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Abstract

We introduce a new inference test for audio
LLMs, where the correct response crucially de-
pends on the location of a focal accent. The
proposed task shows for the first time how to
test the ability of LLMs to incorporate audio
information in truth-conditional semantic inter-
pretation, relying on the theory of alternative
semantics. Several native audio models are
tested, with performance ranging from random
guessing to around 90% accuracy. The task
is challenging for all the models tested. A de-
tailed error analysis reveals specific areas of
difficulty. The theory of alternative semantics
provides a basis for a wide range of systematic
tests of audio models.

“[with writing,] you give your disciples not truth,
but only the semblance of truth . . . only . . . orally
. . . is there clearness and perfection”

– Phaedrus, Plato, ca. 370 BCE

1 Introduction

The emphasis in LLM development has been on
written, as opposed to spoken, language. When
first introduced, ChatGPT had no audio modality,
and it has now been added in a quite limited way,
in what is termed a cascade approach (Zhang et al.,
2023), in which audio is transcribed to text before
performing reasoning.

For humans, the situation is quite the reverse.
Human language has existed for 100,000 years or
more, but writing was invented just 5,000 years
ago,1 and even today, the majority of the world’s
languages have no written form. Furthermore,
while all normal children learn one or more spoken
languages in the first 5 years of life or so, it is only
later, with explicit education and hard work, that

1For example, Miyagawa et al. (2025) suggest that spo-
ken language has existed for 135,000 years. According to
Schmandt-Besserat (2014), the first system of writing dates to
3200 BC.

some of them master written language; “writing
is clearly an optional accessory; the real engine of
verbal communication is the spoken language we
acquired as children.” (Pinker, 1995, p. 16)

In this paper we examine native audio LLMs –
that is, models that are able to perform reasoning
based on information found in a tokenized audio
signal; information that is lost upon transcription
to text. Linguists have long understood that this
information plays an essential role in semantic in-
terpretation. Intonational patterns can have system-
atic effects on the basic meaning of an utterance.
One example of this is association with focus, as
illustrated by (1), where there is an accent placed
on SUE, represented in all caps.

(1) Sam only gave SUE oranges.

There is an association between only and the fo-
cused element SUE. Namely, any substitution for
the accented element will give rise to a false sen-
tence, as shown in (2).

(2) Sam also gave Mary oranges.

If one changes the focused element, the meaning
changes systematically, as shown by (3).

(3) Sam only gave Sue ORANGES.

The meaning here is that any substitution for OR-
ANGES gives rise to a false sentence. So in this
case, sentence (2) would not necessarily be false.

Figure 1: Focus-based Inference Task. The Location of
Focus Determines the Correct Classification
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Based on these observations, we construct an
inference task (Bowman et al., 2015) as shown in
Figure 1. The classification crucially depends on
the position of the focus in the first sentence.

1.1 Contributions

We propose a new task for audio LLMs. The task
requires a model to correctly determine focus po-
sition in the audio signal, to perform an inference
task. We find that the test is challenging for all
the models tested, with a wide variety in perfor-
mance. We also perform detailed error analysis,
providing insight into the diverse challenges fac-
ing the different models. While this work focuses
on a specific instantiation of alternative semantics
(Rooth (1985), discussed in Section 2.1), the theory
provides a framework for a broad range of seman-
tic tests of audio models, including other focus-
sensitive adverbs, question congruence, interpreta-
tion of comparatives and many other phenomena.

2 Related Work

2.1 Intonation in Theoretical Linguistics:
Association with Focus

There is a large literature on the phenomenon of
association with focus, which is illustrated by ex-
ample (1). Rooth (1985) and Rooth (1992) are two
of the key works. Rooth (1992, p. 77) points out
that “Focus has a truth-conditional effect in the con-
text of only”. This effect is explained by Rooth as
follows: the focus introduces a set of alternatives
of the form gave x oranges. The contribution of
only is to rule out all such alternatives.

There are two distinct parts to the theory. The
first involves the construction of the alternative set:
for any sentence containing a focus element X;
the alternative set consists of all variants of that
sentence with substitutions for X . This alternative
set is termed the focus semantic value. “Intona-
tional focus”, according to Rooth, “has a uniform
semantic import”. The second part of the theory
involves the way the alternative set participates in a
broad variety of semantic and pragmatic processes.
Only is one example of a focus-sensitive adverb.
As Rooth notes, there are many such adverbs in
addition to only. Furthermore, Rooth shows the
importance of focus to phenomena such as contrast,
scalar implicature, and question-answer construc-
tions.

2.2 Tests of Audio LLMs

Zhang et al. (2023) describe SpeechGPT, which is
a native audio model. Rather than adopt a cascade
model, in which audio input is simply converted to
text prior to reasoning over text, SpeechGPT trans-
forms a speech signal to discrete tokens. Zhang
et al. (2023, p. 2) point out that the cascade model
loses “signals such as emotion and prosody”. This
information is potentially available in a native au-
dio model, although Zhang et al. do not address
this with respect to the SpeechGPT model.

Team et al. (2024) describe Gemini1.5, which is
also native audio. However, no tasks are described
which involve reasoning over audio tokens. Chu
et al. (2023, p. 2) introduces Qwen-Audio, “a large-
scale audio-language model”. They train and eval-
uate the model on tasks involving human speech
as well as music and other audio tasks. Several
of these tasks require reasoning over audio tokens,
such as emotion recognition and speaker gender
recognition (Chu et al., 2023, p. 7).

Wang et al. (2025) describe a “universal bench-
mark” for audio models, pointing out that “no com-
prehensive evaluation benchmarks currently exist”
for audio models (Wang et al., p. 3). They present
eight tasks, including three “voice understanding”
tasks: emotion recognition, accent recognition, and
gender recognition. While these tasks rely upon de-
tailed aspects of the audio speech signal, Wang et al.
do not describe tasks involving truth conditions of
utterances.

2.3 Audio LLMs and Focus

de Seyssel et al. (2024) are concerned with the
transfer of “emphasis” (what we call “focus” in
this work), presenting an “automatic benchmark for
evaluating emphasis preservation in S2S [speech to
speech] models, including S2ST [speech to speech
translation] ones”. They do not directly consider
the effect of focus on semantic interpretation. Lin
and Lee (2024) discuss the implications of empha-
sis, but do not consider audio models. Rather, they
indicate emphasis with quotation marks and prompt
models to produce a description of the speaker in-
tention behind the choice of focus. This is then
evaluated by human or LLM. Like de Seyssel et al.,
there is no consideration of truth-conditional se-
mantic interpretation.

