representational bottleneck: any
acoustic information that enters the LLM through
the standard pathway must traverse these compres-
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sion layers, where fine-grained details are system-
atically overwritten.

This finding reframes the challenge. Recent
re-listening approaches (Wu et al., 2026a) allow
models to revisit audio segments during reason-
ing, yet the re-injected signal still traverses the
full LLM depth without any mechanism to pre-
serve acoustic features beyond the compression
zone, subjecting it to the same representational
loss. Reasoning-enhanced methods (Wu et al.,
2026b; Rouditchenko et al., 2025) improve delib-
eration quality through reinforcement learning but
operate on representations already stripped of fine-
grained detail. Without an architectural mecha-
nism to preserve acoustic features beyond the com-
pression zone, neither strategy addresses the root
cause of the limitation.

We propose Overtone, a diagnostic-driven ar-
chitecture that directly responds to the probing
findings. When acoustic verification is needed dur-
ing reasoning, it encodes the segment through two
complementary tracks (Figure 1, right): a seman-
tic track via the LLM’s own audio encoder, and an
acoustic track via a frozen self-supervised speech
model (Chen et al., 2022) that preserves the fine-
grained features the LLM discards. The seman-
tic track enters the LLM normally; the acoustic
track is injected via gated cross-attention at post-
compression layers, bypassing the identified bot-
tleneck. Combined with reconstruction regulariza-
tion, this delayed fusion preserves access to high-
fidelity acoustic evidence during reasoning.

Our contributions are as follows:

* We identify and characterize representation reor-
ganization in audio LLMs, where semantic dis-
criminability increases as fine-grained acoustic
information becomes less recoverable.

* We propose delayed acoustic fusion, a gated
cross-attention bypass guided by the diagnostic
findings, paired with reconstruction regulariza-
tion to stabilize acoustic retrieval during train-
ing.

* We introduce learned segment localization and
selective re-listening, achieving a mean segment
IoU of 0.93.

* Overtone achieves state-of-the-art performance
among open-source <8B audio LLMs on
MMAU and competitive results on MMAR,
with the largest gains in speech and music—the
domains most dependent on fine-grained acous-
tic cues.

2 Related Work

Audio Language Models. Early audio pro-
cessing relied on cascaded ASR-to-LLM
pipelines (Zhang et al., 2023), which inher-
ently stripped away vital non-linguistic cues
such as emotion and environmental sounds. To
mitigate this acoustic information loss, recent
Audio LLMs have transitioned to end-to-end
architectures that directly integrate continuous au-
dio representations. This shift has driven diverse
innovations, ranging from commercial flagships
to open-source models tailored for long-context
reasoning or parameter efficiency (Comanici
et al., 2025; Ghosh et al., 2026; Wu et al., 2025).
A parallel line of work explores dual-encoder
architectures to decouple semantic and acoustic
features (Tang et al., 2024; Hu et al., 2024).
However, these approaches typically fuse outputs
at the input level and apply both encoders on every
forward pass. Consequently, despite the overall
architectural advances, current models fail to tar-
get specific representational bottlenecks, leaving
them susceptible to middle-layer degradation in
highly complex acoustic scenarios.

Representation Analysis in Multimodal Mod-
els. As multimodal models scale, their internal
representations naturally converge toward a shared
semantic space (Lu et al., 2025), frequently at the
cost of discarding fine-grained, modality-specific
details (Chaudhuri et al., 2025). While exist-
ing works probe and optimize cross-modal encod-
ing (Alex et al., 2026), layer-wise analysis of how
audio LL.Ms progressively compress acoustic rep-
resentations remains largely unexplored—a gap
our diagnostic study directly addresses.

Dynamic Audio Reasoning. Recent audio
LLMs incorporate multi-step reasoning but
often suffer from internal text fallback, discard-
ing acoustic details. To force genuine audio
utilization, Step-Audio-R1 (Tian et al., 2025)
distills logical chains anchored to acoustics, and
Audio-Thinker (Wu et al., 2026b) uses adaptive
metacognition for compute allocation. Echo (Wu
et al., 2026a) advances “thinking with audio’
via continuous acoustic engagement. However,
these paradigms overlook layer-wise acoustic
degradation, implicitly assuming encoded features
remain intact throughout depth. Overtone secures
this foundation: by bypassing the compression
zone via delayed fusion, it resolves the bottleneck

>
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Figure 2: Linear probe accuracy across layers of
Qwen2.5-Omni 7B. Fine-grained acoustic features un-
dergo selective compression, with the steepest decline
concentrated in layers 6-12, while semantic features
are actively constructed—a representation reorganiza-
tion. Dashed lines indicate WavLM-Large accuracy as
an acoustic upper bound.

at its architectural source.

3 Diagnostic Study: Representation
Reorganization in Audio LLMs

Before introducing our method, we conduct a
layer-wise probing study (Hewitt and Liang, 2019)
to examine how audio LLMs transform acoustic
representations internally. The findings reveal a
representation reorganization phenomenon that di-
rectly motivates the architecture in Section 4.

3.1 Experimental Setup

We probe 14 representative layers of Qwen2.5-
Omni 7B (Xu et al., 2025a), densely sampling
the L6-L12 transition zone. Frozen WavLM-
Large (Chen et al., 2022) features serve as an ex-
ternal acoustic reference.

We define three probing tasks spanning seman-
tic and fine-grained acoustic attributes: Speaker
ID, Pitch Level, and Keyword Content. For each
layer, we train a single linear classifier on the ex-
tracted hidden states and report classification ac-
curacy. Speaker ID and Pitch Level measure fine-
grained acoustic information, while Keyword Con-
tent measures semantic discriminability.

All probes are trained on LibriSpeech (Panay-
otov et al., 2015). Speaker-disjoint splits are used
for Pitch Level and Keyword Content to prevent
identity leakage.

3.2 Key Findings

Figure 2 reveals a clear reorganization pattern
across the middle layers.

Keyword Content accuracy rises sharply from
22.8% at the encoder output to 64.4% by L8, then
remains relatively stable through deeper layers. In
contrast, Speaker ID accuracy drops by nearly 50
points overall, with the steepest collapse concen-
trated between L6 and L12. Pitch Level accuracy
follows a parallel trajectory. The onset of com-
pression is gradual, beginning around L4, but the
steepest concurrent change—where acoustic fea-
tures decline most sharply while semantic features
are constructed—is concentrated in L6-L12. We
refer to this region as the core compression zone.

This trade-off becomes clearer when compared
with WavLM-Large. While the LLM deep lay-
ers substantially lose speaker and pitch informa-
tion, WavLM largely preserves both attributes,
yet achieves much weaker semantic discrimina-
tion. The contrast suggests that the compression
is objective-driven: the language modeling ob-
jective encourages semantic abstraction, whereas
WavLM’s self-supervised speech objective pre-
serves fine-grained acoustic structure.

Appendix A.3 shows a similar qualitative trade-
off across three additional audio LLMs, suggest-
ing that the bottleneck is not specific to Qwen2.5-
Omni.

