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Abstract

Large Audio Language Models (LALMs) are
increasingly used for speech understanding,
yet it remains unclear whether they meaning-
fully utilize subtle speech-conditioned emo-
tional cues beyond coarse acted emotions. In
this work, we investigate whether the eval-
uated LALMs exhibit measurable sensitivity
to fine-grained emotional variation in speech
through controlled perturbation experiments,
fine-grained emotion elicitation tasks, and rep-
resentation geometry analysis. Our results
show that vocal delivery variations systemati-
cally influence both model behavior and hidden
representations, indicating that the evaluated
LALMs encode non-trivial speech-conditioned
affective information. However, the evaluated
models struggle under emotionally ambiguous
settings, particularly for semantically related
fine-grained emotions. Representation analysis
further suggests that subtle emotional structure
is partially preserved in their hidden states de-
spite weak downstream utilization. Overall, our
findings suggest that the evaluated LALMs do
not completely ignore subtle speech emotion
cues, but instead utilize them inconsistently un-
der ambiguous affective conditions.1

1 Introduction

In natural communication, emotion is often con-
veyed through subtle variations in speech delivery,
including prosody, hesitation, timing, and vocal
rhythm. These paralinguistic cues can substantially
modify or even contradict literal semantic content,
making them important for affective interpretation
beyond coarse emotion categories. As Large Au-
dio Language Models (LALMs) become increas-

*Equal contribution. †Corresponding author.
1Link to the project: https://github.com/NLP2CT/Ene

ingly deployed in conversational and affective ap-
plications, understanding whether they utilize such
cues has become an important problem (Lian et al.,
2025; Kim et al., 2024; wen Yang et al., 2026).

Prior work shows that speech input can im-
prove affect-related tasks compared to text-only
settings (Zhu et al., 2021; Min et al., 2025). How-
ever, recent studies also suggest that acoustic in-
formation weakens in later language-model layers
(Yang et al., 2025a; Zhao et al., 2026), and that
the LALMs examined in those studies do not con-
sistently utilize speech delivery attributes during
downstream inference (Yang et al., 2024a). Impor-
tantly, attenuation of general acoustic information
does not necessarily imply the disappearance of
emotionally relevant speech structure. This leaves
an important unresolved question: when LALMs
perform poorly on subtle emotional understand-
ing tasks, does this reflect absent encoding, weak
encoding, or failure to robustly utilize already-
encoded affective information? Distinguishing be-
tween these possibilities is important because they
imply different limitations and future directions
for multimodal language models. To study this
question, we combine controlled speech perturba-
tion experiments, fine-grained emotion elicitation,
and representation analysis across two open-source
LALMs, Qwen2-Audio-Instruct(Chu et al., 2024)
and Audio-Flamingo-3(Goel et al., 2025). We addi-
tionally include a closed-source model Gemini-2.5-
flash as comparison(Comanici et al., 2025). We
construct controlled perturbations involving emo-
tional intensity variation and paralinguistic cues
while preserving lexical content, and evaluate fine-
grained emotional interpretation under varying lev-
els of ambiguity.

Across the two evaluated open-source models,
controlled perturbations produce measurable behav-
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Figure 1: Overview of our evaluation framework. We examine (1) behavioral sensitivity to controlled speech
perturbations, (2) fine-grained emotion recognition under ambiguity-aware prompting and modality settings, and (3)
internal representation structure through geometry and speech reintegration analysis.

ioral and representational shifts. However, behav-
ioral discrimination weakens substantially under se-
mantically overlapping fine-grained emotional set-
tings. Representation analyses nevertheless suggest
that non-random affective organization remains par-
tially preserved even when downstream utilization
becomes inconsistent. Overall, our findings sug-
gest that the evaluated LALMs do not completely
ignore subtle speech-conditioned emotional cues,
but instead exhibit a gap between internal affec-
tive organization and robust behavioral utilization
under ambiguity.

Our contributions are summarized as follows:

1. We formulate the representation–utilization
gap hypothesis for speech-conditioned affec-
tive processing in LALMs under ambiguity.

