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Abstract

Audio language model benchmarks provide
comprehensive evaluation across diverse tasks.
However, some tasks can be answered from the
transcript or even the question alone, and bench-
mark scores can therefore confound acoustic
understanding with language modeling ability.
We distinguish lexical tasks, for which the tran-
script usually suffices, from global-attribute
and within-recording-structure tasks, which re-
quire the model to analyse the recording be-
yond its words, either as a whole, for proper-
ties such as the speaker and emotion, or within
it, for patterns such as stress and intonation.
We evaluated 19 open models and Gemini 3.1
Pro on 92 tasks from 6 benchmarks and esti-
mated the recording gain, the accuracy advan-
tage of the original recording over references
that retain its words, by comparing the record-
ing with synthetic readings of its transcript and
by adding it to the transcript. On attribute and
structure tasks, the open models fall behind
Gemini by 28.6 and 41.9 percentage points,
and about half or more of each deficit lies in
the recording gain. Nevertheless, linear probes
in Gemma-4 12B and Qwen2.5-Omni-7B show
that the acoustic information needed for an-
swering is already readable in early language-
model layers, while the readout of many cues
declines in the layers that follow. We there-
fore constructed training data and trained LoRA
adapters in these layers, with a content anchor,
which raises attribute and structure accuracy by
12.8 to 44.4 points in the two models and keeps
mean lexical accuracy within 1 point of the
base model. Most of the improvement appears
as larger recording gains. These results sug-
gest that training improves the use of acoustic
information that the models already encode.

1 Introduction

Audio language models extend the language un-
derstanding and reasoning capabilities of large lan-
guage models to speech and other audio inputs

(Xu et al., 2025a). Comprehensive benchmarks as-
sess these capabilities through tasks ranging from
spoken-content understanding to speaker, emotion
and prosody recognition (Wang et al., 2025a; Yang
et al., 2024; Sakshi et al., 2025; Wang et al., 2026).
However, even with speech as input, a model may
rely only on its lexical content, or even the question
and options alone, to answer some questions. For
example, the wording of I am so happy may suffice
to answer an emotion question without analysing
the tone of the audio. In this situation, a cascaded
system (automatic speech recognition followed by
a text-based language model) may perform as well
as an audio language model. Benchmark scores can
therefore confound language modeling ability with
acoustic understanding. How much additional ben-
efit does an audio language model obtain from the
original recording beyond these recognized words?

The answer is likely to differ across tasks. For
questions that the words alone cannot answer, the
model must extract the required cues from the
recording itself, and these cues vary with the ques-
tion. We therefore distinguish three task classes
by the evidence needed to answer them (top of
Figure 1). Lexical tasks can usually be answered
using the ASR transcript alone. Global-attribute
tasks assess properties of the recording as a whole,
such as speaker identity and emotion, while within-
recording structure tasks assess prosodic patterns
and relations between segments, such as stress and
intonation. These questions require locating rele-
vant parts of the recording and reasoning how they
were spoken, for example which word was em-
phasized or which of two segments had a higher
pitch. Because an ASR transcript usually leaves
these acoustic patterns unspecified, the recording
has most to add on attribute and structure tasks and
least on lexical tasks.

Measuring whether models use this evidence re-
quires a reference that retains the words. Noise,
silence and audio removal disrupt the words along
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Data 92 tasks from 6 benchmarks, 13,707 items


Lexical
36 tasks

“He has a sharp mind.”

Q: What does “sharp” mean
in this sentence?
Intelligent and quick-thinking
Having a pointed edge


Global attribute
30 tasks

“The table was adorned
with lavish decorations.”

Q: What is the speaker’s gender?

male
female


Within-recording structure
12 tasks

“as in those old-fashioned
photographs of” ×3

Q: Which pitch pattern best
matches the audio?
medium-low-high
high-low-medium

Models 19 open-source
models

Gemini 3.1 Pro
through its API

all models

Qwen2.5-Omni-7B & Gemma-4 12B
(Gemma shown below)

Measure the recording gain
one item(e.g. pitch comparison)

medium low high
“as in those old-fashioned photographs of”

asked five ways
question only
synthetic reading original recording
transcript transcript + recording

S gain over a synthetic reading
same words, read by a synthetic voice


all tasks, by class 19 open Gemini

 lexical −0.3 +0.6
 attribute +9.8 +27.7
 structure +3.1 +26.4

Hgain over the transcript
the transcript is given in both


all tasks, by class 19 open Gemini

 lexical +0.8 +1.2
 attribute +8.0 +23.8
 structure +2.7 +22.6

probe the cue at each stage

gender
male or
female?

97.5

66.6

56.9

pitch
which is
higher?

97.9

65.6

52.1

stress
which word
stressed?

96.5

39.0

34.3

readout (%) of a linear probe

layers

early
0–9

middle
10–25

late
26–48

answers (%)

49.8 49.4 24.8

Training data 104k items, 219 h

Help the model look at structure
learn the right answer (cross-entropy)

“Which word carries the main
emphasis in this clip?” the

Help the model keep its ability
stay close to the untrained model (KL)

“What did the straw say
it would do?” as before

early unchanged

middle trained
LoRA, layers 10–25

late unchanged

accuracy % before after Gemini

 lexical 78.3 79.1 90.2
 attribute 34.7 53.6 75.3
 structure 35.4 66.2 75.4

Probe what is encoded Train the model to use it

Figure 1: Overview of the study, from the data and models (top) to the recording gain (a), the readout (b) and the
repair (c). The tasks are grouped by where the evidence for the answer lies. Each class is shown with one example
item, and the 14 mixed tasks are not shown. (a) One item asked with five inputs, and the class means of S and H in
percentage points (pp) for the mean of the 19 open models and for Gemini 3.1 Pro. (b) Readout of three acoustic
cues in the early, middle and late layers of Gemma-4 12B, and answer accuracy on the same items (chance 50%,
50% and 25%). (c) LoRA training of the layers where readout declines, with cross-entropy on acoustic questions
and a KL term, and accuracy by class before and after training, with Gemini shown for reference.

with other acoustic cues (Sakshi et al., 2025; Wang
et al., 2026; He et al., 2026; Foo et al., 2026),
and tests that place the words in conflict with the
voice require newly constructed stimuli (Chen et al.,
2026; Xiong et al., 2026; Pang et al., 2026). We
estimate the contribution of the original recording
beyond the transcript using two comparisons on ex-
isting benchmark items (Figure 1a and Section 2).
We call the corresponding accuracy differences the
recording gains. S is the recording’s accuracy ad-
vantage over synthetic readings of its transcript,
which retain the transcribed words, replace the

voice and prosody and remove background sound.
H is the accuracy gained by adding the recording
to its transcript. The comparisons involve different
changes to the input, and we examine the patterns
they share. We evaluate 19 open models and, as a
closed-model reference, Gemini 3.1 Pro on 13,707
items from 92 tasks in 6 benchmarks, then compare
linear-probe readout, with answer accuracy in two
open models and test a repair. In these two models
examined internally, the measurements show that
acoustic information can be present in the represen-
tations but underused in answers. Three findings
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give the evidence (Figure 1).

• Recording gain. The open models fall be-
hind Gemini most on attribute and structure
tasks, by 28.6 and 41.9 pp on average, and
about half or more of this deficit lies in the
recording gain (Section 3). The open models
thus benefit less from the information in the
recording than Gemini, whose S/H exceed
theirs by 17.9/15.8 and 23.3/19.9 pp.

• Readout. In the encoder-free Gemma-4 12B
(Gemma Team, 2026) and the encoder-based
Qwen2.5-Omni-7B (Xu et al., 2025a), the
acoustic information needed for many at-
tribute and structure tasks is readable from
early layers, while answer accuracy stays well
below this readout (Section 4). We call this
difference the utilization gap.