Yosha et al. (2025, p. 1) introduce StressTest,
which is a benchmark that tests both stress detec-
tion, i.e., identification of the focused element(s) in
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a spoken utterance, and stress reasoning, where the
model either selects among predefined descriptions
of an interpretation or produces an open-ended de-
scription. Evaluation is performed by LLM.

Oddly, all three works present a variant of the
same example, (“I never said he stole my bag”),
without attribution, to illustrate the interpretive ef-
fects of focus. For example de Seyssel et al. (2024)
mention that focus could be placed on “he” or
“stole”, and that this can “drastically change its
meaning” but they have nothing to say about what
the change would be, or what accounts for it. This
is exactly what the theory of alternative semantics
explains: if “he” is focused, the alternative set con-
sists of examples like “Sam stole my bag”, “Lisa
stole my bag”, . . . etc. On the other hand, if “stole”
is focused the alternatives take the form “Sam bor-
rowed the bag”, “Sam coveted the bag”, . . . etc. In
the presence of negation, there is an implicature
that I did say one of these alternatives. Thus with
focus on “he”, there is a suggestion that someone
else is guilty of the theft, while this is not the case
with focus on “stole”.

As Yosha et al. (2025) point out,“sentence stress
has received limited attention in the evaluation
and development of SLMs [speech-aware language
models], despite its vital role in expressing the
speaker’s intent and meaning.” In the current work
we examine the role of focus; while recent works
have begun to investigate focus and SLMs in terms
of the transfer of focus in translation and the open-
ended description of its semantic and pragmatic
effects, we are not aware of any work addressing
the systematic effects of focus on truth-conditional
semantic interpretation.

3 Method

3.1 Data

We construct a dataset based on pairs of sentences,
where each example has the features focus, alterna-
tive, and logic.2 Focus concerns which of the two
objects to the verb receives focus. Alternative con-
cerns which of the two objects in S2 alternates, that
is, which one differs from its corresponding object
in S1. Finally, logic concerns whether S2 has a
positive or negative polarity. We label each two-
sentence example with one of the three categories:
1) ENTAILMENT, 2) NEUTRAL, 3) CONTRA-
DICTION.

2Data and code available at
github.com/DanHardtDK/audio-focus-inference-research

Sentence Pair Foc Alt Log Class

S1: Sam only gave SUE oranges.
S2: Sam didn’t give Mary oranges. 1 1 NEG ENT

S1: Sam only gave Sue ORANGES.
S2: Sam didn’t give Mary oranges. 2 1 NEG NEU

S1: Sam only gave SUE oranges.
S2: Sam didn’t give Sue apples. 1 2 NEG NEU

S1: Sam only gave Sue ORANGES.
S2: Sam didn’t give Sue apples. 2 2 NEG ENT

S1: Sam only gave SUE oranges.
S2: Sam also gave Mary oranges. 1 1 POS CON

S1: Sam only gave Sue ORANGES.
S2: Sam also gave Mary oranges. 2 1 POS NEU

S1: Sam only gave SUE oranges.
S2: Sam also gave Sue apples. 1 2 POS NEU

S1: Sam only gave Sue ORANGES.
S2: Sam also gave Sue apples. 2 2 POS CON

Table 1: The eight inference cases in our 2×2×2 de-
sign. Rows are ordered so that each case is immediately
followed by the corresponding case that differs only in
focus (Foc 1 vs. Foc 2), which can change the NLI la-
bel. Other factors are alternative (Alt 1/2) and operator
polarity (NEG/POS). Classes: ENT = entailment, NEU
= neutral, CON = contradiction.

Given these three binary features, we have eight
structures of sentence pairs, as shown in Table 1.
Note, for example, that the first example and sec-
ond example differ only in the location of focus,
which is SUE in the first example and ORANGES
in the second; it is the position of focus which
determines whether the correct class is ENTAIL-
MENT or NEUTRAL. A text-only model, without
access to the focus position, could at best achieve
an accuracy of .50, for example by always choosing
NEUTRAL. We confirmed this empirically: GPT-
5, given identical text-only input for the inference
task, achieved 49.3% accuracy, essentially at this
theoretical ceiling.

We produce a dataset of 128 text examples by
inserting random substitutions for the X and Y po-
sitions. There are 16 examples of each of the 8
structures. We produced audio recordings of the
128 examples, with a native speaker of U.S. En-
glish. This speaker will be designated speaker 0 in
what follows. We also produce audio recordings
by two other native speakers of North American
English, speaker 1 and speaker 2, on a subset of
24 of these examples, which consist of three ex-
amples of each of the 8 structures. The recordings
of speakers 1 and 2 were performed to explore the
effect of speaker variation on the models.

We define two tasks: inference and focus identi-
fication (focus ID). The inference task is a standard
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three way classification, as in Bowman et al. (2015)
and much subsequent work. For the focus ID task
the model must notate the focused element in up-
percase. While the model is required to transcribe
the entire example, the only tokens considered for
scoring the focus ID task are the two objects to the
verb.

4 Tests

We test four models on the main tasks of infer-
ence and focus ID. These models are, to our knowl-
edge, the most powerful audio LLMs that were
accessible to us at that time: gpt-4o-audio-preview,
gpt-audio, gemini-2.5-flash, and gemini-3.1-pro-
preview. Model sizes are not publicly available.
(See model details in Appendix A.1.)

4.1 Inference Task

The model is prompted to perform a three-way clas-
sification of each sentence pair: ENTAILMENT,
NEUTRAL, or CONTRADICTION. The model is
also instructed to produce a free-form explanation
of the classification.

4.1.1 Few Shot

We define settings in which we provide either two
or five correctly classified examples. This involves
audio input examples, together with a correct tran-
scription, with focused elements uppercased, and
the correct inference classification. In the few-shot
tests, we define multiple folds of the items, so that
each item is tested at least once. With n items, we
define k folds, where k = n/fs. 3 For example,
with 10 items and few-shot equal to 2, there are five
folds created; each item is a few-shot example in
one fold and a test item in 4 folds. The test results
are averaged across the folds. This ensures that the
few-shot tests include the same examples as the
tests without few-shot.

4.2 Focus Identification Task

In this task, the model must transcribe the audio
and determine the focused element, and indicate
the focused element with uppercase. The output is
scored as correct if and only if the focused element
is in uppercase and no other element is uppercase.

3The FS=5 condition was run with 120 items, prior to an
eight-item extension of the dataset. The other conditions were
run on all 128 items.