3.3 Design Implications

The probing results directly motivate three ar-
chitectural constraints for recovering fine-grained
acoustic reasoning.

(a) Injection should begin after the compres-
sion zone. Injecting acoustic features before the
core compression zone would expose them to the
same dynamics identified in Figure 2. We there-
fore begin delayed acoustic fusion at L12, a choice
validated by the injection layer ablation in Sec-
tion 6.2. The precise compression range may vary
across architectures (Appendix A.3), and the injec-
tion point should be selected empirically for each
base model.

(b) The acoustic source should remain inde-
pendent of the LLM. Using shallow LLM rep-
resentations as a bypass would still subject them
to downstream reorganization during training. A
frozen external encoder such as WavLM avoids
this contamination while preserving the acoustic
attributes the LLM progressively discards.

(c) Acoustic recovery should rely on adaptive
retrieval rather than attribute-specific experts.
Different acoustic attributes are compressed at dif-
ferent rates, making exhaustive expert decomposi-

13148



Question Text Text Tokens }

ol | Qwen Audio .
7 Bl [ Audio Tokens
l

First Pass
Inference

[system tokens] [audio tokens]
[question text tokens]

BaI;EbMo ne <think>This question involves a
(L0-L27) speaker change...<seg>2.5,4.0 </seg>

© |

Semantic Track

Second Pass Prefix:

2 = Qwen Audio Asem [First Pass Seq] + [<think>This question @ Frozen
] Encoder & involves a speaker change...] + [Xsem] O Pause
& S Segment ‘ () Trainabl
T‘; & Extraction — ¥ ‘ rainable
= % 5,4, Training + Infe
A= [2:5.4.0] WavLM-L Raw Acoustic Projection + X Acoustic Memory - rafnfng mrierence
avLM-Large o Features LayerNorm aco Buffer - -+ Training only
]
L12 — L27 Acoustic Info Compression Zone Gate g,
. : ; 0.2 LM Head a8 Final Answer
2 o Self-Attention | H, = SelfAttn(LN(H,) + H,) l
£ LLM + I A = CrossAttn(Q = Hp, K = Koo, V = Xyoy)
2 g o Gated Cross-Attention|” | =t A el Loa+ X+ Lrecon
S < (LO0-L27) H
S = ]
@A~ L2 L4 Prediction i
o ]
[ L0-L11 Self-Attention ] Ttk fon N ’ “*Xaco™ """ 77"

Second Pass Prefix

scratch

Figure 3: Overtone inference pipeline. The model generates a chain-of-thought with a <seg> tag (top), the identi-
fied segment is encoded through semantic and acoustic tracks (center), and the second pass injects acoustic features
via gated cross-attention at layers 12, 16, 20, 24 (bottom). Dashed elements are active only during training.

tion impractical. A shared acoustic pathway with
learned gating allows the model to dynamically re-
trieve task-relevant acoustic information without
manually defining acoustic categories.

4 Method: Overtone

We now present Overtone, an architecture directly
motivated by the diagnostic findings of Section 3.

4.1 Overview

Overtone is an on-demand mechanism that acti-
vates only when the model determines that fine-
grained acoustic evidence is needed. The pipeline
proceeds in three stages (Figure 3):

First pass. Given a full audio input and a
question, the model generates a chain-of-thought
(CoT). When acoustic verification is needed, it
emits a structured tag <seg>s, e</seg> indicating
the relevant time interval [s, e].

Dual-track extraction. The segment [s,e] is
extracted from the original waveform and en-
coded through two independent paths: a semantic
track (Xgem, from the Qwen audio encoder) and
an acoustic track (X,c,, from a frozen WavLM-
Large). The two tracks carry complementary infor-
mation by design: the Qwen encoder is pre-trained
for semantic alignment, while WavLM’s masked
speech prediction objective preserves fine-grained
acoustic detail.

Second pass. X, is appended to the token
stream as standard audio tokens and participates
in self-attention from LO onward. X, is stored in
an acoustic memory buffer and accessed via gated
cross-attention at four designated layers. The
model then generates a second-pass answer with
access to both semantic context and high-fidelity
acoustic evidence.

4.2 Delayed Acoustic Fusion

The acoustic track is extracted via a frozen
WavLM (preventing objective-driven distortion)
and aligned to the LLM dimension via a
trainable projection and LayerNorm: Z,c,
WavLM(wavs.e), Xaco = LN(Wproj Zaco + bproj)-
At layers [ € {12,16,20,24}, we append a
gated cross-attention module to the standard self-
attention output H;. This sparse placement covers
the post-compression zone with modest overhead:

H] = SelfAttn;(H;)

A; = CrossAttn) (Q=H], K=Xuco, V=Xuco)
f{l,t = Hz/,t +g1e - A
where g;; = o(W;RMSNorm(H/,) + b;) is a
token-dependent gate. Building on Alayrac et al.
(2022), we initialize W;=0 and b;= — 5 to ini-
tially preserve pretrained LLM behavior. During
training, tokens requiring fine-grained acoustic ev-

idence learn to open the gate, while routine reason-
ing tokens keep it closed. When acoustic memory
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is empty, the gate is forced to zero, skipping cross-
attention entirely.

4.3 Reconstruction Regularization

Even with delayed injection, a risk remains: the
QA loss alone provides an indirect learning signal
for the acoustic bypass. Consequently, the model
may develop semantic shortcuts that partially ad-
dress acoustic tasks without fully utilizing the in-
jected features. We address this with an explicit
reconstruction objective:

T
recon - T Z(l — COs f9 H( )7 g(ZZECg))>

where T is the acoustic token count, Hg) is the
layer L hidden state, fy is a prediction head, and
sg denotes the stop-gradient operator. This en-
courages deep representations to retain informa-
tion predictive of the WavLM features.

4.4 Learned Re-listening Trigger

Enabling autonomous segment localization and se-
lective re-listening is a non-trivial problem. We
decompose this into two training stages with sepa-
rate objectives.

Stage 1: SFT cold start. We train on supervised
examples where each sample pairs a question with
an oracle segment annotation. The model learns
both the trigger syntax and segment localization.
The training loss combines standard next-token
cross-entropy with the reconstruction regulariza-
tion: Lspr = ['QA 4+ A+ Lrecon-

Stage 2: GRPO refinement. We then apply
Group Relative Policy Optimization (GRPO; Shao
et al., 2024) with a composite reward R =
Racc + Rformat + Rseg + Rpenalty- Here, Racc re-
wards answer correctness, Rfoma rewards valid
segment formatting, Rg, rewards segment IoU,
and Rpenaiy penalizes malformed outputs. This
stage refines segment localization beyond SFT su-
pervision without requiring gold chain-of-thought
annotations. We set A = 0 and drop reconstruction
regularization in this stage.

At inference time, a lightweight post-hoc con-
troller decides whether to execute the second pass
to avoid unnecessary computational overhead.