• Repair. We construct new training data and
train low-rank adapters (LoRA, Hu et al.,
2022) in the layers where readout declines,
with a content anchor that keeps answers to
content questions close to the base model’s
(Section 5). Training improves attribute and
structure accuracy by 12.8 to 44.4 pp in the
two models, while mean lexical accuracy re-
mains within 1 pp of the base model. On struc-
ture tasks, S/H rise from 2.5/5.2 and 1.8/2.7
to 29.6/29.5 and 38.9/46.0 pp. Post-training
analyses of readout and of the adapters are
consistent with better use of acoustic informa-
tion already encoded in the representations.

We release the data-construction scripts, the code
and the trained LoRA adapters.

2 Measuring the Recording Gain

We classify benchmark tasks by the evidence
needed to answer them, based on each task’s de-
scription and answer format. Our evaluation covers
92 tasks and 13,707 items from AudioBench (Wang
et al., 2025a), AIR-Bench (Yang et al., 2024),
Dynamic-SUPERB Phase-2 (Huang et al., 2025),
MMAU (Sakshi et al., 2025), MMAU-Pro (Kumar
et al., 2026) and MMSU (Wang et al., 2026) (Ap-
pendix A). The transcript usually suffices for the 36
lexical tasks. The 30 global-attribute tasks need
evidence about the recording as a whole, such as
the speaker, emotion, scene or number of speakers,
and the 12 within-recording structure tasks need
evidence about where something occurs or how

segments relate, such as which word is stressed or
which of two segments is higher in pitch. The re-
maining 14 mixed tasks combine lexical and acous-
tic judgements or require additional reasoning. The
class results in Sections 3 to 5 cover the 78 tasks
and 12,102 items of the first three classes, and the
mixed tasks appear only in the per-task results of
Appendix G. Appendix B lists the tasks in each
class.

Table 1: The five input conditions.

Form

Input Acc. Text Speech

Question and options only N

Whisper transcript A ✓
Synthetic reading of it T ✓
Original recording O ✓
Transcript and recording AO ✓ ✓

To estimate the contribution of the original
recording beyond the transcript, we pose each item
under five inputs with the same question and op-
tions (Table 1). N is accuracy with only the ques-
tion and options. A is accuracy with the transcript
of the recording produced by Whisper (Radford
et al., 2023). T is accuracy with a synthetic reading
of the transcript, O with the original recording and
AO with the transcript and recording together. The
two recording gains are S = O − T , the record-
ing’s advantage over synthetic readings of the same
transcript, and H = AO −A, the accuracy gained
by adding the recording to its transcript. The text-
to-speech system (rany2, 2024) reads the transcript
once in a female and once in a male voice, and
T is the mean over these two readings. The read-
ings retain the transcribed words while replacing
the original voice and prosody and removing back-
ground sound. A model answering a binary gender
question from the synthetic voice alone, for exam-
ple, averages chance accuracy over the two read-
ings. The retained readings have a word error rate
of 1.4% relative to their source transcripts. Ideally,
the two inputs of each comparison differ only in the
sound beyond the words. Each comparison, how-
ever, adds one further difference. S uses synthetic
speech as its reference and therefore also reflects
differences between natural and synthetic speech.
H gives the model the transcript in both conditions
and therefore also reflects how the model combines
text with audio. Neither of these differences en-
ters the other measure, and neither alone can cre-
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Mean of 19
O

(%)
gain S
(pp)

gain H
(pp)

Gemini 3.1 Pro

O
(%)

gain S
(pp)

gain H
(pp)

gain S, H or their mean (pp)

−30 −20 −10 −5 −2 +2 +5 +10 +20 +30

 Lexical 36 tasks 76.9 −0.3 +0.8 90.2 +0.6 +1.2
AudioBench QA 70.8 +0.3 +1.0 77.5 −0.6 +0.6
MMSU 80.3 −0.2 +1.3 94.5 +0.6 +1.4
Dynamic-SUPERB 55.5 −0.5 −1.7 80.2 0.0 −1.3
MMAU 76.1 −0.9 0.0 86.5 +2.0 +1.4
AIR-Bench 76.3 −1.0 +0.2 93.4 0.0 +1.3

 Global attribute 30 tasks 46.7 +9.8 +8.0 75.3 +27.7 +23.8
Non-speech vocal sound 63.0 +29.4 +20.4 100.0 +50.0 +23.1
Gender 77.9 +29.2 +27.5 94.2 +40.8 +53.3
Background scene 37.1 +12.8 +12.9 77.5 +53.8 +37.5
Acted emotion 41.0 +11.2 +9.0 50.7 +16.0 +19.6
Age 36.3 +9.1 +7.8 65.8 +32.2 +25.0
Speaker count 42.9 +6.7 +4.8 89.2 +34.6 +19.7
Channel (noise, reverb) 52.3 +5.4 +3.3 77.2 +36.8 +15.4
Accent 24.8 +3.1 +3.3 86.0 +55.0 +53.0
Conversational emotion 32.6 +0.8 +0.3 49.1 +2.3 +4.4
Dialogue emotion and sarcasm 49.2 −0.4 −1.4 70.4 +1.2 +1.0

 Within-recording structure 12 tasks 33.5 +3.1 +2.7 75.4 +26.4 +22.6
Word stress 43.3 +15.2 +11.2 65.0 +35.0 +20.0
Prolonged sound 59.9 +12.5 +12.0 100.0 +19.2 +23.1
Intonation 28.1 +5.3 +0.8 71.8 +12.8 +2.6
Pause 31.6 +2.6 +0.5 84.6 +16.7 +25.6
Word timestamps 31.9 +1.3 +3.4 70.0 +5.0 0.0
Disfluency 36.7 +1.0 +2.6 80.0 +27.5 +25.0
Pitch comparison 25.4 +0.8 −0.5 94.7 +76.3 +81.6
Plosive 47.7 +0.1 −1.2 56.8 −1.4 −2.7
Loudness comparison 26.5 −0.1 +0.6 50.0 +22.2 +25.0
Speaker identity 25.1 −0.2 +0.6 92.5 +43.8 +50.0
Speaking-rate comparison 22.7 −0.5 +1.9 82.3 +67.7 +44.1
Duration 23.3 −1.2 +0.6 57.5 −7.5 −22.5

Figure 2: Recording gains of the open models and Gemini 3.1 Pro on the three task classes. Each row summarizes a
group of tasks within a class. On the left, the 19 columns represent the open models, ordered from lowest to highest
overall accuracy with the original recording, and each cell shows that model’s mean of S and H . The right side
reports accuracy with the original recording, O (%), and the two gains (pp), S and H , for the mean of the 19 open
models and for Gemini 3.1 Pro. Purple marks positive gains and brown negative gains. Mixed tasks are not shown.

ate a difference that both S and H show. Such
shared differences measure the recording gain rela-
tive to transcript-based references, and our conclu-
sions rest on them (see Limitations). We evaluated
19 open end-to-end audio language models on all
items, with Gemini 3.1 Pro as a closed-model ref-
erence (Appendix C). Accuracy is averaged over
items within each task and then equally over tasks
within each class, and open-model means weight
the 19 models equally.

3 Recording Gain by Model and Class

Figure 2 reports accuracy with the original record-
ing and the two gains for the 19 open models and
Gemini. The open models trail Gemini in all three
classes, by 13.3, 28.6 and 41.9 pp on lexical, at-
tribute and structure tasks on average, and even the
strongest open model, Qwen3-Omni, reaches only
59.9% and 49.8% on attribute and structure tasks.

On lexical tasks, gains under both comparisons
are small. Mean S and H range from −0.3 to
+1.2 pp for the open-model mean and Gemini. This

pattern is expected, because lexical tasks depend
little on information in the recording beyond the
words. Gemini’s higher lexical accuracy therefore
reflects the strength of its language model.

On attribute and structure tasks, about half or
more of this deficit is a difference in recording gain.
With the original recording, Gemini reaches 75.3%
and 75.4%, against 46.7% and 33.5% for the open-
model mean, gaps of 28.6 and 41.9 pp. S differs
by 27.7 − 9.8 = 17.9 and 26.4 − 3.1 = 23.3 pp,
and H by 23.8 − 8.0 = 15.8 and 22.6 − 2.7 =
19.9 pp, in each case about half or more of the gap.
Qwen3-Omni, the strongest open model, has S/H
of 18.4/14.7 and 12.0/10.1 pp, also below Gemini.
These small recording gains lead us to ask whether
the acoustic information needed for the answers is
absent from the models or present but unused.