2. We introduce a controlled evaluation frame-
work combining perturbation sensitivity,
ambiguity-aware elicitation, and representa-
tion geometry analysis.

3. We show that, in the evaluated models, fine-
grained speech-conditioned affective structure
remains partially organized within hidden rep-
resentations even when behavioral discrimina-
tion weakens.

4. We show that, in the evaluated models, weaker
behavioral discrimination under ambiguity co-

exists with partially preserved affective struc-
ture.

2 Fine-Grained Emotion in Speech

Many LALMs combine pretrained audio encoders
with large language models that have already ac-
quired broad emotional and social concepts from
large-scale textual corpora. Together with speech-
oriented instruction tuning, this raises the ques-
tion of whether LALMs internally organize speech-
conditioned affective information beyond coarse
emotional categories, and whether such informa-
tion consistently influences downstream interpreta-
tion under ambiguity.

Why study LALMs? We investigate how
speech-conditioned emotional information is pre-
served and utilized after multimodal fusion in the
evaluated LALMs, where it can support reasoning
and response generation. This interpretability ques-
tion remains meaningful even if dedicated speech
encoders achieve higher emotion recognition ac-
curacy. Identifying the architectural or training
factors underlying the observed behavior remains
future work.

2.1 Controlled Speech Sensitivity
Emotion is conveyed not only through lexical con-
tent, but also through vocal delivery, including
prosody, timing, intensity, hesitation, and other
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paralinguistic cues. Before evaluating fine-grained
emotional interpretation, we therefore first examine
whether the evaluated LALMs exhibit measurable
sensitivity to speech-conditioned variation itself.
To isolate vocal delivery from lexical semantics,
we construct controlled minimal-pair perturbations
that preserve utterance content and speaker identity
while modifying prosodic or paralinguistic proper-
ties. Fully spontaneous emotional interaction does
not permit isolation of speech-conditioned affective
variation because emotional state simultaneously
alters lexical choice, discourse structure, pacing,
and conversational context. Controlled perturba-
tion settings are therefore necessary for causally
attributable analysis of speech-conditioned sensi-
tivity. Rather than focusing solely on recognition
accuracy, we examine whether these perturbations
systematically alter both model behavior and hid-
den representations relative to baseline conditions.
This setting provides a controlled evaluation of
speech sensitivity before moving to more ambigu-
ous fine-grained emotional interpretation tasks.

2.2 Fine-Grained Emotion Settings
After establishing speech sensitivity, we evaluate
whether this sensitivity extends to more naturalistic
fine-grained emotional interpretation. In these sam-
ples, vocal delivery, lexical content, and context
jointly contribute to affective meaning. We there-
fore examine speech-conditioned processing under
this realistic ambiguity, complementing the lexical
control provided by the perturbation experiments.

We additionally compare text-only and multi-
modal prompting settings to examine modality con-
tribution. Following GoEmotions (Demszky et al.,
2020), annotators may assign multiple emotional
labels to the same sample. Rather than collaps-
ing annotations into a single majority label, we
retain the union of labels selected across annotators
in order to preserve ambiguous and semantically
overlapping affective structure. Enforcing a sin-
gle definitive label would artificially remove the
ambiguity central to the evaluation setting.

We partition samples according to emotional
ambiguity: (1) basic emotion samples contain-
ing coarse emotional labels only, (2) mixed subtle
emotion samples containing both coarse and fine-
grained emotional labels, and (3) pure subtle emo-
tion samples containing fine-grained emotional la-
bels only. For representation analysis, we addition-
ally separate samples into intra-cluster and cross-
cluster emotional settings depending on whether

emotional labels belong to semantically related or
semantically distinct affective groups. Finally, we
analyze hidden-state geometry to examine whether
fine-grained speech-conditioned affective organi-
zation persists internally even when downstream
utilization remains weak under ambiguity.

3 Methodology

We examine whether the evaluated LALMs exhibit
speech-conditioned fine-grained affective sensitiv-
ity through three complementary stages: (1) eval-
uating model sensitivity to controlled speech per-
turbations, (2) evaluating fine-grained emotional
interpretation under different prompting settings,
and (3) analyzing whether fine-grained emotional
structure remains internally organized even when
behavioral discrimination weakens. Throughout
the study, we combine behavioral evaluation with
representational analysis using layer-wise probing
and embedding-based geometry analysis.