5 Experimental Setup
5.1 Training Data

We construct a dataset of approximately 75k
multiple-choice QA pairs spanning four audio do-
mains (Table 1). Mixed-modality samples con-
catenate clips from different domains with short
silence gaps, yielding questions that require cross-
domain reasoning.

Domain Sources Samples

LibriSpeech

Speech VoxCeleb2 31k

AudioSet-Strong
Environmental FSD50K 18.8k
ESC-50

. MusicCaps

Music AudioSet-Strong 15k

Mixed Cross-domain concatenation 11k

Table 1: Training data by domain, sourced from Lib-
riSpeech (Panayotov et al., 2015), VoxCeleb2 (Chung
et al., 2018), AudioSet-Strong (Hershey et al., 2021),
FSD50K (Fonseca et al., 2022), ESC-50 (Piczak, 2015),
MusicCaps (Agostinelli et al., 2023).

The data pipeline enforces two quality proper-
ties beyond standard filtering:

Cross-model consensus. Qwen2.5-Omni first
captions each audio clip, prompting Gem-
ini 2.5 Pro (Comanici et al., 2025) to gener-
ate multiple-choice questions with CoT rationales.
Qwen then answers these questions based on the
raw audio. A Gemini-based judge (Zheng et al.,
2023) then evaluates each sample on both cross-
model answer consensus and CoT-segment consis-
tency, retaining only samples passing both checks
for SFT training.

Audio-centricity filtering. To filter out ques-
tions answerable via text priors or world knowl-
edge, we re-run Qwen using silent audio. Samples
answered correctly without audio signal are classi-
fied as weak and discarded. Only the strong sub-
set is retained to focus training on tasks requiring
audio-text grounding.

5.2 Implementation Details

Base model and architecture. We build on
Qwen2.5-Omni 7B, fine-tuning the LLM back-
bone via LoRA (Hu et al., 2022) (rank 16, a=32)
on all attention and MLP projections. The gated
cross-attention modules (layers 12, 16, 20, 24)
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Table 2: Comparison on MMAU and MMAR benchmarks. Speech, Sound, and Music are MMAU domain scores.
Top three open-source <8B models are bolded, underlined, and wavy.

MMAU (%) MMAR
Model Size  Speech Sound Music  Avg Avg
Proprietary
GPT-40-Audio (Hurst et al., 2024) - 69.33 63.20 4993 60.82 64.09
Gemini-2.5-Pro (Comanici et al., 2025) - 72.67 70.63  64.77 69.36 70.03
Step-Audio-2 (Wu et al., 2025) - 72.75 80.60 68.23 73.86 -
Open-source (large)
Qwen3-Omni (Xu et al., 2025b) 30B 70.70 77.87 66.83 71.80 65.50
Step-Audio-R1 (Tian et al., 2025) 33B 76.50 85.24  71.27 77.67 69.15
Open-source (< 8B)
Qwen2.5-Omni (Xu et al., 2025a) 7B 68.90 76.77  67.33  71.00 57.33
Audio-Flamingo-3 (Goel et al., 2025) 82B  66.97 75.83 7447 72.42 58.50
AF-Next-Captioner (Ghosh et al., 2026) 8B 72.13 79.87 7530 75.76 63.00
MiMo-Audio (Zhang et al., 2025) 7B 68.47 82.58 73.65 7490 63.60
Omni-R1 (Rouditchenko et al., 2025) 7B 75.80 78.30  70.80 7497 63.46
Audio-Thinker (Wu et al., 2026b) 7B 76.60  79.03 70.53  75.39 67.25
Echo (Wu et al., 2026a) 7B 77.87 7962 7233 76.61 69.99
Overtone (Ours) 74B  80.97 77.87 74.13 77.66 69.58

and acoustic projection are trained from scratch.
WavLM-Large (Chen et al., 2022) and the Qwen
audio encoder remain frozen.

Training. Stage 1 (SFT) trains for 5 epochs with
learning rate 5x 107, effective batch size 64, bf16
precision, and maximum sequence length 2048.
The reconstruction weight is A=0.1. Stage 2
(GRPO) uses 8 rollouts per prompt, a 0.04 KL co-
efficient, and temperature 1.0. All experiments are
conducted on §xA100 80GB GPUs.

5.3 Evaluation Benchmarks

We evaluate on four public benchmarks. MMAU
(and its MMAU-mini split) (Sakshi et al., 2024)
covers speech, sound, and music reasoning.
MMAR (Ma et al., 2025) emphasizes cross-
domain multimodal reasoning. MMAU-Pro (Ku-
mar et al., 2026) extends MMAU with open-ended
QA evaluated by an LLM judge. MMSU (WANG
et al., 2026) targets fine-grained spoken language
understanding across perception and reasoning di-
mensions. Ablation and analysis experiments use
MMAU-mini for computational efficiency.

6 Results and Analysis

6.1 Main Results

Table 2 compares Overtone with state-of-the-art
audio understanding models spanning proprietary
systems, large open-source models, and recent

reasoning-enhanced approaches at the same pa-
rameter scale (<8B).

MMAU. Overtone achieves the highest overall
MMAU score among all open-source <8B mod-
els, surpassing Echo by over 1pp and even ex-
ceeding the 30B Qwen3-Omni. The per-domain
breakdown reveals where the gain originates. On
Speech, Overtone leads by a substantial margin
(+3.1 pp over the second-best model), outperform-
ing every model in the table including proprietary
systems. It also ranks second among <8B models
on Music, while remaining competitive on Sound.

The larger gains on Speech and Music are con-
sistent with our diagnosis that fine-grained acous-
tic cues are preferentially compressed, whereas
Sound relies more on coarser event-level informa-
tion.

MMAR. On MMAR, Overtone ranks second
among <8B open-source models (within 0.4 pp of
Echo) and performs competitively with Gemini-
2.5-Pro and the 4x larger Step-Audio-R1. The
+12.3pp gain over base Qwen2.5-Omni con-
firms the bypass generalizes beyond MMAU to
structurally different benchmarks featuring mixed-
modality and multilingual content.

MMAU-Pro and MMSU. Table 3 shows con-
sistent gains on both benchmarks. On MMAU-
Pro, Overtone improves overall accuracy by
+7.6 pp, including +7.5 pp on Open-Ended QA. On
MMSU, the largest gains occur in Phonology Per-
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Table 3: Results on MMAU-Pro (Kumar et al., 2026) and MMSU (WANG et al., 2026). MMAU-Pro Open-Ended
is scored by an LLM judge. MMSU reports Perception (Per.) and Reasoning (Rea.) across Semantics (Sem.),
Phonology (Pho.), and Paralinguistics (Par.) dimensions. Both benchmarks are evaluated with identical inference

settings and are not used for training or model selection.