4 Layer-wise Readout

To measure whether a model’s representations con-
tain the acoustic information needed for answering,
we train a linear probe on the representations of
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Figure 3: Layer-wise linear-probe readout and answer accuracy in Gemma-4 12B and Qwen2.5-Omni-7B. The dots
show answer accuracy with the original recording. The green band marks the readout-decline layers of Gemma-4
12B (layers 10–25). Blue panels show five attribute tasks and orange panels four structure tasks.

each layer of the model and call the probe’s ac-
curacy the readout. For attribute tasks, the probe
is trained and tested on the evaluation items with
the task labels as targets. For structure tasks, the
probe needs to know where the compared parts lie,
and we therefore constructed recordings, for exam-
ple by joining two utterances of the same speaker
that differ in pitch, speaking rate or loudness. The
probe receives the segment boundaries, averages
the representations within each segment and uses
their difference to judge which has the larger value
(Appendix D). The models also answer these items
directly, which gives answer accuracy. If a probe
reads the answer from the representations while
the model answers incorrectly, the information is
present but not reliably used in the answer.

We examine Qwen2.5-Omni-7B, which has a
separate audio encoder, and Gemma-4 12B, which
projects waveform frames directly into the lan-
guage model, to study the utilization gap with and
without an encoder. In addition, Qwen2.5-Omni-
7B is among the strongest open models, reaching
56.7% and 34.0% with the original recording on
attribute and structure tasks, above the open-model
means of 46.7% and 33.5%, and ranking second of
the 19 by overall accuracy (Figure 2). Gemma-4
12B ranks 13th, reaching 34.7% and 35.4%.

Figure 3 compares layer-wise readout with an-
swer accuracy (all probed tasks in Appendix E). In
both models, peak readout exceeds answer accu-
racy on every probed task, and for most tasks the
peak lies in the early layers. For pitch, for example,
readout reaches 97.9% at layer 4 of Gemma-4 12B
and 88.0% at layer 2 of Qwen2.5-Omni-7B, while
answer accuracy is 49.4% and 54.3% (chance 50%).

Poor answers occur both when later-layer readout
declines and when it stays high. In Gemma-4 12B,
readouts of gender, accent, emotion, scene, pitch
and the stressed word all fall across layers 10–25.
In Qwen2.5-Omni-7B, readouts of accent, scene,
pitch, loudness and the stressed word fall across
layers 2–11. Readout of which word is prolonged,
by contrast, is still 96.2% at the last layer, while
answer accuracy is 37.1% (chance 25%). From
the ranges over which several readouts fall, we
chose layers 10–25 in Gemma-4 12B and 2–11 in
Qwen2.5-Omni-7B, the readout-decline layers.1

Section 5 tests whether training there improves
answers while preserving mean lexical accuracy,
and whether the improvement comes from using
information that is already readable.

5 Repairing the Utilization Gap

5.1 Training in the Readout-Decline Layers

We trained LoRA adapters in the readout-decline
layers, layers 10–25 in Gemma-4 12B and 2–11 in
Qwen2.5-Omni-7B, on 103,878 supervised items
with 219.0 hours of audio covering the question for-
mats of 34 attribute and structure tasks. The record-
ings come from 17 corpora, about 80% of the au-
dio from the LibriSpeech training splits (Panayotov
et al., 2015) and the rest from Expresso (Nguyen
et al., 2023), the Speech Accent Archive (Wein-
berger, 2015), and acted-emotion and sound-event
corpora. The training set shares no recordings with
the six benchmarks and contains no text specific to

1Figure 1 labels the layers of Gemma-4 12B as early, mid-
dle and late, and its middle layers are the readout-decline
layers of this model.
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Table 2: Accuracy and the two recording gains by task class for the base and repaired Gemma-4 12B and Qwen2.5-
Omni-7B, with the mean of the 19 open models and Gemini 3.1 Pro. O is accuracy (%) with the original recording,
and S, H and changes are in pp.

Lexical Global attribute Within-recording structure

O O S H O S H

Gemma-4 12B
Base 78.3 34.7 −0.4 +5.2 35.4 +2.5 +5.2
Repaired 79.1 53.6 +12.6 +15.7 66.2 +29.6 +29.5
Change +0.8 +18.9 +13.0 +10.5 +30.8 +27.0 +24.3

Qwen2.5-Omni-7B
Base 83.4 56.7 +18.3 +14.9 34.0 +1.8 +2.7
Repaired 83.7 69.5 +30.3 +28.9 78.4 +38.9 +46.0
Change +0.3 +12.8 +12.0 +14.1 +44.4 +37.2 +43.3

Mean of 19 open models 76.9 46.7 +9.8 +8.0 33.5 +3.1 +2.7
Gemini 3.1 Pro 90.2 75.3 +27.7 +23.8 75.4 +26.4 +22.6

their items (Appendix F).
To preserve the base model’s accuracy on con-

tent questions, we add a content anchor of 16,000
items. It consists of 10,000 LibriSQA spoken-
language understanding items (Zhao et al., 2025)
and 6,000 questions about word categories, emo-
tion and sarcasm built from LibriSpeech training
utterances and synthetic training dialogues. On
anchor items, we minimize the Kullback–Leibler
(KL) divergence between the adapted and base
models’ vocabulary distributions at answer posi-
tions, computing the base distribution with the
adapter switched off. Supervised items use cross-
entropy. The combined objective is

L = LCE + λKL(pbase ∥ pθ),

with λ = 16 in both models. We call the results the
repaired Gemma-4 12B and Qwen2.5-Omni-7B
(settings in Appendix F).

5.2 Accuracy and Recording Gain after
Training

Table 2 gives class means before and after train-
ing (per-task results and a task-group view in Ap-
pendix G). Attribute accuracy rises from 34.7% to
53.6% in Gemma-4 12B and from 56.7% to 69.5%
in Qwen2.5-Omni-7B, and structure accuracy from
35.4% to 66.2% and from 34.0% to 78.4%, gains
of 18.9 and 12.8 pp on attribute tasks and 30.8
and 44.4 pp on structure tasks. Mean lexical ac-
curacy stays within 1 pp of the base model, and
every lexical task group within 5 pp. Both repaired
models exceed Qwen3-Omni, the strongest open
model, on structure tasks (49.8%), and Qwen2.5-
Omni-7B also on attribute tasks (59.9%). Against

Gemini, Qwen2.5-Omni-7B comes within 5.8 pp
on attribute tasks (69.5% vs. 75.3%) and exceeds
it on structure tasks (78.4% vs. 75.4%), whereas
Gemma-4 12B, which starts from a lower rank and
without a separate encoder, remains 21.7 and 9.2 pp
behind. In both models, therefore, training in the
readout-decline layers raises attribute and structure
accuracy substantially.

The recording gains rise with accuracy. On
attribute tasks, S/H rise from −0.4/5.2 to
12.6/15.7 pp in Gemma-4 12B and from 18.3/14.9
to 30.3/28.9 pp in Qwen2.5-Omni-7B, and on struc-
ture tasks from 2.5/5.2 to 29.6/29.5 pp and from
1.8/2.7 to 38.9/46.0 pp. In each class and model,
the rise in S accounts for 69% to 94% of the rise in
O. Under both comparisons, therefore, the repaired
models obtain more from the recording beyond its
transcript, and this increase makes up most of their
improvement.