4.3 Probing of Internal Representations

The four models tested above are closed, commer-
cial models, allowing no access to internal repre-
sentations. We also test three open-weight mod-
els, Qwen2-Audio-7B (Chu et al., 2024), Qwen2.5-
Omni-7B (Xu et al., 2025a), and Qwen3-Omni-
30B-A3B (Xu et al., 2025b), to study internal pro-
cessing for both the focus identification task and
the inference task. For each task, we train a logistic
regression classifier on each layer of the model. For
the focus identification task, the classifier selects
among two choices: ARG1 and ARG2. For infer-
ence, it is a three-way classification. (See appendix
A.5 for details.)

4.4 Human Survey

The inference test defined above rests on two
claims in the theory of alternative semantics: first,
the focused elements define a set of alternatives,
and second, the adverb only accesses this alter-
native set and asserts that all alternatives are false.
These claims follow directly from the theory, which
is a central, well-established framework in the the-
ory of semantics. As with all such theoretical lin-
guistic claims, there can be complications in how
exactly they are reflected in human behavior. We
performed a survey in which human subjects per-
formed the inference test and focus identification
tests.

5 Results

5.1 Inference

Figure 2 shows results on the speaker 0 dataset
with few-shot values of 0, 2 and 5. The complete
results are given in Table 2. Only the two Gemini
models improve on the text-only baseline; it is not
clear that the other two models are able to take into
account the audio signal for the inference task at
all. The effects of few-shot vary, with the most
notable positive effect that gemini-3.1-pro-preview
increases to 90% with few-shot=5.

Statistical Significance. We tested the signifi-
cance of our main results using exact tests appro-
priate to the small sample sizes involved. gemini-
3.1-pro-preview’s accuracy of 87.5% (112/128) is
significantly above the 50% chance baseline (two-
sided exact binomial test, p = 6.4 × 10−19), and
significantly above every other tested model on
the same 128 items (McNemar’s exact test: vs.
gemini-2.5-flash, p = 7.0 × 10−5; vs. gpt-4o-
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Figure 2: Inference Task, Speaker 0. N=128. FewShot (FS) of 0,2 and 5

audio-preview, p = 5.0 × 10−12; vs. gpt-audio,
p = 1.7 × 10−15). The apparent improvement
from few-shot prompting (87.5%→90.0% at FS=5)
is not statistically reliable: restricted to the 120
items common to both conditions, the two set-
tings are indistinguishable (McNemar’s exact test,
p = 1.0; six items flip in each direction). More
generally, none of the four models we tested shows
a statistically significant improvement from few-
shot prompting, at either FS=2 or FS=5 (Fisher’s
exact test on reconstructed per-model counts, all
p > 0.19; Table 4). The only significant few-shot
effect in either direction is a decline: gemini-2.5-
flash’s accuracy drops from 68.8% (FS=0) to 53.6%
(FS=2), p = .021. Table 3 summarizes the baseline
and model-comparison tests; Table 4 summarizes
the few-shot comparisons.

5.2 Focus Identification

Results are given in Table 5. In principle, a random
baseline would be 20% accuracy, since there are
five words to select among. However focus always
falls on one of the final two words, which are by
far the most plausible options. We tested GPT-5
on this task with text only input, and it achieved
accuracy of 50% by always assuming focus appears
on one of the two final words. In general, models
perform better than this 50% baseline, with the sole
exception being gemini-3.1-pro-preview with the
speaker 2 audio. In general, we can conclude that

models are able to utilize audio data in identifying
focus position.

5.3 Probing Open Weight Models

Results for the open-weight models are given in
Table 6. All three models do well in the probe for
focus identification, with the best layer above 90%.
The probes for inference are all around or below
the text only baseline of 50%; none are statistically
significantly above that baseline. The output results
for both tasks are low, with the exception of Qwen3-
Omni-30B, which performs better on the focus ID
task than three of the four closed-weight models.

As can be seen in Tables 15 to 18, probing ac-
curacy tends to be highest in middle layers, and
decreases by the final layer. This pattern is consis-
tent with other probing results, such as that of de la
Fuente and Jurafsky (2024).

5.4 Human Survey

The results of the survey are given in Table 7. We
observe that focus identification is performed per-
fectly. The average accuracy for the inference task
is 67.7%, which is well above the text-only base-
line. There is substantial variability among respon-
dents; the maximum results show that human sub-
jects are capable of solving the task with quite high
accuracy across all three speakers. (See appendix
for survey details.)
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Model Speaker 0 Speaker 1 Speaker 2

Inference accuracy

gemini-3.1-pro-preview
FS=0 87.5 91.7 54.2
FS=2 82.5 90.3 70.8
FS=5 90.0 — —

gemini-2.5-flash
FS=0 68.8 58.3 41.7
FS=2 53.6 54.5 47.2
FS=5 60.0 — —

gpt-4o-audio-preview
FS=0 46.1 20.8 41.7
FS=2 42.3 41.7 36.1
FS=5 49.2 — —

gpt-audio
FS=0 39.1 29.2 37.5
FS=2 39.1 38.9 34.7
FS=5 45.0 — —

Table 2: Inference accuracy (%) by model, few-shot setting, and speaker. Speaker 0: N = 128; Speakers 1 and 2:
N = 24. FS=5 was only run for Speaker 0. ‘—’ indicates condition not run.

Comparison N Acc. (%) p

G3.1 vs. baseline 128 87.5 vs. 50.0 6.4×10−19

G3.1 vs. G2.5 128 87.5 vs. 68.8 7.0×10−5

G3.1 vs. GPT-4o 128 87.5 vs. 46.1 5.0×10−12

G3.1 vs. GPT-audio 128 87.5 vs. 39.1 1.7×10−15

G3.1 FS0 vs. FS5 120 90.0 vs. 90.0 1.00 (n.s.)

Table 3: Statistical tests supporting the main inference
results (Speaker 0, FS=0 unless noted). G3.1 = gemini-
3.1-pro-preview, G2.5 = gemini-2.5-flash. Baseline and
model-vs-model comparisons use an exact binomial test
/ McNemar’s exact test, paired by item. The FS0-vs-FS5
comparison restricts N to the 120 items present in both
conditions.

6 Error Analysis and Discussion

Models generally show some sensitivity to the posi-
tion of focus. As shown in Table 5, accuracy ranges
from 50% to 81.2%, with 50% being a text-only
baseline. On the inference task, the gemini models
are above a 50% baseline while the GPT models
are below. In general models perform much better
on focus identification than on inference. This is
expected, since the inference task requires knowl-
edge of the focus position. The one exception is
gemini-3.1-pro-preview, which performs better on
inference than on focus identification for speaker
0.