3.1 Speech Sensitivity Evaluation

We first examine whether the evaluated LALMs ex-
hibit measurable sensitivity to affective variation in
speech. Rather than evaluating only final prediction
accuracy, we analyze whether controlled speech
perturbations systematically influence both behav-
ioral outputs and intermediate representations.

Task 1: Emotion Intensity Variation. We con-
struct matched speech pairs that preserve speaker
identity, semantic content, and coarse emotion cat-
egory while varying only emotional intensity.

Task 2: Paralinguistic Cue Perturbation. We
additionally evaluate pauses, laughter, sighs, and
hesitations to examine sensitivity to speech delivery
cues beyond lexical content.

For both settings, we analyze prediction confi-
dence, entropy, accuracy variation, and layer-wise
hidden-state sensitivity using lightweight probe
classifiers. After establishing controlled speech
sensitivity, we evaluate whether these effects ex-
tend to fine-grained emotional interpretation under
multimodal prompting settings.

3.2 Fine-Grained Emotion Elicitation

We evaluate whether the evaluated LALMs can
behaviorally distinguish fine-grained emotional
states under different prompting and modality
settings. We consider open-ended prompting,
fine-grained prompting, and constrained multiple-
choice prompting. For multiple-choice evaluation,
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we construct cross-cluster (CC-MCQ) and same-
cluster (SC-MCQ) candidate sets following GoE-
motions. Same-cluster settings contain emotionally
related distractors and provide a more ambiguity-
sensitive evaluation condition. Behavioral eval-
uation includes exact-label matching, prediction
diversity, out-of-distribution response rate, and
prompting variation. We additionally compare text-
only and audio-text prompting settings separately.

Finally, we conduct representation geometry
analysis to examine whether speech-conditioned
emotional variation produces systematic organiza-
tion within hidden-state space.

3.3 Representation Geometry Analysis

To analyze internal emotional organization, we per-
form representation-level analysis through centroid-
based embedding comparison. For each emotional
condition c, we compute a centroid representation:

µc =
1

Nc

Nc∑

i=1

hi

where hi denotes the hidden representation of
sample i assigned to condition c, and Nc is the
number of samples belonging to that condition.

We then examine whether multilabel emotional
conditions produce systematic representational dis-
placement relative to corresponding single-label
emotional conditions. For each pair of emotional
conditions, we compute centroid shift magnitude:

∆(ca, cb) = ∥µca − µcb∥2

where ca and cb denote different conditions.
This analysis allows us to examine whether fine-

grained emotional annotation structure corresponds
to non-random geometric organization within hid-
den representation space. Larger centroid displace-
ment indicates that additional emotional annotation
structure is associated with systematic represen-
tational reorganization rather than remaining col-
lapsed within coarse emotional categories.

To evaluate whether these geometric relation-
ships exceed incidental embedding variation, we
additionally construct randomized baselines by per-
muting emotional labels and recomputing centroid
distances under shuffled conditions. Comparing
observed centroid shift magnitudes against ran-
domized label assignments allows us to estimate
whether internal emotional organization exceeds
chance-level structure.

Nearest-Centroid Representation Separabil-
ity. We evaluate leave-one-out nearest-centroid
matching at LM2. Multilabel annotations are re-
duced to one coarse target using the fixed-priority
rule described in Appendix H. Given representation
vectors xi and coarse targets yi ∈ Y , we exclude
the evaluated example from its class centroid. Let
S
(−i)
k = {j : yj = k, j ̸= i}. The centroid used to

predict example i is

c
(−i)
k =

1

|S(−i)
k |

∑

j∈S(−i)
k

xj .

Classes with no remaining examples, or a zero cen-
troid vector, are ineligible for that prediction. We
compute cosine distance to each eligible centroid,

d(xi, c
(−i)
k ) = 1− xi · c(−i)

k

∥xi∥∥c(−i)
k ∥

,

and assign ŷi to the class with the smallest distance.
Separability is

SepAcc =
1

N

N∑

i=1

I[ŷi = yi].