5.3 Where the Gains Come From

Training may improve answers by preserving more
acoustic information in later layers or by using in-
formation already readable there. To distinguish
these changes, we repeated the probe measure-
ments of Section 4 on the repaired models (Figure 6
in Appendix E). Across the 11 probed tasks, an-
swer accuracy rises by 27.7 and 27.2 pp on average
in Gemma-4 12B and Qwen2.5-Omni-7B, whereas
final-layer readout rises by only 6.7 and 11.0 pp.
Before training, peak readout exceeded answer ac-
curacy on every probed task. Training closes about
half of this difference in Gemma-4 12B and most
of it in Qwen2.5-Omni-7B. Because the probes
are trained with supervision, this comparison can-
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text audio text
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audio text

answer answer

Gemma-4 12B

Qwen2.5-Omni-7B

global attribute within-recording structure

Figure 4: Accuracy gain by adapter position. Arrow
width shows the share of the full adapter’s gain recov-
ered when it is active only at audio or text positions.

not determine how much of the improvement each
change explains. The larger rise in answer accu-
racy than in readout is nevertheless consistent with
training improving the use of acoustic information
already encoded in the representations. Changes
in readout vary by task. For gender in Gemma-4
12B, last-layer readout rises from 56.6% to 72.2%,
whereas for speaker count readout changes by less
than 5 pp in either model while answer accuracy
rises by more than 30 pp.

If training had mainly taught the models the ques-
tion formats, the adapter would act at the text po-
sitions, where the question and answer tokens are
processed. We therefore applied the adapter only
at the audio positions or only at the text positions
(question, template and answer tokens) (Figure 4).
Applied only at the audio positions, the adapter
recovers 76% and 57% of the full gain on attribute
and structure tasks in Gemma-4 12B, and 68% and
33% in Qwen2.5-Omni-7B. Applied only at the
text positions, it recovers 22% and 33%, and 27%
and 32%. In three of the four cases, the audio posi-
tions alone recover more than half of the gain and
the text positions alone 22% to 33%. The exception
is the structure class of Qwen2.5-Omni-7B, where
the audio positions alone and the text positions
alone each recover about a third of the gain, and
the remaining gain requires the adapter at both. The
largest part of the improvement therefore comes
from changing how the trained layers process the
audio tokens, whose representations already car-
ried the information (Section 4), rather than from

Table 3: Training variants of Gemma-4 12B and
Qwen2.5-Omni-7B. ∆O and ∆S give changes from
the base model in original-recording accuracy and S
by task class (pp), and tinted rows mark the repaired
models. We report only ∆S here, since S and H change
in the same direction for both repaired models.

Lexical Attribute Structure

∆O ∆O ∆S ∆O ∆S

Gemma-4 12B
Layers 10–25 +0.8 +18.9 +13.0 +30.8 +27.0
No content anchor −10.5 +16.5 +15.1 +35.2 +29.4
Layers 0–15 +1.1 +20.3 +13.7 +16.3 +11.2
Layers 32–47 +0.2 +8.2 +3.9 +11.4 +7.6
All 48 layers −2.5 +17.2 +14.7 +34.9 +26.8

Qwen2.5-Omni-7B
Layers 2–11 +0.3 +12.8 +12.0 +44.4 +37.2
No content anchor −5.6 +13.6 +14.3 +49.6 +42.1
Layers 12–21 −1.4 +9.9 +9.9 +30.1 +22.2
Layers 18–27 −1.0 +7.8 +7.3 +19.2 +13.3
All 28 layers +0.7 +13.8 +13.9 +44.4 +34.7

how the question is read or the answer is written.

5.4 Ablations and Transfer

We next examine how the training choices affect
these results. Each variant in Table 3 changes one
choice relative to the repaired model. Without the
content anchor, lexical accuracy falls in both mod-
els, whereas attribute and structure accuracy rise
by similar or larger amounts and ∆S is no smaller.
The anchor therefore preserves lexical accuracy
while retaining 84–92% of the ∆S obtained with-
out it. Placing the adapters in other ranges of equal
width reduces the structure gain in both models,
most for the later ranges, and ∆S decreases with
it. Training all layers, with about three times as
many trainable parameters, changes the attribute
and structure gains by at most 4.1 pp and ∆S by at
most 2.5 pp relative to the readout-decline layers.
The gains therefore depend on where the adapter
is placed rather than on how many parameters are
trained. The later ranges, in which readout has al-
ready declined (Figure 3), recover less of the gain,
and parameters outside the readout-decline layers
contribute little.

Finally, to test transfer to formats absent from
training, we trained a separate Gemma-4 12B
model without gender or word-stress items. Accu-
racy on both task types still rises, and the increase
in S is about 60% of that after full training. Other
training tasks involve related cues and operations
that may explain this transfer. Gender, speaker,
and age questions share some voice cues, includ-
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ing pitch. Word-stress questions require locating a
word and comparing its prosody. Word-timestamp
questions also require locating words, while pitch-
and duration-comparison questions require compar-
ing acoustic properties. Across the seven conversa-
tional emotion and sarcasm tasks without matching
training formats, original-recording accuracy falls
by 4.1 pp on average in the fully repaired Gemma-
4 12B but rises by 4.3 pp in Qwen2.5-Omni-7B.
These results suggest transfer between tasks that
share cues and operations, but the gains on unseen
formats are uneven.

6 Related Work

To estimate what a recording contributes beyond
its transcript, we need a reference that retains the
transcribed words. Adding noise, replacing record-
ings with silence or removing audio weakens the
lexical evidence as well (Sakshi et al., 2025; Wang
et al., 2026; He et al., 2026; Foo et al., 2026), and
a text reference preserves the words but changes
the input from speech to text (Cuervo et al., 2026).
Other work places the voice in conflict with the spo-
ken words or with added text to see which source
the model follows (Chen et al., 2026; Xiong et al.,
2026; Wang et al., 2025b; Pang et al., 2026; Billa,
2026). ALME (Billa, 2026), closest to our refer-
ence design, resynthesizes stimuli with the same
lexical content. We pair natural recordings with
synthetic readings of their transcripts, so that both
inputs remain speech and the same readings serve
to compare S across models and before and after
training, and we complement this comparison with
H .

We ask whether the information a model leaves
unused is absent from it or present in its rep-
resentations. Prior studies recover physical at-
tributes, prosodic contrasts or audio-supported an-
swers from hidden states while the models answer
near chance or follow conflicting text (Sun et al.,
2026; Wang et al., 2025b; Gao et al., 2026; Peng
and Nuchged, 2026). VoxParadox (Pang et al.,
2026), closest to our work, combines evaluation,
probing and repair and finds in Audio Flamingo 3
(Ghosh et al., 2025) that speaker cues remain read-
able in the language model while comparison cues
weaken in deep encoder layers and at the projec-
tion. These audio studies examine models with sep-
arate encoders. Although encoder-free designs are
reported to improve paralinguistic accuracy (Fan
et al., 2026), we find the same utilization gap in

encoder-free Gemma-4 12B and test whether train-
ing where readout declines improves answers.

To train the model to use this information, we
also need to check that it retains its understanding
of spoken content. Existing methods adjust out-
put scores at decoding time with audio-aware or
contrastive rules (Hsu et al., 2025; Lin et al., 2026;
Gao et al., 2026), or mix encoder layers according
to the prompt before direct preference optimization
(Pang et al., 2026; Rafailov et al., 2023). Fine-
tuning on conflicting audio and text can lower ac-
curacy when the inputs agree or only audio is given
(Wang et al., 2025b; Billa, 2026), and retention
therefore needs its own evaluation (Lu et al., 2025).
Established approaches constrain training with the
original model’s outputs or train speech models on
targets from the original or backbone model (Li and
Hoiem, 2016; Held et al., 2025; Lu et al., 2026).
We build on this idea by training LoRA adapters
in the readout-decline layers with a content anchor
that keeps answers to content questions close to the
base model’s.