Model FS Acc. (%) p

gemini-3.1 2 87.5 vs. 82.5 .380 n.s.
gemini-3.1 5 87.5 vs. 90.0 .694 n.s.
gemini-2.5 2 68.8 vs. 53.6 .021 ↓
gemini-2.5 5 68.8 vs. 60.0 .192 n.s.
gpt-4o 2 46.1 vs. 42.3 .615 n.s.
gpt-4o 5 46.1 vs. 49.2 .707 n.s.
gpt-audio 2 39.1 vs. 39.1 1.00 n.s.
gpt-audio 5 39.1 vs. 45.0 .376 n.s.

Table 4: Few-shot effects for all four models (Speaker 0,
vs. FS=0 baseline). Fisher’s exact test on reconstructed
counts (nominal N=128 per cell); ↓ marks the one sig-
nificant effect, a decline. No model shows a significant
improvement at either few-shot level.

To better understand these results, we examine
the explanations that the models produce with each
inference output. We define two additional features,
based on whether the explanations identify the cor-
rect task outputs. These are derived using an LLM
as a judge, and are defined as follows (see details
in Appendix):

1. E_FocusID: Is focus correctly identified in
Explanation?

2. E_Inference: Is inference correctly identified
in Explanation?

Table 11 shows the distribution of these features.
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Model Speaker 0 Speaker 1 Speaker 2

gemini-3.1-pro-preview 81.2 75.0 50.0
gemini-2.5-flash 72.7 58.3 54.2
gpt-4o-audio-preview 63.3 70.8 62.5
gpt-audio 53.1 62.5 54.2

Table 5: Focus identification accuracy (%) by model and speaker.

Focus Inf.

Model Probe Out Probe Out

Qwen2-Audio 93.0 0.0 52.3 28.1
Qwen2.5-Omni 97.7 43.0 53.1 53.9
Qwen3-Omni-30B 99.2 75.0 57.0 50.0

Chance 50 50 33 33

Table 6: Accuracy (%) on four tasks for open-weight
models (SP0, N = 128). Probe: best-layer LOO probe;
Out: zero-shot output. Text-only inference baseline
= 50%.

Focus ID Inference

Speaker n Acc. n Mean Max

Speaker 0 3 100% 3 86.1% 91.7%
Speaker 1 3 100% 4 63.5% 87.5%
Speaker 2 — — 5 60.0% 100%

Overall 6 100% 12 67.7% 100%

Table 7: Human survey results. Inference accuracy is
mean per-respondent accuracy (24 items each).

Note that for gemini-3.1-pro-preview, E_FocusID
accuracy is higher than inference accuracy or focus
ID accuracy. Recall that the two tasks, inference
and focus ID, are performed with separate API
calls, so that focus on a given example might be
correctly identified on one API call but incorrectly
identified on another. This provides a possible ex-
planation for the fact that gemini-3.1-pro-preview
scores lower on focus ID than on inference: on
the API calls for inference, the model simply iden-
tifies focus more accurately. On the other hand,
the GPT models have lower inference and focus
accuracy in the explanations than in the inference
and focus ID tasks. This might be a reflection of
the fact that these models have difficulty reasoning
about these examples, or difficulty producing ex-
planations about that reasoning. Table 13 gives all
combinations of the four features for each model.
Beginning with gemini-3.1-pro-preview, we can

see that there are 14 cases where inference is cor-
rect but focus ID is incorrect, but here, E_FocusID
is correct. Indeed there are no cases where infer-
ence is correct without E_FocusID being correct.
The picture is similar with gemini-2.5-flash; here
there are a small number (7) of cases where in-
ference is correct while E_FocusID is incorrect,
although in these cases focus ID is correct. There
is considerably less clarity with the GPT models,
where there are many cases where focus is cor-
rectly identified either in the focus ID task or in
E_FocusID but inference is incorrect. It seems
clear that these models have an ability to identify
focus position, but are not able to reason about the
focus position to succeed in the inference task.

We consider also the performance of models
with respect to the different structure of examples.
As shown in Table 1, examples vary in terms of fo-
cus position, logic, and alternative position. Tables
8 - 10 show model accuracy for each of these cases.
The clearest observation concerns focus position as
shown in Table 8: for all models, focus ID accuracy
is higher with focus position 1, and the two gemini
models also perform better on inference. However
the two GPT models actually perform worse on
inference with focus position 1.

Foc1 Foc2

Model Inf FocID Inf FocID

Gemini-3.1 95 83 80 80
Gemini-2.5 72 81 66 64
GPT-4o 39 72 53 55
GPT-audio 33 78 45 28

Table 8: Inference and focus ID accuracy (%) by Foc
(FS0, N = 64 per cell).

Speaker Effects. To test whether the accuracy
drop observed on Speaker 2’s recordings (Table 2)
is statistically reliable, we compare gemini-3.1-
pro-preview and gemini-2.5-flash on the 24 items
recorded by all three speakers, using McNemar’s
exact test (paired by item, since the same items are
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POS NEG

Model Inf FocID Inf FocID

Gemini-3.1 91 77 84 86
Gemini-2.5 62 69 75 77
GPT-4o 50 66 42 61
GPT-audio 50 64 28 42

Table 9: Inference and focus ID accuracy (%) by Log
(FS0, N = 64 per cell).

Alt1 Alt2

Model Inf FocID Inf FocID

Gemini-3.1 81 78 94 84
Gemini-2.5 64 69 73 77
GPT-4o 52 64 41 62
GPT-audio 38 56 41 50

Table 10: Inference and focus ID accuracy (%) by Alt
(FS0, N = 64 per cell).

compared across speakers rather than Speaker 0’s
full 128-item set, which includes 104 items Speaker
2 never recorded). The drop is significant for both
models: gemini-3.1-pro-preview falls from 95.8%
to 54.2% (p = 2.0× 10−3), and gemini-2.5-flash
falls from 79.2% to 41.7% (p = 2.3× 10−2). This
pattern is corroborated by an acoustic analysis of
the three speakers using the Praat software (via the
parselmouth Python interface): Speaker 2’s inten-
sity range is substantially lower than Speakers 0
and 1 (25.3 dB vs. 57.2 dB and 46.0 dB, respec-
tively, on the same 24 items). This may contribute
to poorer model performance.