This probe summarizes coarse single-target geome-
try, complementing the multilabel behavioral eval-
uation. Observed and label-permuted scores use
the same leave-one-out procedure; bootstrap inter-
vals resample the fixed correctness indicators, as
detailed in Appendix H.

Fine-Grained Directional Shift Analysis. We
compare intensity-induced CREMA-D shifts with
EMOS-derived coarse-to-subtle emotion directions
at LM2 within each model. Unlike the raw L2
analysis, we first unit-normalize pooled represen-
tations, h̃ = h/∥h∥. For a medium-intensity refer-
ence s and its high- or low-intensity counterpart t,
matched by speaker, utterance, and coarse emotion,
we compute

∆h =
h̃t − h̃s

∥h̃t − h̃s∥
.

Given normalized, annotation-weighted EMOS
centroids cb and ce for a coarse emotion and a
mapped subtle emotion, the reference direction is

db,e =
ce − cb

∥ce − cb∥
.

Each transition pair receives one alignment score,
averaged over its mapped subtle directions Eb:

ai =
1

|Eb|
∑

e∈Eb

∆hi · db,e.

5812



Positive and negative scores indicate similarly and
oppositely oriented displacement, respectively; the
score measures orientation rather than centroid dis-
tance. Appendix H provides centroid construction,
emotion mappings, and speaker-level tests of align-
ment and matched intensity contrasts.

3.4 Residual Speech Reintegration
To further examine whether speech representations
contain complementary affective information that
may be underutilized during multimodal process-
ing, we conduct a lightweight residual reintegration
experiment on the subtle emotion recognition task.

We first extract the selected language-layer rep-
resentations from the multimodal models and treat
them as the baseline representation. Speech in-
formation is then reintroduced through residual
integration:

H ′ = H + αS

where H denotes the language representation, S
denotes the projected speech representation after
the projection layer, and α controls the contribu-
tion of speech information. We use LM2 for both
Audio-Flamingo-3 and Qwen2-Audio, together
with their projector representations. A lightweight
multilabel probe head is trained on the resulting
representations, and Macro-F1 changes are evalu-
ated across five matched training seeds. The full
protocol is given in Appendix I.

4 Experimental Setup

Dataset Curation We use CREMA-D (Cao
et al., 2014) for the controlled speech sensitivity
experiments in Task 1 and Task 2. CREMA-D
contains professionally recorded emotional speech
where speakers utter matched sentences under con-
trolled emotion and intensity conditions. Because
speaker identity and semantic content are largely
preserved across perturbations, the dataset allows
controlled analysis of speech delivery variation
on model behavior and representations. For fine-
grained emotion evaluation, we construct a multi-
modal subset from EMOS (Guo et al., 2026) con-
taining approximately 5,200 samples. Unlike con-
trolled perturbation datasets, EMOS reflects natu-
rally entangled speech, semantic, and contextual
affective information. Accordingly, we evaluate
speech-conditioned processing of fine-grained emo-
tion under realistic ambiguity, where vocal and
lexical information jointly contribute. Additional

dataset construction details are provided in Ap-
pendix B.

Model Selection We evaluate two open-source
Large Audio Language Models (LALMs), Qwen2-
Audio-Instruct and Audio-Flamingo-3, selected to
cover different language backbones and audio inte-
gration designs. We additionally include Gemini-
2.5-flash as a closed-source comparison to assess
whether related behavioral trends also appear out-
side the two open-source systems.

Evaluation Protocol For behavioral evaluation,
we report exact-match accuracy, prediction confi-
dence, and prediction entropy across tasks. Un-
der controlled perturbation settings, we analyze
metric shifts between matched baseline and ma-
nipulated speech conditions in order to quantify
the behavioral effect of speech variation. Except
for the open-ended fine-grained emotion elicitation
setting, all experiments are evaluated using con-
strained multiple-choice prompting following prior
multimodal evaluation work (Wang et al., 2025a).
For representation analysis, we extract intermediate
hidden-state representations from selected model
layers and perform centroid-based geometric anal-
ysis and lightweight probing experiments as de-
scribed in Section 3. Prompt templates and imple-
mentation details are in Appendix C. Appendix H
reports uncertainty estimates, inferential tests, and
their scope.