7 Conclusion

We estimated the contribution of the original
recording beyond its words across 92 tasks from
six benchmarks. On attribute and structure tasks,
differences in recording gain account for about half
or more of the accuracy gap between the mean of
19 open models and Gemini 3.1 Pro. In Gemma-4
12B and Qwen2.5-Omni-7B, linear probes read out
relevant acoustic cues from early language-model
layers even when the models answer the same items
poorly. Training LoRA adapters on our constructed
data in the layers where readout declines, with a
content anchor, raises attribute and structure accu-
racy by 12.8 to 44.4 pp in the two models. Most
of this increase appears as larger recording gains,
while mean lexical accuracy stays within 1 pp of
the base models. On the probed tasks, answer accu-
racy also rises more than readout, consistent with
better use of information already encoded in the
representations. The two probed models therefore
encode acoustic information that they do not reli-
ably use in answers, and training changes how they
process it.

Limitations

Reference conditions. We use two recording
gains to estimate the original recording’s accuracy
advantage relative to different references. S uses

8



synthetic readings and thus includes differences be-
tween natural and synthetic speech. Properties of
the synthetic voices may help or mislead the model.
H uses the transcript as its reference, and providing
it may change how the model combines text and au-
dio. Estimating the gain in two ways yields a more
robust estimate. The two gains show a consistent
pattern, which supports differences in how much
models use the recording. However, both compar-
isons depend on the same Whisper transcript, and
recognition errors or omissions can therefore affect
them together.

Number of repaired models. We tested the re-
pair in only two models, one with and one without
a separate audio encoder. They also differ in size
and training data, so differences between them can-
not be attributed to encoder design. Before train-
ing, for example, Qwen2.5-Omni-7B has higher
attribute-class S/H than Gemma-4 12B (18.3/14.9
vs. −0.4/5.2 pp), and after training it closes a larger
share of the gap between readout and answer ac-
curacy. Testing further architectures is needed to
establish how broadly the repair applies. We sus-
pect that models with these two architectures differ
in further notable ways, which this paper does not
examine in depth.

Transfer and side effects. The training items
match the question formats of 34 evaluation tasks,
so transfer beyond these formats needs further test-
ing. Across the seven conversational emotion and
sarcasm tasks without matching training formats,
mean accuracy falls by 4.1 pp in Gemma-4 12B
but rises by 4.3 pp in Qwen2.5-Omni-7B, with de-
clines on individual tasks in both models. In a sep-
arate Gemma-4 12B run without gender or word-
stress training items, both judgements still improve.
These mixed results call for more careful analysis
of transfer.

Probe readout. Probes are trained with supervi-
sion on each task’s labels and receive the segment
boundaries on structure items, whereas the models
answer without either. The gap between readout
and answer accuracy therefore also reflects these
advantages and does not by itself show that the
models leave available information unused. Like-
wise, the larger rise in answer accuracy than in
readout after training does not quantify how much
of the improvement comes from better use of exist-
ing information.

Where the repair acts. Readout decline guided
layer selection, but answers can also be poor where
readout remains high, so readout alone cannot es-
tablish the most effective training range. Training
all layers uses about three times as many train-
able parameters and changes ∆S by at most 2.5 pp
relative to the selected layers. The layer controls
compare only two other equal-width ranges per
model, and a finer search could find larger gains.
Enabling the adapters only at audio positions or
only at text positions shows that, in this setting,
changes at audio positions contribute to the gains.
Identifying which part of the internal computation
changes requires further intervention experiments.

Evaluation setting. Most items ask one question
about one recording, and tasks involving multi-
party dialogue form only a small part of the evalua-
tion. Full-duplex speech models listen while speak-
ing and must use cues such as intonation, pauses
and emotion before the other speaker has finished
to decide when and how to respond. Whether they
use sound beyond the words in such continuous
interaction, and whether synthetic readings remain
a useful reference for measuring the recording’s
contribution, require separate tests.
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Sonal Kumar, Šimon Sedláček, Vaibhavi Lokegaonkar,
Fernando López, Wenyi Yu, Nishit Anand, et al.
2026. MMAU-Pro: A challenging and comprehen-
sive benchmark for holistic evaluation of audio gen-
eral intelligence. In AAAI Conference on Artificial
Intelligence, volume 40, pages 22688–22697.

Gang Li, Jizhong Liu, Heinrich Dinkel, Yadong Niu,
Junbo Zhang, and Jian Luan. 2025. Reinforcement
learning outperforms supervised fine-tuning: A case
study on audio question answering. arXiv preprint
arXiv:2503.11197.

10

https://doi.org/10.17638/datacat.liverpool.ac.uk/681
https://doi.org/10.5281/zenodo.200495
https://doi.org/10.5281/zenodo.200495
https://doi.org/10.1609/aaai.v40i27.39430
https://doi.org/10.1609/aaai.v40i27.39430
https://doi.org/10.1609/aaai.v40i27.39430


Zhizhong Li and Derek Hoiem. 2016. Learning without
forgetting. In European Conference on Computer
Vision. ArXiv:1606.09282.

Tzu-Quan Lin, Wei-Ping Huang, Yi-Cheng Lin, and
Hung-yi Lee. 2026. How contrastive decod-
ing enhances large audio language models. In
IEEE Spoken Language Technology Workshop.
ArXiv:2603.09232.

Alexander H. Liu, Andy Ehrenberg, Andy Lo, Clément
Denoix, Corentin Barreau, Guillaume Lample, et al.
2025. Voxtral. arXiv preprint arXiv:2507.13264.

LMMs-Lab. 2025. Aero-1-Audio model card. Hug-
ging Face. https://huggingface.co/lmms-lab/
Aero-1-Audio.

Ke-Han Lu, Zhehuai Chen, Szu-Wei Fu, Chao-
Han Huck Yang, Sung-Feng Huang, Chih-Kai Yang,
et al. 2026. DeSTA2.5-Audio: Toward general-
purpose large audio language model with self-
generated cross-modal alignment. IEEE Transac-
tions on Audio, Speech and Language Processing,
34:2062–2076. ArXiv:2507.02768.

Ke-Han Lu, Chun-Yi Kuan, and Hung-yi Lee.
2025. Speech-IFEval: Evaluating instruction-
following and quantifying catastrophic forgetting
in speech-aware language models. In Interspeech.
ArXiv:2505.19037.

Matthias Mauch and Simon Dixon. 2014. pYIN: A
fundamental frequency estimator using probabilistic
threshold distributions. In IEEE International Con-
ference on Acoustics, Speech and Signal Processing,
pages 659–663.

Michael McAuliffe, Michaela Socolof, Sarah Mihuc,
Michael Wagner, and Morgan Sonderegger. 2017.
Montreal Forced Aligner: Trainable text-speech
alignment using Kaldi. In Interspeech, pages 498–
502.

Tu Anh Nguyen, Wei-Ning Hsu, Antony D’Avirro,
Bowen Shi, Itai Gat, Maryam Fazel-Zarani, Tal Re-
mez, Jade Copet, Gabriel Synnaeve, Michael Has-
sid, Felix Kreuk, Yossi Adi, and Emmanuel Dupoux.
2023. EXPRESSO: A benchmark and analysis of dis-
crete expressive speech resynthesis. In Interspeech,
pages 4823–4827.

Tobi Olatunji, Tejumade Afonja, Aditya Yadavalli,
Chris Chinenye Emezue, Sahib Singh, Bonaventure
F. P. Dossou, Joanne Osuchukwu, Salomey Osei,
Atnafu Lambebo Tonja, Naome Etori, and Clinton
Mbataku. 2023. AfriSpeech-200: Pan-African ac-
cented speech dataset for clinical and general domain
ASR. Transactions of the Association for Computa-
tional Linguistics, 11:1669–1685.

Vassil Panayotov, Guoguo Chen, Daniel Povey, and
Sanjeev Khudanpur. 2015. LibriSpeech: An ASR
corpus based on public domain audio books. In IEEE
International Conference on Acoustics, Speech and
Signal Processing, pages 5206–5210.

Jiacheng Pang, Ashutosh Chaubey, and Mohammad
Soleymani. 2026. Do audio LLMs listen or read?
Analyzing and mitigating paralinguistic failures with
VoxParadox. In International Conference on Ma-
chine Learning. ArXiv:2605.27772.