MMAU-Pro (%) MMSU (%)
Sem. Pho. Par. Sem. Pho. Par.
Spe. Snd.  Mus. Open Avg Per. Per. Per. Rea. Rea. Rea. Ovr.
Qwen2.5-Omni  58.1 47.8 627 563 546 554 37.6 39.5 88.0 81.8 52.2 61.0
Overtone 75.6 51.7 69.5 63.8 622 613 68.0 66.4 87.6 89.0 69.6 75.4
A +17.5 +3.9 +6.8 +7.5 +7.6 +59 +304 +269 04 +72 +174 +144

ception (+30.4 pp) and Paralinguistics Perception
(+26.9pp), while Semantics Reasoning remains
stable (87.6% vs. 88.0%). These results further
support the benefit of the acoustic bypass on fine-
grained perceptual dimensions.

6.2 Ablation Studies

We conduct ablations on MMAU-mini (Table 4),
verifying the effectiveness of each component and
the generality of the encoder choice. We report A
relative to 81.5% for consistency across groups.

Delayed fusion with reconstruction loss is essen-
tial. Delayed fusion already outperforms early
fusion even without reconstruction, consistent
with our diagnostic finding that early fusion ex-
poses features to the compression zone. However,
adding Liecon to early fusion hurts performance,
likely because reconstruction pressure in the com-
pression zone creates conflicting optimization sig-
nals. This establishes the delayed bypass as the
necessary structural foundation.

WavLM bypass outperforms raw re-listening.
Raw re-listening, which re-injects segments via
the standard audio encoder into all LLM layers,
scores below even single-pass delayed fusion with-
out reconstruction. In contrast, delayed WavLM
bypass directly routes uncompressed acoustic fea-
tures around the compression zone, achieving
82.3% with oracle segmentation. With learned seg-
ment triggers, Overtone closely matches this per-
formance, demonstrating reliable autonomous lo-
calization.

Injection layer selection. Group (c) confirms
L12 as the optimal fusion start. Performance
peaks when fusion begins at L12 and degrades in
both directions: earlier fusion remains subject to
reorganization dynamics, while later fusion loses
its intermediate-layer influence. The precise op-

timal layer may vary across architectures, as the
compression zone location differs by model (Ap-
pendix A.3); we recommend selecting the injec-
tion point via a lightweight layer ablation when
applying Overtone to a new base model.

Bypass carries causal information. We further
verify the acoustic bypass causality under single-
pass settings (Group (d)). Accuracy drops progres-
sively from normal bypass to shuffled features to
complete removal of acoustic input. The 9.8 pp
gap between normal and no-acoustic conditions
proves improvements stem from actual acoustic
evidence, not merely additional compute.

Encoder generality. Group (e) disentangles the
contributions of the delayed fusion architecture
and the specific encoder choice by replacing
WavLM with two alternative frozen encoders un-
der the identical architecture (SFT stage only
for controlled comparison). Both HuBERT-Large
(+8.0pp over SFT-only) and Whisper-Large-v3
(+5.3 pp) yield substantial gains, confirming that
the delayed fusion architecture contributes inde-
pendently of encoder choice. The stronger Hu-
BERT gain (+8.0pp vs. +5.3 pp for Whisper) is
consistent with richer acoustic preservation bene-
fiting the bypass.

6.3 Mechanism Analysis

6.3.1 Per-Domain and Subtask Analysis

Figure 4 tracks domain-level accuracy and in-
ference latency from Base to SFT to Overtone.
While standard SFT effectively captures coarser
event-level structure like Sound, it plateaus on
fine-grained domains. Overtone further improves
Speech (+17.4 pp over SFT) and Music (+13.4 pp).
This confirms that task fine-tuning alone cannot re-
cover compressed acoustic details.

The per-sample re-listening trigger rate fur-
ther supports selective invocation: Speech trig-
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Table 4: Ablation studies on MMAU-mini. Each group
isolates one design dimension. Groups (a), (c)—(e) use
the SFT stage only for controlled comparison, while
Group (b) evaluates the two-pass re-listening strategy.
A is reported relative to 81.5%.

Configuration Acc. (%) A

(a) Fusion strategy: single forward pass, varying injection
depth and reconstruction loss

Base model (zero-shot) 56.5 —25.0
SFT-only (no bypass) 703 —11.2
Early fusion, no Lrecon 75.0 —6.5
Early fusion + Lrecon 72.4 —-9.1
Delayed fusion, no Lrecon 76.8 —4.7
Delayed fusion + Lrecon 81.5 0.0

(b) Re-listening strategy: two-pass pipeline, varying encoder
and segmentation source

Raw re-listen via standard encoder 74.4 —7.1
Oracle segmentation WavLM bypass 82.3 +0.8
Learned WavLM bypass (Overtone) 81.5 0.0

(c) Injection layer selection: delayed fusion, varying starting
layer

Early fusion (LO Start) 75.0 —6.5
L4 Start (4, 8, 12, 16) 738 7.1
L8 Start (8, 12, 16, 20) 79.9 —1.6
L12 Start (12, 16, 20, 24) 81.5 0.0
L16 Start (16, 20, 24, 27) 76.7 —4.8
L20 Start (20, 22, 24, 26) 732 83

(d) Acoustic content verification: single-pass with controlled
acoustic inputs

Normal bypass (real features) 78.7 —2.8
Shuffled features 711 —-104
Mean-pooled bypass 75.5 —6.0
No acoustic input 68.9 —12.6

(e) Frozen encoder selection: identical delayed fusion archi-
tecture, SFT stage only

Whisper-Large-v3 (ASR, supervised) 75.6 —-5.9
HuBERT-Large (SSL, self-supervised) 78.3 —3.2
WavLM-Large 81.5 0.0

gers most frequently (73.4%), followed by Mu-
sic (56.7%) and Sound (51.9%). This ordering
mirrors the diagnostic findings and performance
gains.

Subtask breakdowns (Appendix Table 10) show
the largest gains in acoustically demanding cat-
egories (e.g., Phonemic Stress Pattern Analy-
sis +28.3pp, Rhythm and Tempo Understand-
ing +23.9pp). Conversely, knowledge-dependent
tasks like Eco-Acoustic Knowledge show slight
decreases, consistent with the bypass providing
limited benefit when the bottleneck is world
knowledge.

In terms of overhead, Overtone adds trainable
cross-attention modules and an acoustic projec-
tion (WavLM is frozen), with +0.36s average in-
ference latency (~18% increase over SFT-only).
When the bypass is not triggered, Overtone skips

100% 3.5
Base Qwen (Acc) mmm SFT-only (Acc) mmm Overtone (Acc)
Base Qwen (Lat) m=m SFT-only (Lat) == Overtone (Lat)
90% +17.4 30
= 84.7 +2.7
g 81.7 +13.5 036 Los
Z 80% 79.0 78.1 - *
9 2
s >
g . 2.0 §
< 70% 67.3 §
= 64. 15
E 61.6 g
2 60% " =
2 54.6 53.6 1o
9
50% 0.5
40% " 0.0
Speech Sound Music Latency
Category

Figure 4: MMAU-mini accuracy by domain and time
latency across Base, SFT, and Overtone. Largest gains
appear in Speech (+17.4 pp over SFT), while introduc-
ing a marginal latency overhead (+0.365s).