Thinking-Mode Sensitivity. Both Gemini mod-
els support an internal “thinking” setting, left at
its default value in our main experiments (ON
for gemini-2.5-flash; HIGH for gemini-3.1-pro-
preview). To check the effect of this setting, we
re-ran the Speaker 0, zero-shot inference task with
thinking OFF for gemini-2.5-flash and lowered
to LOW for gemini-3.1-pro-preview. Disabling
thinking sharply reduces gemini-2.5-flash’s accu-
racy (68.8%→35.2%; McNemar’s exact test, p =
4.1×10−7), while lowering (not disabling) gemini-
3.1-pro-preview’s thinking budget leaves its accu-
racy statistically unchanged, if anything slightly
higher (87.5%→92.2%; p = 0.109, n.s.). This
suggests gemini-2.5-flash’s above-baseline perfor-
mance depends substantially on extended reason-
ing, whereas gemini-3.1-pro-preview’s does not.

Model Inf FocID E_FocusID E_Inf

Gem3.1 87.5 81.2 88.3 85.9
Gem2.5 68.8 72.7 73.4 59.4
GPT4o 46.1 63.3 46.9 30.5
GPTaudio 39.1 53.1 50.8 27.3

Table 11: Accuracy (%) across four measures for each
model (FS0, N = 128). Inf : inference correct; focus
ID: focus identification correct; E_FocusID: explanation
applies correct focus semantics; E_Inf : explanation
reasoning supports correct inference label.

Inference accuracy

Foc Log Alt G3.1 G2.5 G4o Gpa

1 POS 1 100 88 44 31
1 POS 2 94 50 31 50
1 NEG 1 100 75 75 38
1 NEG 2 88 75 6 12
2 POS 1 69 25 62 56
2 POS 2 100 88 62 62
2 NEG 1 56 69 25 25
2 NEG 2 94 81 62 38

Focus ID accuracy

Foc Log Alt G3.1 G2.5 G4o Gpa

1 POS 1 94 100 69 88
1 POS 2 62 69 81 88
1 NEG 1 100 88 69 69
1 NEG 2 75 69 69 69
2 POS 1 50 31 50 44
2 POS 2 100 75 62 38
2 NEG 1 69 56 69 25
2 NEG 2 100 94 38 6

Table 12: Inference and focus ID accuracy (%) by con-
dition (FS0, N = 16 per cell). G3.1 = Gemini-3.1-pro;
G2.5 = Gemini-2.5-flash; G4o = GPT-4o-audio; Gpa =
GPT-audio. Foc: focused argument (1=person, 2=fruit);
Log: polarity (POS/NEG); Alt: alternative type (1/2).
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Gemini-3.1-pro Gemini-2.5-flash

Inf FocID E_I E_F N Inf FocID E_I E_F N

✓ ✓ ✓ ✓ 96 ✓ ✓ ✓ ✓ 54
✓ – ✓ ✓ 14 ✓ – ✓ ✓ 17
– – – – 9 – ✓ – – 16
– ✓ – – 6 – – – – 11
– ✓ – ✓ 1 ✓ ✓ – ✓ 9
✓ – – ✓ 1 – ✓ – ✓ 7
✓ ✓ – ✓ 1 – – – ✓ 4

✓ ✓ – – 4
✓ ✓ ✓ – 3
– – ✓ ✓ 2
✓ – – ✓ 1

GPT-4o-audio GPT-audio

Inf FocID E_I E_F N Inf FocID E_I E_F N

– ✓ – – 29 – ✓ – ✓ 24
✓ ✓ ✓ ✓ 19 – – – – 22
– ✓ – ✓ 18 – ✓ – – 16
✓ – – – 13 – – – ✓ 13
– – – – 12 ✓ – ✓ ✓ 13
✓ – ✓ ✓ 12 ✓ ✓ – – 9
– – – ✓ 7 ✓ – ✓ – 7
✓ ✓ – – 6 ✓ ✓ ✓ ✓ 7
✓ ✓ – ✓ 4 ✓ ✓ ✓ – 5
✓ ✓ ✓ – 3 ✓ ✓ ✓ – 5
– ✓ ✓ – 2 ✓ – – – 4
✓ – ✓ – 2 – ✓ ✓ ✓ 2
– – ✓ – 1 – – ✓ ✓ 1

Table 13: Combinations of four binary features across four models (FS0, N = 128 per model). ✓= correct,
– = incorrect. E_I = E_Inf; E_F = E_FocusID. Inf : inference correct; FocusID: focus identification correct; E_Inf :
explanation reasoning supports correct inference label; E_FocusID: explanation applies correct focus semantics.

Model N Acc. (%) p

gemini-3.1-pro-preview 24 95.8 vs. 54.2 2.0×10−3

gemini-2.5-flash 24 79.2 vs. 41.7 2.3×10−2

Table 14: Speaker 0 vs. Speaker 2 accuracy (FS=0),
restricted to the 24 items recorded by both speakers.
McNemar’s exact test, paired by item.

7 Conclusions

Thousands of years ago, Socrates argued for the
primacy of spoken over written language, claiming
that writing gives “not truth, but only the semblance
of truth” (Plato, 1892). This is quite literally the
case in this paper, where a model must access the
audio version of an example to correctly determine
its truth conditions.

It is widely believed that LLMs will soon over-
take human cognitive abilities, including language,
if they haven’t already done so. For example, Ma-
howald et al. (2024) described the linguistic abili-
ties of GPT-3 as “at ceiling” – essentially equal to
that of humans. The results reported here suggest
that this is not the case with spoken language.

In this paper we have tested models on an infer-
ence task that requires the correct determination
of the position of a focal accent. Models are able,
to varying extents, to successfully determine focus
position. It is a much more substantial challenge
to perform the reasoning required to solve the in-
ference task; while some models are at or below
baseline, the best model achieves an accuracy close
to 90%.

The test proposed here is one of many recent
tests of audio models and spoken language, includ-
ing several tests that address issues of prosodic
focus. What distinguishes the current test is that it
builds on linguistic theory, which provides a sys-
tematic link between focus and semantic interpre-
tation, giving rise to an inference test. The case
of only is but one example in a landscape of phe-
nomena in which prosodic focus is directly linked
to semantic and pragmatic effects, including focus-
sensitive adverbs, question-answer coherence, and
many other phenomena. This provides the ba-
sis to investigate whether LLMs can both identify
prosodic patterns, and understand their meaning.
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Limitations

Four recent models are tested in addition to prob-
ing tests of three open-weight models. It is possi-
ble that other audio models would perform better.
Furthermore, the dataset is limited to just 128 ex-
amples and is synthetic. There is a single primary
speaker, with two additional speakers for a subset
of the data. A larger dataset would be interesting,
as would one consisting of naturally occurring data.
Finally, the data is limited to English, although
the phenomenon of association with focus occurs
across many of the world’s languages.
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A Appendix

A.1 Models

Four models were tested: gpt-4o-audio-preview,
gpt-audio, gemini-2.5-flash, and gemini-3.1-pro-
preview. Models were accessed in a period from
28 April 2026 to 19 May 2026, and additionally
on 13 July 2026. Exact timestamps for each run
are available on the Github repo. All calls used
temperature = 0.0, with all other parameters left at
default values, including the Gemini models’ inter-
nal “thinking” setting (see details in the Thinking-
Mode Sensitivity paragraph). Audio was passed as
WAV format, base64-encoded, inline in the request.