Linkai Peng and Baorian Nuchged. 2026. Repre-
sented but ignored: A causal account of prosodic
underuse in audio-language models. arXiv preprint
arXiv:2608.19211.

M. Kathleen Pichora-Fuller and Kate Dupuis. 2020.
Toronto emotional speech set (TESS). Borealis
dataset. https://doi.org/10.5683/SP2/E8H2MF.

Karol J. Piczak. 2015. ESC: Dataset for environmental
sound classification. In ACM International Confer-
ence on Multimedia, pages 1015–1018.

Alec Radford, Jong Wook Kim, Tao Xu, Greg Brock-
man, Christine McLeavey, and Ilya Sutskever. 2023.
Robust speech recognition via large-scale weak su-
pervision. In International Conference on Machine
Learning, pages 28492–28518. ArXiv:2212.04356.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christo-
pher D. Manning, Stefano Ermon, and Chelsea Finn.
2023. Direct preference optimization: Your lan-
guage model is secretly a reward model. In Ad-
vances in Neural Information Processing Systems.
ArXiv:2305.18290.

rany2. 2024. edge-tts: Use Microsoft Edge’s online text-
to-speech service from Python. https://github.
com/rany2/edge-tts.

Muhammad Mamunur Rashid, Guiqing Li, and Chen-
grui Du. 2023. Nonspeech7k dataset: Classification
and analysis of human non-speech sound. IET Signal
Processing, 17(6):e12233.

Julius Richter, Yi-Chiao Wu, Steven Krenn, Simon
Welker, Bunlong Lay, Shinji Watanabe, Alexander
Richard, and Timo Gerkmann. 2024. EARS: An
anechoic fullband speech dataset benchmarked for
speech enhancement and dereverberation. In Inter-
speech, pages 4873–4877.

S Sakshi, Utkarsh Tyagi, Sonal Kumar, Ashish Seth,
Ramaneswaran Selvakumar, Oriol Nieto, Ramani
Duraiswami, Sreyan Ghosh, and Dinesh Manocha.
2025. MMAU: A massive multi-task audio un-
derstanding and reasoning benchmark. In Inter-
national Conference on Learning Representations.
ArXiv:2410.19168.

Robin Scheibler, Eric Bezzam, and Ivan Dokmanić.
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A Data

Each item uses the same question, options and scor-
ing rule under all five inputs. We therefore re-
tained only the parts of six public benchmarks with
written questions and automatically scorable an-
swers (Table 4). We took at most 500, 150 and 200
items per task from AudioBench, AIR-Bench and
Dynamic-SUPERB, respectively, and kept all items
from the other three benchmarks. The recordings
include acted speech, film and television dialogue,
interviews, read speech and synthetic speech.

We score multiple-choice items by the selected
option and label items by the first label in the re-
sponse. Each item keeps the same scoring rule
across all five inputs. Whisper-large-v3 (Radford
et al., 2023) produces the transcript used as text
in A and as a synthetic reading in T . For Mus-
tard sarcasm detection, most readings instead use
the dataset’s human transcript. Edge-TTS (rany2,
2024) reads each transcript in a female voice (T1)
and a male voice (T2). We transcribe these readings
again with Whisper and re-synthesize the readings
until the word error rate is below 20%. The retained
readings have a word error rate of 1.4% relative to
their source transcripts (Section 2).

B Task Classification

We classify tasks by the evidence needed
for an answer (Table 5). The dialogue-
content task dream_tts_mcq_test is lexical.
Speaker_Gender_Recognition asks for the
speaker’s gender and is a global-attribute task.
The pitch_comparison task compares two seg-
ments and belongs to within-recording structure.
Mixed tasks require both sound and words. In
stress_based_reasoning, for example, the model
must identify the stressed word and use the
sentence’s meaning to interpret the emphasis.

We excluded StressDetection_MIRSD from
Dynamic-SUPERB (173 items). Its description
asks about stress in the recording, but its gold labels
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Table 4: Benchmark subsets used in the study. The table lists their answer formats, task counts and item counts
(13,707 items in total).

Benchmark Part used Answer format Tasks Items

AudioBench Voice understanding (6 sets), spoken QA
(4 sets)

Label, multiple choice, short
answer

10 4,779

AIR-Bench Foundation, speech tasks Multiple choice 8 1,161
Dynamic-SUPERB Phase-2 11 speech tasks Label 11 2,035
MMAU test-mini, speech Multiple choice 10 332
MMAU-Pro Speech, one recording per item Multiple choice 6 865
MMSU All tasks Multiple choice 47 4,535

Total 92 13,707

give the dictionary stress of isolated words, which
can usually be determined from text. Given only
the transcript, Gemini answers 92.5% of 40 items
correctly, so treating this task as within-recording
structure would introduce a lexical shortcut.

C Systems

Table 6 identifies the checkpoints used for the 19
open models. Gemini 3.1 Pro is the closed-model
reference.

D Measuring Readout and Answers

Linear probes require items with known acoustic
labels. For attribute tasks, we use the evaluation
items. The gender probe combines 880 IEMOCAP
and VoxCeleb items from AudioBench, while the
other probes use 26 of the 30 attribute tasks with
sufficient data (100–308 items per task). The origi-
nal structure items do not identify the location of
the relevant sound, so we constructed recordings
for five of the 12 tasks. These cover pitch, speaking-
rate and loudness comparison, word stress, and
prolonged sound.

For the three comparison tasks, we joined two
LibriSpeech utterances (Panayotov et al., 2015)
from the same speaker with 0.5 s of silence, then
changed the target property in opposite direc-
tions. Pitch gaps were 1.5, 2, 4, and 8 semitones.
Speaking-rate ratios were 1.2, 1.5, and 2.0, and
loudness gaps were 3, 6, and 12 dB. We made 200
recordings at each level. The smallest pitch gap,
1.5 semitones, is close to the 1.66 and 1.82 semi-
tone gaps between adjacent levels in MMSU pitch
comparison. For word stress, we raised the pitch
of one word (by a median of 4.1 semitones) and
lengthened it, producing 600 items. For prolonged
sound, we only lengthened the word, producing
585 items with a median lengthening ratio of 2.38.

We train each logistic regression probe on stan-

dardized representations at one layer’s audio posi-
tions and test it on items held out from its training
data. For example, the gender probe is trained on
one dataset and tested on the other. For constructed
structure items, we use five-fold cross-validation
grouped by speaker, which keeps the same speaker
out of both training and test data. Answer accuracy
comes from the model’s response to the original
attribute question or its choice of option letter on a
constructed structure item.

E Layer-wise Readout on All Probed
Tasks

Figure 5 shows probe accuracy across layers for
both models and all probed tasks. Figure 6 com-
pares probe readout and answer accuracy before
and after training.

F Training Data and Setup

The training data contain 219.0 hours of audio,
roughly 80% from the LibriSpeech train-clean-
100 and train-clean-360 splits. The remaining
audio comes from 16 corpora. The nine speech
corpora include Expresso (Nguyen et al., 2023),
Speech Accent Archive (Weinberger, 2015), EARS
(Richter et al., 2024), speechocean762 (Zhang
et al., 2021), AfriSpeech-200 (Olatunji et al., 2023),
NISP (Kalluri et al., 2021), ARU (Hopkins et al.,
2019), JIBO Kids (Shankar et al., 2024), and chil-
dren’s recordings (Kennedy et al., 2016). The four
acted-emotion corpora are CaFE (Gournay et al.,
2018), TESS (Pichora-Fuller and Dupuis, 2020),
EmoV-DB (Adigwe et al., 2018), and JL-Corpus
(James et al., 2018). The three sound-event corpora
are FSD50K (Fonseca et al., 2022), Nonspeech7k
(Rashid et al., 2023), and ESC-50 (Piczak, 2015).

We generated some training items by chang-
ing the recordings. We adjusted the pitch, dura-
tion, noise, or reverberation of LibriSpeech and
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Figure 5: Probe accuracy across relative layer depth on all tasks. Blue panels show attributes and orange panels
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Table 5: Tasks by evidence class and benchmark. Names follow the source benchmarks, and parentheses give task
counts.