WavLM encoding and second-pass acoustic recov-
ery entirely.

6.3.2 Learned Trigger Quality

Overtone with learned segment triggers achieves
81.5% on MMAU-mini, closely matching the
oracle-segmentation setting (82.3%). Beyond ac-
curacy, we directly evaluate segment localization
quality using IoU (intersection over union between
predicted and oracle time intervals): the learned
triggers achieve a mean IoU of 0.93 with oracle
segments, with over 96% of segments exceeding
IoU > 0.5. The invalid-segment fallback rate re-
mains below 7% across benchmarks, indicating re-
liable localization.

6.3.3 Post-training Probing

Figure 5 compares post-training probes for Base,
SFT-only, and Overtone.

For Speaker ID, the base model approaches
chance-level performance at L12. SFT-only par-
tially restores this, but Overtone recovers substan-
tially further (+24.7 pp over the base). Pitch Level
follows a similar trend (+15.3 pp gain) at L.12.

The consistent gap over SFT-only indicates re-
covery beyond standard fine-tuning.

6.3.4 Gate Activation Analysis

Figure 6 reports mean gate values across injec-
tion layers and subtasks, with stronger activation
in deeper layers.

Interestingly, gate usage defies a strict acoustic-
versus-semantic dichotomy. Tasks such as event
counting and co-occurrence, despite appearing
largely semantic, still exhibit strong gate activa-
tion, likely because they require precise temporal
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Figure 5: Post-training linear probe accuracy across layers. Overtone recovers acoustic information in the com-
pression zone (L6-L12) relative to both the base model and SFT-only baselines.
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Figure 6: Learned gate activation values across injec-
tion layers and subtasks. Gates open progressively
in deeper layers, confirming active utilization of the
acoustic bypass.

localization. This suggests gates learn nuanced
usage patterns beyond binary task categorization,
presenting an avenue for future investigation.

6.3.5 Failure Analysis

We identify three failure modes where the acous-
tic bypass provides limited or negative benefit: (1)
Global temporal questions. Case 4 (Appendix E)
shows that segment-localized re-listening can am-
plify salient local detail at the expense of holistic
context: the model correctly localizes a tempo-
relevant segment but over-interprets local rhyth-
mic variation as a global tempo trend. (2) World-
knowledge-dependent tasks. Eco-Acoustic Knowl-
edge (Table 10) shows a slight decrease (—2.1 pp
from SFT), as this subtask relies on factual knowl-
edge that the acoustic bypass cannot supply. (3)
Short clips. On clips shorter than 3 s, the learned
trigger typically defaults to the full clip, providing
no localization benefit over a naive full-clip base-
line.

These failure modes clarify the scope of the ap-
proach: the acoustic bypass is most effective when

the diagnostic evidence is local and fine-grained,
and provides diminishing returns for tasks requir-
ing global integration or external knowledge.

7 Conclusion

We identify a representation reorganization bot-
tleneck in audio LLMs, where semantic abstrac-
tion coincides with reduced recoverability of fine-
grained acoustic information. Guided by this di-
agnosis, Overtone uses delayed acoustic fusion to
bypass the affected layers. Overtone achieves the
highest MMAU score among open-source <8B
models, while post-training probes confirm recov-
ery of acoustic structure.

Limitations

Although Overtone improves fine-grained acous-
tic reasoning, gains are smaller on tasks dominated
by global integration or world knowledge. In addi-
tion, learned gates do not exhibit a clean acoustic-
versus-semantic separation, and their routing be-
havior remains difficult to interpret.

Ethical Considerations

Overtone improves fine-grained acoustic discrim-
ination, particularly speaker identity recognition.
While this capability is developed for benign audio
understanding benchmarks, it could in principle
facilitate speaker profiling or surveillance if mis-
applied. We note that Overtone operates on pre-
existing open-source models and public datasets,
and does not introduce new speaker identifica-
tion capabilities beyond what dedicated speaker
verification systems already provide. Neverthe-
less, practitioners deploying similar architectures
should consider privacy safeguards and adhere to
applicable data protection regulations.
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A Probing Study Details

A.1 Probe Training Configuration

All linear probes are single nn.Linear classifiers
trained on frozen hidden states extracted from the
target model. The probe training configuration is
summarized in Table 5.

Table 5: Linear probe training configuration.

Item Value

Probe architecture single linear layer
Optimizer Adam

Learning rate 1x1073

Batch size 64

Max epochs 50

Early stopping patience 5

Loss cross-entropy
Seeds 5

Hidden states are obtained as the layer output
averaged over audio token positions. For the audio
encoder reference (ENC), we use the Qwen audio
encoder output prior to projection into the LLM
hidden space. For WavLM-Large, we mean-pool
the final layer output in the same way. We probe
14 layers across the LLM (L0, L2, L4, L6, L8, L9,
L10, L11, L12, L14, L16, L20, L24, L.27), with
denser sampling in the L6-L12 transition zone.

Sample sizes per probe task (train / val / test
splits) are listed in Table 6. Pitch Level and Key-
word Content use speaker-disjoint splits to pre-
vent identity leakage; Speaker ID splits utterances
within speakers.

Table 6: Probe dataset sizes.

Task Train Val Test Total
Speaker ID 3514 753 753 5020
Pitch Level 1419 291 288 1998
Keyword Content 2039 464 461 2964
Pitch Direction 712 145 143 1000

Overlap Detection 314 68 66 448
Hard Overlap 1040 226 234 1500

A.2  Supplementary Probes

Beyond the three core probes reported in the main
paper, we conduct additional probes to verify that
the compression pattern is (i) consistent across
pitch encoding formats and (ii) selective with re-
spect to feature granularity.

Pitch Direction. A 2-class probe classifying
whether the FO trajectory is rising or falling. Like
the absolute Pitch Level probe, accuracy declines

Table 7: Supplementary probe accuracies (%, mean
over 5 seeds) at representative layers. Pitch Direction is
fine-grained and compresses with depth; Overlap vari-
ants are coarser and remain stable.

Layer Pitch Dir. Overlap Hard Overlap
ENC 65.0 95.5 97.0
LO 65.2 94.8 97.0
L4 64.3 95.5 96.6
L8 55.0 95.5 94.3
L12 49.2 95.5 93.0
L16 49.9 96.1 92.0
L20 51.1 94.2 90.7
L24 47.3 97.9 87.4
L27 47.0 93.9 86.1

through the compression zone—from 65% at the
encoder to roughly 50% at L12 and below—
confirming that both absolute pitch and pitch dy-
namics are compressed together.

Overlap Detection. A 2-class probe detecting
whether two voices are simultaneously present. In
contrast to fine-grained acoustic attributes, this
coarser pattern remains essentially intact across all
14 layers (94-98% accuracy, no decline through
L6-L12). A more challenging Hard Overlap vari-
ant with tighter overlap conditions shows a more
gradual decline through deeper layers (97% at
ENC — 86% at L.27) but does not collapse. Probe
accuracies are summarized in Table 7.