A.2 Prompts

See Figure 3 for the prompts for the two tasks.

A.3 Human Survey

The survey was performed in April and May 2026.
Respondents were solicited among students and
academic colleagues, with the only requirement
being native English competence. Survey introduc-
tion and question examples are shown in Figure 4
and 5.

A.4 Analysis of Model Explanations

Model explanations were analyzed using the LLM,
claude-haiku-4-5-20251001. The model was
prompted to examine an explanation and determine
whether it correctly determined the focus location
(E_FocusID) and correctly described the inference
(E_Inference). The model was accessed with tem-
perature not set, and max_tokens=16. There were
two separate single-question prompts per item (512
items × 2 = 1,024 API calls total). See complete
prompts in fig 6.)

Two prompts were used to evaluate the model-
generated explanations, each administered via a
separate API call.

A.5 Probing Open Weight Models

We performed a logistic regression probe (PCA-50
+ L2) on mean-pooled encoder hidden states on all
three models. Below are the results for each layer
of the model.

A.6 Use of AI Assistants

AI assistants were used in the preparation of
this paper. Claude (Anthropic) was used to
assist with writing and editing. The LLM

LOO (SP0) Held-out

Layer Acc. 95% CI SP1 SP2

0 68.0 [59.5, 75.4] 54.2 50.0
1 75.8 [67.7, 82.4] 50.0 54.2
2 81.2 [73.6, 87.1] 66.7 50.0
3 81.2 [73.6, 87.1] 87.5 54.2
4 85.9 [78.9, 90.9] 54.2 50.0
5 84.4 [77.1, 89.7] 45.8 50.0
6 85.2 [78.0, 90.3] 62.5 50.0
7 86.7 [79.8, 91.5] 58.3 62.5
8 85.9 [78.9, 90.9] 54.2 62.5
9 85.2 [78.0, 90.3] 50.0 45.8

10 85.2 [78.0, 90.3] 45.8 50.0
11 84.4 [77.1, 89.7] 50.0 58.3
12 85.2 [78.0, 90.3] 54.2 37.5
13 85.2 [78.0, 90.3] 58.3 50.0
14 88.3 [81.6, 92.8] 50.0 50.0
15 88.3 [81.6, 92.8] 50.0 54.2
16 86.7 [79.8, 91.5] 62.5 50.0
17 88.3 [81.6, 92.8] 50.0 50.0
18 91.4 [85.3, 95.1] 50.0 50.0
19 91.4 [85.3, 95.1] 50.0 50.0
20 91.4 [85.3, 95.1] 54.2 50.0
21 93.0 [87.2, 96.3] 50.0 54.2
22 88.3 [81.6, 92.8] 50.0 50.0
23 82.8 [75.3, 88.4] 54.2 62.5
24 89.1 [82.5, 93.4] 66.7 66.7
25 90.6 [84.3, 94.6] 66.7 58.3
26 85.9 [78.9, 90.9] 79.2 58.3
27 85.2 [78.0, 90.3] 58.3 54.2
28 85.9 [78.9, 90.9] 50.0 58.3
29 83.6 [76.2, 89.0] 50.0 58.3
30 81.2 [73.6, 87.1] 50.0 62.5
31 78.9 [71.0, 85.1] 50.0 50.0
32 80.5 [72.8, 86.4] 50.0 58.3

Table 15: Qwen2-Audio-7B fp16: focus probe accuracy
(%). Logistic regression on PCA-50 mean-pooled en-
coder states. LOO cross-validation on SP0 (N = 128);
held-out test on SP1 and SP2 (N = 24 each). Chance
= 50%. Peak layer bold.

claude-haiku-4-5-20251001 was used for au-
tomated evaluation of model explanations, as de-
scribed in Appendix A.4.

Claude Code was used to produce latex tables
and charts based on those tables. It was also used
to run tests and collect the results, and perform
debugging and certain code modifications.
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Task 1: Focus Identification
Task instruction:

Your task:
1. Transcribe S1 and S2 from audio.
2. Mark the prosodically focused word

in S1 using UPPERCASE. All other
words must be in normal casing.

IMPORTANT:
- Audio is ALREADY INCLUDED.
- Do NOT ask for audio.
- Infer S1 and S2 ONLY from audio.

Output format:

<index>
S1: ...
S2: ...

Task 2: Inference
Task instruction:

Your task:
1. Listen to S1 and S2 from audio.
2. Classify S2 relative to S1:

A = entailed
B = independent
C = contradicted.

IMPORTANT:
- Audio is ALREADY INCLUDED.
- Do NOT ask for audio.
- Pay close attention to which word
is prosodically focused in S1.

Output format:

<index>
A
Because <explanation>

Shared prompt scaffold (both tasks):

You are performing a semantic classification task. <task instruction>
Your output must follow this structure: <output format>
Do not add meta-comments or tool-use descriptions.
--------------------------------------------------------------- TEST ITEMS
---------------------------------------------------------------
<BEGIN_NEW> <items> <END_NEW>
Begin now.

Figure 3: Prompt templates for Task 1 (focus identification) and Task 2 (inference). When few-shot examples were
included (FS= 2 or FS= 5), a block of demonstrations was prepended before the test items. For the inference task,
few-shot items showed only the label and explanation, not the S1/S2 text, to avoid leaking focus information via the
uppercase marking.
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Figure 4: Survey Materials: Focus ID

40178



Figure 5: Survey Materials: Inference
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E_FocusID Evaluates whether the explanation applies the correct focus semantics.
S1: {true_S1}
S2: {true_S2}
Prosodic focus: the UPPERCASE word is "{focus_word}" ({focus_type}).
Model explanation: "{explanation}"

In S1, the UPPERCASE word marks prosodic focus. This determines the semantics of "only":
- If a PERSON is capitalised (arg1 focus): "only" restricts WHO received the item.
Correct reasoning: "Sam gave [item] to no one else" / "only [PERSON] received [item]".