5 Results and Analysis

Sensitivity to Speech Perturbations. Figure 3
shows that speech style perturbations, including
delivery variation and inserted vocal cues, produce
measurable behavioral and representational shifts
across both models from audio encoder to projec-
tor and LLM layers. In contrast, aggregated emo-
tional intensity manipulation produces substantially
weaker overall effects (detailed perturbation break-
down shown in Figure 14 in Appendix G). How-
ever, separating intensity into Low (LO) and High
(HI) conditions relative to Medium (MD) reveals
partially opposing trends across several layers (Fig-
ure 4), particularly within audio encoder and pro-
jector components. These effects become weaker
in later LLM layers, suggesting partial attenuation
during multimodal processing. Although perturba-
tion magnitudes remain relatively small, non-zero
emotion shift rates indicate that controlled speech
variation systematically alters internal emotion-
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related representations while preserving lexical
content. Figure 2 further shows that higher emo-
tional intensity consistently improves prediction
accuracy across both models.

Figure 2: Emotion classification accuracy under differ-
ent emotional intensity conditions on the CREMA-D
dataset. Higher emotional intensity consistently im-
proves classification accuracy across both models.

Fine-Grained Emotion and Elicitation. Un-
der open-ended prompting, both models frequently
produce responses that cannot be mapped to the
28-label GoEmotions taxonomy. Appendix E re-
ports the corresponding valid-label rates and strat-
ified results by prompting condition, label com-
position, and annotation salience. In the audio-
only multiple-choice setting, observed SC-MCQ
accuracy is lower than CC-MCQ accuracy for both
Qwen2-Audio (0.507 versus 0.601) and Audio-
Flamingo-3 (0.464 versus 0.621), consistent with
greater difficulty when the candidate emotions are
semantically related. The text-only and audio–
text SC-MCQ conditions show modest, model-
dependent differences and no common directional
benefit from adding audio. Moreover, candidate
sets and assigned targets are not identical across
all prompting settings. These aggregate accuracies
are therefore treated as descriptive comparisons
rather than paired estimates of modality benefit. Be-
cause targets originate from multilabel annotations,
a prediction mismatch may also reflect selection
among multiple human-supported interpretations
rather than a wholly unsupported emotion.

Representation Geometry. Table 2 shows the
strongest nearest-centroid separation for basic emo-
tions in both models. At the nominal, unadjusted
0.05 threshold, label-permutation tests support
basic-emotion separation in both models and intra-
and cross-cluster separation in Audio-Flamingo-

Model Setting Overall Pure subtle
Qwen2 SC-MCQ (Audio) 0.507 0.464
Qwen2 CC-MCQ (Audio) 0.601 0.714
Qwen2 SC-MCQ (Text) 0.516 0.554
Qwen2 SC-MCQ (Audio+Text) 0.495 0.554
AF3 SC-MCQ (Audio) 0.464 0.518
AF3 CC-MCQ (Audio) 0.621 0.679
AF3 SC-MCQ (Text) 0.516 0.679
AF3 SC-MCQ (Audio+Text) 0.544 0.536
Chance 3-way MCQ 0.333 0.333

Table 1: Fine-grained emotion accuracy under different
prompting and modality settings. SC-MCQ and CC-
MCQ use same-cluster and cross-cluster candidate sets,
respectively. The analysis excludes singleton-label sam-
ples and neutral targets.

Model Basic Intra Cross
Qwen2 0.448 (0.065) 0.278 (0.102) 0.293 (0.170)
AF3 0.838 (0.059) 0.359 (0.096) 0.351 (0.173)

Table 2: Leave-one-out nearest-centroid separability
at LM2. Each cell reports observed SepAcc followed
by the mean randomized-label baseline in parentheses.
Basic uses 649 samples; the intra- and cross-cluster
subsets each use 800 samples. Confidence intervals and
permutation results are reported in Table 16.