These results reinforce the selectivity of the
compression: information types that contribute
to next-token prediction (coarse overlap struc-
ture) are preserved, while fine-grained acoustic at-
tributes (pitch direction, like absolute pitch and
speaker identity) are systematically compressed in
the same L6-L.12 zone identified in the main text.

A.3 Cross-Model Generalization

To verify that representation reorganization is a
general phenomenon rather than a Qwen2.5-Omni-
specific artifact, we replicate the probing study on
three additional audio LLMs spanning different
scales and architectures: Audio-Flamingo-3 (8B,
28 layers), Qwen3-Omni (30B, 48 layers), and
Step-Audio-R1 (33B, 64 layers).

Two consistent phenomena emerge across all
three additional models (Figure 7). First, seman-
tic discriminability (Keyword Content) is actively
constructed in early LLM layers (LO-L8) across
all architectures, rising from near-chance encoder-
level accuracy. Second, and most critically for
our hypothesis, fine-grained acoustic information
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Figure 7: Cross-model probing results. Left: Audio-Flamingo-3 (8B). Center: Qwen3-Omni (30B). Right: Step-
Audio-R1 (33B). Across all three models, fine-grained acoustic features in deep LLM layers fall substantially
below the WavLM reference, while semantic features are actively constructed in early layers. The specific shape

of acoustic decline varies by architecture.

in deep LLM layers is substantially lower than
the WavLM reference (97% on Speaker ID), re-
gardless of model scale—deep-layer Speaker ID
ranges from 40% (Audio-Flamingo-3) to 74%
(Qwen3-Omni), all well below WavLM. This
holds even for Step-Audio-R1, which operates at
over four times Overtone’s parameter count.

The precise location where acoustic information
is lost varies by architecture: Audio-Flamingo-3
shows the steepest drop at the encoder-to-LLM
transition, Qwen3-Omni exhibits gradual decline
distributed across mid-to-deep layers, and Step-
Audio-R1 displays a non-monotonic trajectory
with early-layer enhancement followed by deep-
layer compression. We interpret this architectural
diversity as evidence strengthening rather than
complicating our central claim: four audio LLMs
with different encoders, different scales (7B—33B),
and different training pipelines all arrive at the
same end-state—deep representations that have
substantially lower fine-grained acoustic discrim-
inability than dedicated acoustic encoders. The
phenomenon is therefore not an artifact of any spe-
cific model design choice, but a general property
of audio language modeling.

This diversity also motivates Overtone’s de-
sign philosophy. Because the location of com-
pression is model-dependent, a robust architec-
tural intervention must be learnable and adaptive
rather than tied to any specific layer range. Our
gated cross-attention with diagnostic-driven injec-
tion layers (L12-L24 for Qwen2.5-Omni) imple-
ments exactly this principle: the gates learn where
and how strongly to retrieve acoustic information,
allowing the same architectural template to be re-
targeted to other audio LLMs by re-running the di-
agnostic probe to identify their specific compres-
sion profile.

B Method Details

B.1 Restart Controller

The Restart Controller is a lightweight post-hoc bi-
nary classifier that decides whether to execute the
second-pass re-listening after the first pass emits a
<seg> tag. It is trained offline and independently
from Overtone’s main weights; its gradient does
not flow back to the model.

Input features. The controller consumes ob-
servable signals from the first-pass output, includ-
ing: first-pass text length, presence and count of
<answer> and <seg> tags, parsed answer validity,
segment start/end/duration/center, out-of-bounds
margin, segment-to-audio duration ratio, answer
log-probability, and answer margin between top-1
and top-2 options.

Architecture. A 3-layer MLP: Linear —
ReLU — Linear — ReLU — Linear(1), with
hidden dimension 64. Numeric features are con-
catenated with a learned audio domain embedding
(e.g., speech/sound/music; embedding dim 8).

Label construction. For each first-pass output,
we additionally run the second pass and assign
y = 1 if the first pass was incorrect and the second
pass corrects it, and y = 0 otherwise (i.e., when
restarting would not help or would harm). La-
bels are constructed on a separate validation pool
drawn from the same data sources as SFT training
but disjoint from both the SFT/GRPO training data
and all evaluation benchmarks (MMAU, MMAR,
MMAU-Pro, MMSU).

Training. AdamW optimizer with learning rate
1 x 1073, weight decay 1 x 10~4, 200 epochs, and
weighted binary cross-entropy loss with positive
class weight set to the negative-to-positive ratio in
the training data.
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Threshold selection. We sweep the decision
threshold over [0.05, 0.95] in steps of 0.01 on a val-
idation set, selecting the threshold that maximizes
controller-gated final accuracy. Ties are broken in
favor of fewer harmful restarts.

B.2 Gated Cross-Attention

At each injection layer [ € {12,16,20,24}, a
gated cross-attention module is inserted after the
standard self-attention. The cross-attention uses
grouped-query attention (GQA) with 28 query
heads, 4 key/value heads, and head dimension 128,
matching the Qwen2.5-Omni decoder’s GQA con-
figuration. Queries are projected from the current
decoder hidden state H] € RT*? (with d = 3584);
keys and values are projected from the acous-
tic memory X,c, with the 4 KV heads repeat-
interleaved to 28 to align with the query heads be-
fore attention computation.

Acoustic projection. The acoustic memory
Xaco 18 produced by a trainable projection of
frozen WavLM features: a linear layer mapping
1024 — 3584 followed by LayerNorm. WavLM
remains frozen across all training stages.

Gate initialization. Gates are initialized with
W; = 0 and by = —5 for all injection layers,
yielding initial gate value g;; = o(—5) ~ 0.007
uniformly across token positions at training start.
The zero-initialized projection means the input-
dependent routing is inactive at initialization—the
gate behaves as a constant near zero—and gradient
updates progressively unlock token-specific gating
throughout training.

Empty acoustic memory. During the first pass,
or when the Restart Controller suppresses the sec-
ond pass, the acoustic memory buffer is empty. In
this case, the cross-attention pathway is bypassed
entirely and the layer reduces to its standard self-
attention output, incurring no additional cost.

B.3 Reconstruction Loss

The reconstruction 10ss Lyecon i computed on the
final-layer hidden states—specifically, the output
of the LLM’s final RMSNorm—at positions corre-
sponding to audio tokens in the input sequence.

Prediction head fy. A 2-layer MLP with archi-
tecture 3584 — 2048 — 1024 (GELU activa-
tion after the first layer). The 1024-dimensional
output matches WavLM’s feature dimension. fy

Table 8: Data pipeline funnel. The first two rows (audio
sourcing) are counted at the clip level; subsequent rows
count generated QA pairs. “Overall” denotes retention
from raw QA generation to the final SFT training set.