Benchmark Tasks

Lexical (36 tasks)
AIR-Bench (2) Speaker_Intent_Classification, Speech_Entity_Reconition
AudioBench (4) cn_college_listen_mcq_test, dream_tts_mcq_test, public_sg_speech_qa_test, slue_p2_sqa5_test
Dynamic-SUPERB (2) DialogueActClassification_DailyTalk, SuperbIC_SLURP-Intent
MMAU (7) Conversational Fact Retrieval, Dissonant Emotion Interpretation, Event-Based Knowledge Retrieval,

Key highlight Extraction, Multi Speaker Role Mapping, Phonemic Stress Pattern Analysis,
Phonological Sequence Decoding

MMSU (21) casual_reasoning, code_switch_question_answering, consonant_vowel_perception,
content_grounding, continuation_writing, couplet_matching, deixis_resolution, dialogue_reasoning,
homophone_based_reasoning, idiom_reasoning, intent_detection, logical_reasoning,
long_speech_summarization, near_homophone_perception, polysemy_reasoning,
prolonged_sound_reasoning, puns_interpretation, speech_act_classification, speech_translation,
syllable_perception, syntactic_structure_matching

Global attribute (30 tasks)
AIR-Bench (4) Speaker_Age_Prediction, Speaker_Emotion_Recontion, Speaker_Gender_Recognition,

Speaker_Number_Verification
AudioBench (6) iemocap_emotion_recognition, iemocap_gender_recognition, meld_emotion_test,

meld_sentiment_test, voxceleb_accent_test, voxceleb_gender_test
Dynamic-SUPERB (8) AccentClassification_AccentdbExtended, DialogueEmotionClassification_DailyTalk,

EmotionRecognition_MultimodalEmotionlinesDataset, MultiSpeakerDetection_VCTK,
NoiseDetection_VCTK_MUSAN-Noise,
ReverberationDetection_VCTK_RirsNoises-MediumRoom, SarcasmDetection_Mustard,
SpeakerCounting_LibriTTS-TestClean

MMAU (2) Counting, Emotion Flip Detection
MMSU (10) accent_identification, age_prediction, background_scene_recognition, dialogue_turn_counting,

emotion_recognition, emotional_context_reasoning, gender_prediction, non_verbal_sound_detection,
sarcasm_detection, total_speaker_counting

Within-recording structure (12 tasks)
AIR-Bench (1) Speech_Grounding
MMSU (11) disfluency_detection, intonation_perception, pause_perception, pitch_comparison,

plosive_sound_identification, prolonged_sound_perception, speaker_identity_recognition,
speech_duration_estimation, speech_stress_perception, speed_comparison, volume_comparison

Mixed (14 tasks)
AIR-Bench (1) Synthesized_Voice_Detection
Dynamic-SUPERB (1) SpoofDetection_ASVspoof2017
MMAU (1) Emotion State summarisation
MMAU-Pro (6) Audio Quality, Artifacts & Channel Characteristics; Lexical and Phrase-Level Recognition;

Paralinguistic/Emotion Recognition; Speaker Demographics; Speaker Identification; Speech Activity,
Turn-Taking and Overlap Detection

MMSU (5) intonation_based_reasoning, pause_based_reasoning, stress_based_reasoning,
synthetic_speech_detection, vocal_range_comparison

Expresso utterances, or spliced segments from dif-
ferent speakers into dialogues. Each change deter-
mines the answer. We estimated pitch with pYIN
(Mauch and Dixon, 2014), located word boundaries
with Montreal Forced Aligner (McAuliffe et al.,
2017), and simulated room reverberation with Py-
roomacoustics (Scheibler et al., 2018). Other an-
swers come from corpus metadata, acted-emotion
labels, or sound-event labels.

Training items use the question formats of 34
evaluation tasks, comprising 23 attribute and 11
structure tasks. Eight other attribute and structure
tasks have no training items in the same format.
These are seven conversational emotion or sarcasm

tasks and MMSU loudness comparison, shaded
grey in Table 7. No lexical or mixed task has train-
ing items in the same format either.

For these 34 formats, training items follow the
evaluation prompt templates, option counts, and
label words. About half reuse the evaluation task’s
generic question. Some stress, prolonged-sound,
and word-intonation items rephrase the question,
while some emotion items list the candidate labels.
We used no evaluation audio, item-specific evalua-
tion text, or recordings from the evaluation corpora.
We also removed training recordings whose audio
fingerprint or sentence matched an evaluation item.
Training and evaluation therefore share question
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Table 6: Open end-to-end audio models and evaluated checkpoints.

Model Reference Checkpoint

Qwen3-Omni Xu et al., 2025b Qwen/Qwen3-Omni-30B-A3B-Instruct
Qwen2.5-Omni-7B Xu et al., 2025a Qwen/Qwen2.5-Omni-7B
MiniCPM-o 4.5 Cui et al., 2026 openbmb/MiniCPM-o-4_5
Qwen2.5-Omni-3B Xu et al., 2025a Qwen/Qwen2.5-Omni-3B
MiniCPM-o 2.6 Yao et al., 2024 openbmb/MiniCPM-o-2_6
Kimi-Audio KimiTeam et al., 2025 moonshotai/Kimi-Audio-7B-Instruct
Audio Flamingo 3 Ghosh et al., 2025 nvidia/audio-flamingo-3-hf
Audio Flamingo Next Ghosh et al., 2026 nvidia/audio-flamingo-next-hf
MERaLiON-3 He et al., 2024 MERaLiON/MERaLiON-3-10B
Step-Audio 2 Wu et al., 2025 stepfun-ai/Step-Audio-2-mini
Voxtral-Mini-3B Liu et al., 2025 mistralai/Voxtral-Mini-3B-2507
MERaLiON-2 He et al., 2024 MERaLiON/MERaLiON-2-10B
Gemma-4 E4B Gemma Team, 2026 google/gemma-4-E4B-it
Qwen2-Audio Chu et al., 2024 Qwen/Qwen2-Audio-7B-Instruct
R1-AQA Li et al., 2025 mispeech/r1-aqa
Phi-4-Multimodal Abouelenin et al., 2025 microsoft/Phi-4-multimodal-instruct
Aero-1-Audio LMMs-Lab, 2025 lmms-lab/Aero-1-Audio
Gemma-4 E2B Gemma Team, 2026 google/gemma-4-E2B-it
Gemma-4 12B Gemma Team, 2026 google/gemma-4-12B-it
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Figure 6: Layer-wise probe and answer accuracy before and after training. Upper panels show Gemma-4 12B and
lower panels Qwen2.5-Omni-7B, with grey and green lines for probe accuracy before and after training and other
markers as in Figure 3. The accent panel shows AccentDB, and the 11 probed tasks averaged in Section 5 also
include the VoxCeleb and MMSU accent tasks, which are not drawn.

formats, but not items.
We trained rank-64 LoRA adapters on every at-

tention and feed-forward projection in the readout-
decline layers. We used AdamW for 17,548 steps
with 8 items per step and a peak learning rate of
3× 10−5. All results use the final adapter, with no
checkpoint selection based on evaluation accuracy.
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Figure 7: Accuracy with the original recording by task group. Rows cover 19 open models, Gemini 3.1 Pro, and
two repaired models, with purple cells for accuracy (%), green and brown cells for repaired-minus-base changes
(pp), and lexical tasks grouped by benchmark.

G Per-Task Repair Results

Table 7 reports accuracy with the original recording before and after training for both models on all 92
tasks. Figure 7 groups these tasks. The eight shaded attribute and structure tasks have no training items in
the same format, allowing us to examine transfer to these formats.

Table 7: Original-recording accuracy (%) before and after training on 92 tasks. Tasks follow the classes in
Table 5, with repaired cells colored by change from the base (darker green for larger gains, brown for
declines, light grey within 2 pp) and shaded rows marking attribute and structure tasks without matching
training formats.