3. Qwen2-Audio’s subtle–intra and subtle–cross
point estimates exceed their null means but do not
reach this threshold (p = 0.0594 and p = 0.1089,
respectively; Table 16). Together, these results sup-
port organized affective representations, with the
strength of separability evidence varying across
models and emotion conditions.

Basic-emotion separability exceeds the intra-
and cross-cluster subtle-emotion estimates in both
models, consistent with weaker geometric separa-
tion under affective ambiguity. Audio-Flamingo-3
yields higher point estimates in each condition, a
descriptive contrast that complements the within-
model tests.

Modality Representation Control. To exam-
ine whether the EMOS representation geometry is
primarily determined by the transcript, we extract
representations for the same 1,000 utterances under
speech-only, text-only, and speech-and-text input.
Table 3 shows that the joint representation at LM2
is nearly identical to its speech-only counterpart for
both models, whereas its similarity to the text-only
representation is substantially lower.

These results indicate that the early multimodal
representation analyzed in our geometry experi-
ments remains predominantly conditioned by the
speech input rather than being replaced by the sepa-
rately supplied transcript. This speech-conditioned
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Figure 3: Layer-wise perturbation sensitivity across audio encoder, projector, and language model layers under
speech style and emotional intensity manipulations. Style perturbations consistently produce larger behavioral and
representational shifts than aggregated emotional intensity changes across both Qwen and Flamingo. Sensitivity
patterns further evolve across multimodal processing stages, indicating that speech-conditioned affective information
is not restricted to early acoustic representations alone.

Figure 4: Layer-wise comparison between Low (LO) and High (HI) emotional intensity perturbations relative to
Medium (MD) baseline speech across audio encoder, projector, and language model layers. LO and HI perturbations
exhibit partially opposing representational and behavioral trends, particularly in early multimodal processing stages,
suggesting that emotional intensity variations remain distinguishable throughout the representation hierarchy.

Model S–T S–(S+T) T–(S+T)
Qwen2 0.3984 0.9993 0.4291
AF3 0.4947 0.9997 0.5074

Table 3: Mean cosine similarity between speech-only
(S), text-only (T), and speech-plus-text (S+T) represen-
tations at LM2 over 1,000 matched EMOS utterances.

organization can reflect both vocal delivery and the
lexical information carried by speech. Layer-wise
similarity trajectories are reported in Appendix F.

Figure 5 shows L2 displacement from single-
label base-emotion centroids to centroids of multil-
abel conditions containing the base and added emo-
tion. Mean displacement across the 20 ordered con-
ditions exceeds the shuffled-label baseline in both
models (pperm = 0.0099 for each; Appendix H).
These tests support annotation-related organization
in the global displacement pattern, while individual
heatmap cells remain descriptive.

Relation between Speech Perturbation and
Fine-Grained Emotion Encoding. Figure 6 re-
veals emotion-specific alignment between intensity
shifts and coarse-to-subtle directions. After Holm
correction, both models show positive MD→LO

alignment for anger and negative MD→HI align-
ment for fear; Qwen2-Audio also shows positive
MD→LO alignment for happiness. In matched
HI/LO subsets, alignment is significantly higher for
MD→LO for anger and fear in Audio-Flamingo-3,
and for fear and happiness in Qwen2-Audio.

These findings link controlled intensity varia-
tion to fine-grained reference directions, support-
ing structured speech-conditioned affective orga-
nization. The pattern is emotion- and model-
dependent, with smaller alignment magnitudes in
Qwen2-Audio. Alignment quantifies orientation
relative to these directions; its inferential scope and
the full results, including nonsignificant conditions,
are detailed in Appendix H, Tables 17 and 18.

Within-Dataset CREMA-D Control. As
a within-dataset control, we measure matched
intensity-induced changes in cosine similarity
to emotion centroids estimated from a separate
CREMA-D reference set. After Holm correction
across 20 tests, higher intensity moves fear repre-
sentations closer to their centroid in both models,
while lower intensity moves anger representations
farther from their centroid in Audio-Flamingo-3
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Figure 5: L2 centroid displacement for Qwen2-Audio (left) and Audio-Flamingo-3 (right), from single-label base-
emotion conditions to multilabel conditions containing the base and added emotion. The mean randomized-label
baselines are 0.972 and 3.979, respectively. The global mean across 20 ordered conditions exceeds its baseline in
each model (pperm = 0.0099); individual cells are descriptive. Color scales are model-specific.