- If a FRUIT is capitalised (arg2 focus): "only" restricts WHAT the person received.
Correct reasoning: "Sam gave [PERSON] no other fruit" / "[PERSON] only received [FRUIT]".

Does the model's explanation apply the semantics that match the actual focus ({focus_type})?
Answer YES if it does. Answer NO if it applies the opposite focus semantics,
or is confused about which argument is focused.

Respond in exactly this format, nothing else:
E_FOCUSID: YES/NO

E_Inf Evaluates whether the explanation’s reasoning supports the correct inference label.

S1: {true_S1}
S2: {true_S2}
Correct label: {true_A} (A=entailed, B=independent, C=contradicted)
Model explanation: "{explanation}"

Does the explanation's reasoning actually support the correct label ({true_A})?
Answer YES if the logic in the explanation leads to label {true_A}.
Answer NO if the logic leads to a different label, or is incoherent.

Respond in exactly this format, nothing else:
E_INF: YES/NO

In both prompts, fields in curly braces are filled with values from the dataset and model output: {true_S1} and {true_S2}
are the gold sentences, {focus_word} and {focus_type} are derived from the gold focus annotation, {true_A} is the gold
inference label, and {explanation} is the free-form text produced by the model under evaluation.

Figure 6: Prompts used for automated explanation evaluation.
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LOO (SP0) Held-out

Layer Acc. 95% CI SP1 SP2

0 50.0 [41.5, 58.5] 50.0 25.0
1 48.4 [40.0, 57.0] 50.0 54.2
2 45.3 [37.0, 53.9] 20.8 25.0
3 43.8 [35.5, 52.4] 50.0 50.0
4 45.3 [37.0, 53.9] 33.3 50.0
5 46.1 [37.7, 54.7] 29.2 25.0
6 43.0 [34.7, 51.6] 29.2 25.0
7 42.2 [34.0, 50.8] 29.2 37.5
8 45.3 [37.0, 53.9] 41.7 37.5
9 47.7 [39.2, 56.3] 45.8 54.2

10 42.2 [34.0, 50.8] 25.0 37.5
11 42.2 [34.0, 50.8] 50.0 50.0
12 39.8 [31.8, 48.5] 50.0 50.0
13 44.5 [36.2, 53.2] 20.8 37.5
14 41.4 [33.2, 50.1] 50.0 25.0
15 39.8 [31.8, 48.5] 50.0 20.8
16 43.0 [34.7, 51.6] 54.2 58.3
17 41.4 [33.2, 50.1] 25.0 45.8
18 39.8 [31.8, 48.5] 45.8 50.0
19 46.1 [37.7, 54.7] 45.8 50.0
20 46.1 [37.7, 54.7] 45.8 54.2
21 50.8 [42.2, 59.3] 50.0 50.0
22 46.9 [38.4, 55.5] 37.5 66.7
23 51.6 [43.0, 60.0] 37.5 37.5
24 49.2 [40.7, 57.8] 54.2 50.0
25 46.1 [37.7, 54.7] 50.0 45.8
26 43.8 [35.5, 52.4] 29.2 41.7
27 50.8 [42.2, 59.3] 29.2 45.8
28 49.2 [40.7, 57.8] 41.7 41.7
29 50.0 [41.5, 58.5] 50.0 41.7
30 42.2 [34.0, 50.8] 58.3 37.5
31 52.3 [43.7, 60.8] 33.3 25.0
32 49.2 [40.7, 57.8] 45.8 45.8

Table 16: Qwen2-Audio-7B fp16: inference probe accu-
racy (%). Same probe pipeline, 3-class target (A/B/C).
LOO on SP0 (N = 128); held-out SP1 and SP2
(N = 24). Chance = 33.3%. Peak layers bold.

LOO (SP0) Held-out

Layer Acc. 95% CI SP1 SP2

0 66.4 [57.9, 74.0] 45.8 45.8
1 75.0 [66.8, 81.7] 50.0 50.0
2 79.7 [71.9, 85.7] 54.2 50.0
3 79.7 [71.9, 85.7] 50.0 50.0
4 81.2 [73.6, 87.1] 50.0 54.2
5 84.4 [77.1, 89.7] 58.3 54.2
6 84.4 [77.1, 89.7] 37.5 50.0
7 87.5 [80.7, 92.2] 50.0 50.0
8 89.1 [82.5, 93.4] 45.8 41.7
9 82.0 [74.5, 87.7] 45.8 50.0

10 80.5 [72.8, 86.4] 54.2 41.7
11 83.6 [76.2, 89.0] 50.0 62.5
12 84.4 [77.1, 89.7] 45.8 50.0
13 82.0 [74.5, 87.7] 50.0 54.2
14 82.8 [75.3, 88.4] 50.0 50.0
15 81.2 [73.6, 87.1] 50.0 50.0
16 82.8 [75.3, 88.4] 50.0 66.7
17 90.6 [84.3, 94.6] 54.2 54.2
18 92.2 [86.2, 95.7] 50.0 62.5
19 91.4 [85.3, 95.1] 50.0 54.2
20 93.8 [88.2, 96.8] 50.0 58.3
21 90.6 [84.3, 94.6] 58.3 50.0
22 89.1 [82.5, 93.4] 54.2 62.5
23 97.7 [93.3, 99.2] 62.5 70.8
24 96.9 [92.2, 98.8] 54.2 62.5
25 95.3 [90.2, 97.8] 54.2 54.2
26 96.9 [92.2, 98.8] 58.3 58.3
27 94.5 [89.1, 97.3] 75.0 62.5
28 93.8 [88.2, 96.8] 83.3 66.7
29 92.2 [86.2, 95.7] 83.3 66.7
30 91.4 [85.3, 95.1] 66.7 66.7
31 93.0 [87.2, 96.3] 62.5 70.8
32 91.4 [85.3, 95.1] 62.5 58.3

Table 17: Qwen2.5-Omni-7B fp16: focus probe accu-
racy (%). Same methodology as Table 15. Chance
= 50%. Peak layer bold.
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LOO (SP0) Held-out

Layer Acc. 95% CI SP1 SP2

0 46.9 [38.4, 55.5] 50.0 50.0
1 49.2 [40.7, 57.8] 45.8 29.2
2 49.2 [40.7, 57.8] 50.0 33.3
3 50.8 [42.2, 59.3] 45.8 41.7
4 50.8 [42.2, 59.3] 50.0 54.2
5 49.2 [40.7, 57.8] 50.0 54.2
6 46.9 [38.4, 55.5] 45.8 25.0
7 50.0 [41.5, 58.5] 50.0 41.7
8 47.7 [39.2, 56.3] 50.0 41.7
9 44.5 [36.2, 53.2] 29.2 54.2