Gemma-4 12B Qwen2.5-Omni-7B

Benchmark Task Base Repaired Base Repaired

Lexical (36 tasks)
AIR-Bench Speaker_Intent_Classification 73.9 70.4 90.8 85.2
AIR-Bench Speech_Entity_Reconition 67.1 67.8 77.6 73.4
AudioBench cn_college_listen_mcq_test 89.6 91.4 92.6 92.6
AudioBench dream_tts_mcq_test 77.0 78.2 89.9 89.1
AudioBench public_sg_speech_qa_test 22.3 26.6 33.2 32.2
AudioBench slue_p2_sqa5_test 81.7 82.9 83.2 81.2
Dynamic-SUPERB DialogueActClassification_DailyTalk 62.7 57.5 50.3 64.2
Dynamic-SUPERB SuperbIC_SLURP-Intent 71.2 69.1 80.1 74.9
MMAU Conversational Fact Retrieval 80.0 80.0 100.0 95.0
MMAU Dissonant Emotion Interpretation 95.0 90.0 100.0 100.0
MMAU Event-Based Knowledge Retrieval 75.0 60.0 90.0 85.0
MMAU Key highlight Extraction 95.0 85.0 95.0 95.0
MMAU Multi Speaker Role Mapping 100.0 100.0 100.0 100.0
MMAU Phonemic Stress Pattern Analysis 34.6 45.1 54.9 57.5
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Gemma-4 12B Qwen2.5-Omni-7B

Benchmark Task Base Repaired Base Repaired

MMAU Phonological Sequence Decoding 47.4 57.9 52.6 68.4
MMSU casual_reasoning 98.3 100.0 100.0 100.0
MMSU code_switch_question_answering 67.5 79.2 94.8 93.5
MMSU consonant_vowel_perception 75.4 78.7 60.7 70.5
MMSU content_grounding 95.4 98.2 93.5 94.4
MMSU continuation_writing 98.2 100.0 99.1 100.0
MMSU couplet_matching 40.6 46.5 66.3 59.4
MMSU deixis_resolution 84.5 82.5 90.3 91.3
MMSU dialogue_reasoning 82.3 86.7 87.6 85.8
MMSU homophone_based_reasoning 93.1 89.1 98.0 96.0
MMSU idiom_reasoning 96.0 97.0 100.0 100.0
MMSU intent_detection 78.5 85.0 89.7 83.2
MMSU logical_reasoning 73.1 74.0 78.8 77.9
MMSU long_speech_summarization 97.2 99.1 99.1 99.1
MMSU near_homophone_perception 52.8 55.6 68.1 68.1
MMSU polysemy_reasoning 96.9 95.9 99.0 99.0
MMSU prolonged_sound_reasoning 93.9 93.9 97.6 98.8
MMSU puns_interpretation 100.0 100.0 99.1 100.0
MMSU speech_act_classification 94.8 97.9 90.7 92.8
MMSU speech_translation 94.0 92.8 97.6 97.6
MMSU syllable_perception 38.1 35.7 27.4 44.0
MMSU syntactic_structure_matching 94.8 97.9 73.2 68.0

Global attribute (30 tasks)
AIR-Bench Speaker_Age_Prediction 19.1 55.3 46.8 74.5
AIR-Bench Speaker_Emotion_Recontion 44.1 43.4 57.3 67.1
AIR-Bench Speaker_Gender_Recognition 41.0 84.0 93.8 95.8
AIR-Bench Speaker_Number_Verification 33.3 71.3 64.0 78.0
AudioBench iemocap_emotion_recognition 11.8 38.9 47.8 57.6
AudioBench iemocap_gender_recognition 52.4 75.5 96.5 93.4
AudioBench meld_emotion_test 10.9 14.5 23.7 38.0
AudioBench meld_sentiment_test 19.2 20.9 12.2 27.2
AudioBench voxceleb_accent_test 32.9 65.0 55.0 75.9
AudioBench voxceleb_gender_test 47.5 89.8 85.3 100.0
Dynamic-SUPERB AccentClassification_AccentdbExtended 16.1 46.7 39.2 38.2
Dynamic-SUPERB DialogueEmotionClassification_DailyTalk 63.3 51.0 72.5 75.0
Dynamic-SUPERB EmotionRecognition_MultimodalEmotionlinesDataset 40.6 27.6 52.1 57.8
Dynamic-SUPERB MultiSpeakerDetection_VCTK 51.5 99.0 78.5 99.0
Dynamic-SUPERB NoiseDetection_VCTK_MUSAN-Noise 47.2 84.6 67.2 83.6
Dynamic-SUPERB ReverberationDetection_VCTK_RirsNoises-

MediumRoom
47.7 89.3 61.4 89.8

Dynamic-SUPERB SarcasmDetection_Mustard 62.0 67.0 62.0 62.0
Dynamic-SUPERB SpeakerCounting_LibriTTS-TestClean 18.0 60.3 35.6 67.5
MMAU Counting 50.0 35.0 55.0 70.0
MMAU Emotion Flip Detection 50.0 30.0 30.0 25.0
MMSU accent_identification 29.2 42.5 30.1 68.1
MMSU age_prediction 22.6 42.2 75.5 77.5
MMSU background_scene_recognition 17.3 31.8 55.5 76.4
MMSU dialogue_turn_counting 40.4 24.2 50.5 35.4
MMSU emotion_recognition 14.6 39.8 57.3 77.7
MMSU emotional_context_reasoning 10.0 27.8 28.9 68.9
MMSU gender_prediction 44.9 89.0 97.5 97.5
MMSU non_verbal_sound_detection 15.6 62.5 71.9 100.0
MMSU sarcasm_detection 52.2 58.6 64.0 61.3
MMSU total_speaker_counting 34.8 40.7 33.9 46.6

Within-recording structure (12 tasks)
AIR-Bench Speech_Grounding 34.2 71.1 34.9 88.6
MMSU disfluency_detection 42.5 70.8 49.1 72.6
MMSU intonation_perception 33.6 72.9 14.9 65.4
MMSU pause_perception 52.8 94.3 33.0 96.2
MMSU pitch_comparison 21.2 52.5 32.3 78.8
MMSU plosive_sound_identification 50.5 57.7 46.4 74.2
MMSU prolonged_sound_perception 66.7 90.1 69.1 95.1
MMSU speaker_identity_recognition 22.8 37.7 22.8 52.6
MMSU speech_duration_estimation 27.6 84.8 23.8 97.1
MMSU speech_stress_perception 36.4 83.6 38.2 90.9
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Gemma-4 12B Qwen2.5-Omni-7B

Benchmark Task Base Repaired Base Repaired

MMSU speed_comparison 18.5 55.4 17.4 70.7
MMSU volume_comparison 17.8 23.8 25.7 58.4

Mixed (14 tasks)
AIR-Bench Synthesized_Voice_Detection 48.3 55.0 55.0 55.7
Dynamic-SUPERB SpoofDetection_ASVspoof2017 7.9 59.5 10.1 18.5
MMAU Emotion State summarisation 80.0 65.0 25.0 10.0
MMAU-Pro Audio Quality, Artifacts & Channel Characteristics 60.0 40.0 80.0 80.0
MMAU-Pro Lexical and Phrase-Level Recognition 100.0 100.0 100.0 100.0
MMAU-Pro Paralinguistic/Emotion Recognition 67.2 70.5 72.1 67.2
MMAU-Pro Speaker Demographics 48.1 50.0 62.7 62.0
MMAU-Pro Speaker Identification 75.0 87.5 100.0 100.0
MMAU-Pro Speech Activity, Turn-Taking and Overlap Detection 56.1 53.7 63.4 65.8
MMSU intonation_based_reasoning 63.6 85.7 74.0 87.0
MMSU pause_based_reasoning 50.6 55.1 53.9 52.8
MMSU stress_based_reasoning 50.0 72.7 47.3 64.5
MMSU synthetic_speech_detection 43.1 43.1 56.0 58.7
MMSU vocal_range_comparison 50.0 37.5 62.5 62.5
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