Figure 6: Mean cosine alignment of CREMA-D inten-
sity shifts with EMOS coarse-to-subtle directions at
LM2. Each bar averages 42 transition pairs from 42
speakers across mapped subtle directions. Signs indi-
cate orientation, not centroid distance. Full uncertainty
estimates and corrected tests appear in Appendix H; the
within-dataset control is discussed in Appendix F.

(all pHolm ≤ 0.0162). These findings support
emotion-specific sensitivity to controlled intensity
variation within one dataset. Full effects, uncer-
tainty estimates, and remaining conditions are re-
ported in Appendix F.2.

Reintegration Results. Table 4 reports five-seed
residual reintegration at LM2. At α = 0.20, mean
Macro-F1 increases by 0.0170 for Qwen2-Audio
and 0.0129 for Audio-Flamingo-3, suggesting a
modest contribution from complementary speech
features. Both seed-level tests remain nonsignifi-
cant (p = 0.0625 and p = 0.1875, respectively),
with greater seed variability in Audio-Flamingo-3.
The full interpolation sweep, bootstrap intervals,
and tests appear in Appendix H; additional settings
and protocol details are in Appendix I.

Comparison to closed-source model. Table 5

Model α ∆ Macro-F1 p
Qwen2 0.10 +0.0057± 0.0025 0.0625

0.20 +0.0170± 0.0028 0.0625
AF3 0.10 +0.0001± 0.0052 1.0000

0.20 +0.0129± 0.0168 0.1875

Table 4: Residual reintegration at LM2: mean ± sam-
ple SD of paired Macro-F1 changes across five seeds
relative to α = 0, with two-sided Wilcoxon p-values.
Qwen2: Qwen2-Audio; AF3: Audio-Flamingo-3. Test
sample size: 778.

reports same-cluster multiple-choice (SC-MCQ)
performance across modality settings using Gem-
ini, while Table 6 presents sensitivity analysis un-
der manipulated speech conditions relative to neu-
tral baselines. All fine-grained emotion recogni-
tion conditions remain above the 3-way chance
level, indicating that the model can partially dis-
tinguish semantically related emotions under con-
versational ambiguity. Transcript-based prompting
achieves the strongest performance, whereas audio-
only prompting remains substantially lower, and
multimodal prompting yields similar performance
to transcript-only evaluation. In the sensitivity anal-
ysis, cue-based manipulations produce the largest
increases in both prediction accuracy and confi-
dence, while low-intensity manipulations induce
comparatively small directional shifts. Together,
these findings suggest that the model is responsive
to salient vocal cues, yet relies more heavily on lin-
guistic information for nuanced fine-grained emo-
tional interpretation, consistent with our earlier ob-
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Model Setting Overall Pure subtle
Gemini SC-MCQ(Audio) 0.476 0.457
Gemini SC-MCQ(Text) 0.577 0.500
Gemini SC-MCQ(Audio+Text) 0.574 0.500
Chance 3-way 0.333 0.333

Table 5: Fine-grained emotion recognition accuracy
under different modality settings using same-cluster
multiple-choice prompting (SC-MCQ). Transcript-
based conditions outperform audio-only evaluation, sug-
gesting stronger reliance on linguistic information for
subtle emotion interpretation(temp=0).

Condition Accuracy ∆ Acc Confidence ∆ Conf
Cues 0.842 +0.214 0.781 +0.126
Low Int. 0.571 -0.057 0.601 -0.054
High Int. 0.694 +0.066 0.648 -0.007
Base. 0.628 – 0.655 –

Table 6: Sensitivity analysis under manipulated speech
conditions relative to neutral baselines. Cue-based ma-
nipulations produce the largest shifts in prediction accu-
racy and confidence, while low-intensity manipulations
induce comparatively smaller deviations(temp=0).

servations that speech information may be partially
encoded but not fully utilized during downstream
affective reasoning.