10 53.1 [44.5, 61.6] 41.7 50.0
11 49.2 [40.7, 57.8] 29.2 41.7
12 46.1 [37.7, 54.7] 37.5 45.8
13 50.0 [41.5, 58.5] 37.5 50.0
14 49.2 [40.7, 57.8] 45.8 54.2
15 48.4 [40.0, 57.0] 45.8 50.0
16 48.4 [40.0, 57.0] 41.7 45.8
17 41.4 [33.2, 50.1] 45.8 45.8
18 49.2 [40.7, 57.8] 45.8 50.0
19 53.1 [44.5, 61.6] 29.2 45.8
20 49.2 [40.7, 57.8] 20.8 50.0
21 46.1 [37.7, 54.7] 29.2 50.0
22 44.5 [36.2, 53.2] 29.2 50.0
23 47.7 [39.2, 56.3] 37.5 50.0
24 46.9 [38.4, 55.5] 58.3 50.0
25 46.9 [38.4, 55.5] 50.0 45.8
26 45.3 [37.0, 53.9] 54.2 50.0
27 43.8 [35.5, 52.4] 50.0 45.8
28 45.3 [37.0, 53.9] 33.3 58.3
29 45.3 [37.0, 53.9] 50.0 66.7
30 46.1 [37.7, 54.7] 58.3 54.2
31 48.4 [40.0, 57.0] 41.7 45.8
32 46.1 [37.7, 54.7] 50.0 37.5

Table 18: Qwen2.5-Omni-7B fp16: inference probe
accuracy (%). Same methodology as Table 16. Chance
= 33.3%. Peak layers bold.

LOO (SP0) Held-out

Layer Acc. 95% CI SP1 SP2

0 68.8 [60.3, 76.1] 50.0 50.0
1 66.4 [57.9, 74.0] 54.2 50.0
2 70.3 [61.9, 77.5] 54.2 41.7
3 66.4 [57.9, 74.0] 58.3 33.3
4 68.0 [59.5, 75.4] 45.8 50.0
5 67.2 [58.7, 74.7] 54.2 41.7
6 75.0 [66.8, 81.7] 50.0 50.0
7 78.1 [70.2, 84.4] 50.0 50.0
8 76.6 [68.5, 83.1] 50.0 50.0
9 81.2 [73.6, 87.1] 50.0 50.0

10 78.9 [71.0, 85.1] 50.0 50.0
11 78.1 [70.2, 84.4] 50.0 50.0
12 72.7 [64.4, 79.6] 62.5 50.0
13 75.8 [67.7, 82.4] 54.2 62.5
14 75.0 [66.8, 81.7] 54.2 50.0
15 72.7 [64.4, 79.6] 50.0 50.0
16 78.1 [70.2, 84.4] 75.0 54.2
17 82.0 [74.5, 87.7] 54.2 50.0
18 85.9 [78.9, 90.9] 54.2 50.0
19 88.3 [81.6, 92.8] 50.0 50.0
20 93.0 [87.2, 96.3] 54.2 58.3
21 96.9 [92.2, 98.8] 41.7 66.7
22 94.5 [89.1, 97.3] 66.7 58.3
23 95.3 [90.2, 97.8] 75.0 58.3
24 95.3 [90.2, 97.8] 66.7 70.8
25 97.7 [93.3, 99.2] 83.3 58.3
26 95.3 [90.2, 97.8] 54.2 58.3
27 97.7 [93.3, 99.2] 66.7 62.5
28 97.7 [93.3, 99.2] 75.0 54.2
29 98.4 [94.5, 99.6] 54.2 70.8
30 99.2 [95.7, 99.9] 54.2 66.7
31 99.2 [95.7, 99.9] 54.2 83.3
32 98.4 [94.5, 99.6] 58.3 70.8

Table 19: Qwen3-Omni-30B-A3B bf16: focus probe
accuracy (%). Logistic regression on PCA-50 mean-
pooled encoder states. LOO cross-validation on SP0
(N = 128); held-out test on SP1 and SP2 (N = 24
each). Chance = 50%. Peak layers bold.
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LOO (SP0) Held-out

Layer Acc. 95% CI SP1 SP2

0 43.8 [35.5, 52.4] 20.8 25.0
1 49.2 [40.7, 57.8] 33.3 25.0
2 43.8 [35.5, 52.4] 16.7 25.0
3 46.1 [37.7, 54.7] 25.0 25.0
4 48.4 [40.0, 57.0] 25.0 41.7
5 49.2 [40.7, 57.8] 50.0 41.7
6 46.1 [37.7, 54.7] 45.8 50.0
7 51.6 [43.0, 60.0] 45.8 25.0
8 49.2 [40.7, 57.8] 33.3 41.7
9 53.9 [45.3, 62.3] 25.0 29.2

10 49.2 [40.7, 57.8] 29.2 37.5
11 53.1 [44.5, 61.6] 37.5 45.8
12 53.9 [45.3, 62.3] 33.3 45.8
13 54.7 [46.1, 63.0] 37.5 50.0
14 50.8 [42.2, 59.3] 50.0 50.0
15 57.0 [48.4, 65.3] 50.0 50.0
16 52.3 [43.7, 60.8] 58.3 41.7
17 51.6 [43.0, 60.0] 58.3 37.5
18 52.3 [43.7, 60.8] 25.0 25.0
19 50.8 [42.2, 59.3] 29.2 25.0
20 55.5 [46.8, 63.8] 50.0 58.3
21 51.6 [43.0, 60.0] 50.0 37.5
22 50.0 [41.5, 58.5] 41.7 33.3
23 51.6 [43.0, 60.0] 50.0 45.8
24 49.2 [40.7, 57.8] 54.2 54.2
25 53.9 [45.3, 62.3] 41.7 58.3
26 52.3 [43.7, 60.8] 45.8 66.7
27 55.5 [46.8, 63.8] 45.8 54.2
28 52.3 [43.7, 60.8] 50.0 58.3
29 47.7 [39.2, 56.3] 50.0 66.7
30 52.3 [43.7, 60.8] 50.0 54.2
31 48.4 [40.0, 57.0] 54.2 54.2
32 52.3 [43.7, 60.8] 58.3 58.3

Table 20: Qwen3-Omni-30B-A3B bf16: inference
probe accuracy (%). Same probe pipeline, 3-class target
(A/B/C). LOO on SP0 (N = 128); held-out SP1 and
SP2 (N = 24). Chance = 33.3%. Peak layer bold.
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