Stage Count Pass rate / ratio
Audio clips collected 98,513 —
Captions generated 98,400 99.9%
Raw QA generated 258,793 2.63 /clip
Structural postprocessing 254,086 98.2%
Judge-routed to SFT 154,689 60.9%
Silent-audio strong subset 75,851 49.0%
Final SFT training set 75,851 29.3% (overall)

is trained jointly with the cross-attention modules
during Stage 1 and discarded at inference.

Loss schedule. )\ = 0.1 during Stage 1 (SFT),
A = 0 during Stage 2 (GRPO), and Liecon is not
used during the Restart Controller training stage.
We disable Lyecon during GRPO to allow the policy
to specialize on the task reward signal without con-
tinued representation-level constraints; by the end
of SFT, the regularization has served its purpose of
anchoring deep-layer representations to WavLM-
derived targets.

No-recon ablation. The “w/o recon” variant ref-
erenced in the main paper’s ablations uses iden-
tical Stage 1 hyperparameters but sets A = 0
throughout. All other components, including the
cross-attention modules and their gate initializa-
tion, are unchanged.

C Data and Training Details

C.1 Data Pipeline Statistics

Table 8 summarizes the multi-stage filtering
pipeline used to construct the SFT training set.

Audio-centricity filtering. After judge routing,
the 154,689 SFT-routed samples are re-evaluated
on a silent-audio variant of each input. Samples
answered correctly without audio (78,838, 51.0%)
are classified as weak and discarded; the remain-
ing 75,851 (49.0%) constitute the audio-grounded
strong subset used for SFT training. The high
weak-sample proportion indicates that judge vali-
dation alone is insufficient as a quality filter—over
half of judge-validated samples could be answered
from textual priors—making this step essential to
ensure the training signal genuinely depends on au-
dio.
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Table 9: GRPO reward weights.

Component Weight
Wace +0.50
Wimt +0.20
Wseg +0.15
Waoob —0.30
no-seg penalty —-0.10
multi-answer penalty —0.05
trailing/prefix-text penalty —0.05
structure penalty —0.02
KL coefficient 0.04

GRPO training data. The GRPO stage uses a
separate pool of 20,207 examples disjoint from
the SFT training set. This pool comprises 10,762
samples routed by the judge for reward-based
refinement (where the reader models agreed on
the answer but the CoT trace warranted improve-
ment) and 9,445 additional samples selected from
a harder pool where the two reader models initially
produced different answers despite a well-formed
question. The composition balances cleaner re-
ward signal with harder cases where the outcome
reward can supervise learning without requiring
gold-standard CoT, consistent with our motivation
for the GRPO stage in Section 4.4 of the main pa-
per.

C.2 GRPO Reward Function Details

The composite reward used in our experiments is:
R= Racc + Rformat + Rseg + Rpenalty-

Component definitions.

* Racc: +wac if the parsed answer matches the
ground-truth option, 0 otherwise.

* Rformat: +weme if the output contains a well-
formed <seg>s, e</seg> tag, 0 otherwise.

* Rgeg: Wseg - IoU(pred, oracle) when an ora-
cle segment is available; subject to an OOB
penalty woep if the predicted segment exceeds
the audio duration (tolerance 0.5 s).

* Rpenay: small penalties for malformed
structure—multiple answers, trailing/prefix
text outside the structured template.

Default weights. Table 9 lists the reward
weights used in our experiments.

OOB conditions trigger when s < 0, e >
T+0.5,s > e,ore—s < 0.05s (where T is the au-
dio duration). Within each group of G rollouts per
prompt, the GRPO advantage is the standardized
reward A; = (R; — ur)/oR, and the policy is up-
dated to increase the probability of high-advantage

rollouts subject to a KL constraint against the SFT-
initialized reference policy.

D Additional Experimental Results

D.1 MMAU-mini Full Subtask Breakdown

Table 10 provides the complete per-subtask accu-
racy of Base Qwen, SFT-only, and Overtone on
MMAU-mini (1,000 samples, 27 subtasks across
three domains).

D.2 MMAU Full Set Per-Subtask Results

Table 11 reports Overtone’s per-subtask accuracy
on the full MMAU benchmark (9,000 samples),
spanning the same 27 subtasks at substantially
larger per-category sample sizes than the mini
split.

The pattern observed on MMAU-mini is pre-
served at the larger sample sizes: Speech
remains Overtone’s strongest domain (81.0%),
driven by tasks requiring fine-grained acoustic dis-
crimination (e.g., Multi Speaker Role Mapping
99.1%, Dissonant Emotion Interpretation 95.1%).
The hardest subtasks—Emotion Flip Detection
(36.9%, Speech) and Temporal Reasoning (44.4%,
Music)—both involve global structural reasoning
that goes beyond local segment-level acoustic ver-
ification, consistent with the limitations discussed
in the main text.

E Case Studies

We present four representative examples illustrat-
ing Overtone’s behavior on different task types.
Cases 1-3 are success cases where second-pass re-
listening corrects a first-pass error; Case 4 is a fail-
ure case where re-listening introduces an error de-
spite accurate segment localization. “Correct an-
swer” denotes the benchmark’s reference label for
each multiple-choice question.

Case 1: Speaker Comparison (success).

Audio. Two speech segments: speaker A at 0—4.0s,
speaker B at 4.3-8.3 s.

Question. Listen to both speech segments. Are
they from the same speaker or different speakers?
Options. (A) Yes, same speaker; (B) No, differ-
ent speakers; (C) Cannot determine; (D) Only one
speaker is present.

Correct answer: A.

First-pass output: B.

Second-pass output: A.

13161



Table 10: MMAU-mini full subtask breakdown. Accuracy (%) for Base Qwen, SFT-only, and Overtone. N denotes

samples per subtask.

Domain  Subtask N Base SFT Overtone
Multi Speaker Role Mapping 27 815 852 96.3
Event-Based Knowledge Retrieval 33 485 909 87.9
Key Highlight Extraction 21 905 905 95.2
Conversational Fact Retrieval 22 636 955 95.5

Speech Phonological Sequence Decoding 49 612 755 87.8
Dissonant Emotion Interpretation 35 543 743 88.6
Phonemic Stress Pattern Analysis 53 377 566 84.9
Counting 29 448 552 82.8
Emotion State Summarisation 44 432 364 63.6
Emotion Flip Detection 20 500 300 75.0
Speech subtotal 333 547 673 84.7
Sound-Based Event Recognition 46 674 870 89.1
Event-Based Sound Reasoning 48 68.8 813 87.5
Eco-Acoustic Knowledge 47 489 76.6 74.5

Sound Acoustic Source Inference 48 68.8 875 93.8
Acoustic Scene Reasoning 48 500 77.1 77.1
Ambient Sound Interpretation 48 646 792 77.1
Temporal Event Reasoning 48 625 646 72.9
Sound subtotal 333 61.6 79.0 81.7
Socio-cultural Interpretation 20 700 750 80.0
Emotional Tone Interpretation 33 636 879 93.9
Lyrical Reasoning 10 600 800 90.0
Instrumentation 35 600 714 80.0

Music Melodic Structure Interpretation 33 576 66.7 78.8
Rhythm and Tempo Understanding 46 326 565 80.4
Musical Genre Reasoning 34 676 765 85.3
Musical Texture Interpretation 34 529 67.6 88.2
Harmony and Chord Progressions 33 63.6 66.7 81.8
Temporal Reasoning 56 375 357 50.0
Music subtotal 334 53,6 64.7 78.1

Overall 1000 56.5 70.3 81.5

First-pass CoT. “lI need to compare the vo-
cal characteristics. . . <seg>0.00,8.00</seg> ...
have distinctly different vocal qualities.”
Second-pass CoT. “. .. share similar vocal timbre
and speaking style.”

Localization. Predicted [0.0, 8.0], oracle [0.0, 8.0],
IoU 1.00.

Analysis. A direct illustration of Overtone’s core
mechanism. The first pass misjudges speaker iden-
tity using the LLM’s deep-layer representation,
where speaker information has been compressed.
Re-listening with WavLM features supplies the
timbre evidence needed to correct the comparison.

Case 2: Pitch Comparison (success).

Audio. Two consecutive speech segments span-
ning 0-7.3s; the task is to compare the pitch of
the second segment relative to the first.

Question. How does the pitch of the second speech
segment compare to the first?

Options. (A) Same pitch; (B) Higher pitch; (C)
Cannot determine; (D) Lower pitch.

Correct answer: D.

First-pass output: B.

Second-pass output: D.

First-pass CoT. ... <seg>0.00,7.30</seg> ...
the second segment has a higher fundamental fre-
quency.”

Second-pass CoT. ... the second segment has a
lower fundamental frequency.”

Localization. Predicted [0.0, 7.3], oracle [0.0, 7.3],
IoU 1.00.

Analysis. A direct comparison task on pitch—one
of the most heavily compressed acoustic attributes
in our probing study. The first pass inverts the rel-
ative FO ordering. With WavLM features routed
through the bypass during the second pass, the
model accesses pitch contours preserved by the
self-supervised speech encoder and correctly iden-
tifies the descending direction.
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Table 11: Overtone’s per-subtask accuracy on the full MMAU benchmark. N denotes total samples; E/M/H denote

difficulty stratification (Easy / Medium / Hard).

Domain Subtask N E/M/H Correct Acc. (%)
Multi Speaker Role Mapping 233 0/233/0 231 99.1
Event-Based Knowledge Retrieval 283 0/0/283 267 94.3
Key Highlight Extraction 189 0/189/0 183 96.8
Conversational Fact Retrieval 199 0/199/0 183 92.0

Speech Phonological Sequence Decoding 465 465/0/0 426 91.6
Dissonant Emotion Interpretation 304 0/304/0 289 95.1
Phonemic Stress Pattern Analysis 580 364/15/201 373 64.3
Counting 249 0/249/0 180 72.3
Emotion State Summarisation 368 0/0/368 249 67.7
Emotion Flip Detection 130 0/0/130 48 36.9
Speech subtotal 3000 829/1189/982 2429 81.0
Sound-Based Event Recognition 453 0/453/0 428 94.5
Event-Based Sound Reasoning 436 0/436/0 346 79.4
Eco-Acoustic Knowledge 442 0/442/0 349 79.0

Sound Acoustic Source Inference 426 0/426/0 333 78.2
Acoustic Scene Reasoning 453 0/453/0 345 76.2
Ambient Sound Interpretation 390 0/0/390 252 64.6
Temporal Event Reasoning 400 133/0/267 283 70.8
Sound subtotal 3000 133/2210/657 2336 77.9
Socio-cultural Interpretation 32 1471771 29 90.6
Emotional Tone Interpretation 269 97/131/41 215 79.9
Lyrical Reasoning 90 33/37/20 73 81.1
Instrumentation 313 221/88/4 246 78.6

Music Melodic Structure Interpretation 375 157/157/61 280 74.7
Rhythm and Tempo Understanding 392 138/242/12 323 82.4
Musical Genre Reasoning 316  36/250/30 235 74.4
Musical Texture Interpretation 350 138/194/18 317 90.6
Harmony and Chord Progressions 367 120/235/12 286 77.9
Temporal Reasoning 496 97/283/116 220 44.4
Music subtotal 3000 1051/1634/315 2224 74.1

Grand Total 9000 2013/5033/1954 6989 71.7

Case 3: Environmental Temporal Gap (suc-
cess).

Audio. Bird/farm ambience; chicken clucking
from O's to ~4.5s; relative quiet with background
birds; rooster crowing begins at ~8.35s.
Question. Which statement accurately describes
the sound events between 4.0 and 8.5 seconds?
Options. (A) Clucking transitions directly into
crowing; (B) Relative quiet with only background
bird chirping; (C) Rooster crows continuously; (D)
Completely silent.

Correct answer: B.

First-pass output: A.

Second-pass output: B.

First-pass CoT. “... <seg>4.00,8.50</seg> ...
clucking ends around 4.5s, followed by a brief
transition, then crowing. ..”

Second-pass CoT. . .. a distinct period of relative
quiet occurs between approximately 5.5 and 7.5
seconds. . .”

Localization. Predicted [4.0, 8.5], oracle [3.8, 8.7],
IoU 0.92.

Analysis. The bypass is not limited to speech tasks.
Overtone identifies the relevant temporal window
and the second pass recovers fine temporal struc-
ture within the environmental scene—a quiet gap
between two distinct events that the first pass over-
compressed into a direct transition.

Case 4: Music Tempo (failure).

Audio. Music throughout 0-10s; large room/hall
ambience.

Question. How does the tempo of the music
change from the beginning to the end of the clip?
Options. (A) Remains constant; (B) Gradually
speeds up; (C) Fluctuates unpredictably; (D) Grad-
ually slows down.

Correct answer: A.

First-pass output: A.

Second-pass output: B.
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First-pass CoT. “... <seg>0.00,3.00</seg> ...
rhythm and pace remain consistent throughout. . .”
Second-pass CoT. “... by the 3-second mark,
the pace. .. increased. . . final moments being the
fastest...”

Localization. Predicted [0.0, 3.0], oracle [0.0, 3.0],
IoU 1.00.

Analysis. An informative failure mode. The seg-
ment is localized perfectly, but the question re-
quires a global comparison between the clip’s
beginning and end. Concentrated re-listening
on the opening 3 seconds causes the model to
over-interpret local rhythmic variation as a global
tempo trend. This case clarifies a boundary of the
approach: segment-localized re-listening is most
beneficial when the diagnostic evidence is local,
and can be counterproductive for questions requir-
ing global temporal integration.

Note on segment localization. Case 3 (IoU 0.92
on a 10s clip with a relevant window of approxi-
mately 5s) demonstrates that the learned trigger
localizes precisely on longer audio with multiple
distinct events—substantially better than would be
achievable by trivially selecting the full clip. On
shorter clips with a single salient region, oracle
annotations and learned predictions both naturally
span the full duration.
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