6 Conclusion

In this work, we investigate whether the evaluated
Large Audio Language Models (LALMs) exhibit
measurable sensitivity to subtle speech-conditioned
emotional information without task-specific emo-
tional fine-tuning. Across controlled speech per-
turbation experiments, fine-grained emotion elicita-
tion settings, and representation-level analyses, we
find consistent evidence that vocal emotional varia-
tion systematically influences the behavior and hid-
den representations of the evaluated models. How-
ever, emotional ambiguity substantially increases
difficulty, particularly when these models must dis-
tinguish semantically related fine-grained emotions
under ambiguity-sensitive settings.

Taken together, our findings suggest a repre-
sentation–utilization gap in the evaluated LALMs:
fine-grained affective structure remains partially
organized within hidden representations even when
downstream emotional interpretation becomes un-
stable. Residual reintegration provides complemen-
tary, exploratory evidence that speech features can
improve prediction in selected settings, although
gains are modest and vary across configurations
and seeds. These findings motivate studying how
preserved affective information can be used more

consistently under ambiguity. Overall, our results
highlight the importance of ambiguity-sensitive
evaluation for understanding how the evaluated
LALMs encode and utilize subtle emotional in-
formation in speech.
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Limitations

Our controlled perturbation and representation anal-
yses characterize speech-conditioned affective sen-
sitivity across the evaluated models. A fuller
causal account of how emotional cues propagate
through model components remains an important
next step. In particular, extending the matched text-
only, audio-only, and joint-modality controls across
more layers and experimental settings would help
separate the contributions of vocal delivery, lexical
content, and multimodal integration.

Second, our experiments are conducted on a
limited set of LALMs and datasets. In particu-
lar, CREMA-D consists primarily of acted emo-
tional speech recorded under controlled settings,
which may not fully reflect spontaneous real-world
emotional interaction. However, the controlled na-
ture of the dataset is also important for reducing
semantic variation and isolating the influence of
speech-related emotional cues.

Third, fine-grained emotional states are inher-
ently difficult to isolate cleanly at the semantic
level. Many subtle emotions overlap in both linguis-
tic meaning and vocal expression, and no dataset
can provide perfectly disentangled emotional cat-
egories. While we employ weighted annotation
strategies and controlled perturbations to reduce
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ambiguity, latent confounding variables may still
contribute to the observed representation shifts.

In addition, our representation analyses rely on
geometric probes such as centroid separability and
directional alignment. These probes characterize
internal representational organization; relating that
organization to human emotional understanding
requires additional behavioral validation. Simi-
larly, hidden-state pooling may discard temporal
prosodic dynamics that could be important for sub-
tle affective reasoning.

Finally, we do not systematically analyze the
effect of prompt formulation on emotional rep-
resentations or decision behavior. Since prompt-
ing can substantially influence multimodal reason-
ing, future work may benefit from jointly exam-
ining prompt sensitivity, representation geometry,
and speech-conditioned affective processing under
more diverse interaction settings.

Ethical Considerations

Our study analyzes emotional information in
speech using existing research datasets and con-
trolled synthesized-speech perturbations. Emo-
tional labels should be interpreted as annotator-
dependent affective judgments rather than objective
measurements of a speaker’s internal state, and our
results should not be used for high-stakes profiling
or decision-making about individuals.

We use CREMA-D and EMOS according to their
respective access and licensing conditions and do
not redistribute restricted source audio. Synthe-
sized speech is employed solely to create controlled
paralinguistic perturbations for research analysis.
Where human verification is used, we follow the
annotation and verification procedures described in
the paper and report the relevant protocol details.
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A Related Work

Recent multimodal emotion datasets have increas-
ingly moved beyond controlled acted settings to-
ward more human-centered and ambiguity-aware
emotional understanding. One major direction
involves the collection of in-the-wild conversa-
tional and spontaneous emotional data rather than
laboratory-acted speech. Another direction focuses
on fine-grained emotional interpretation through
multilabel annotation, emotional captioning, and
semantically overlapping affective categories. Re-
lated work on streaming and temporally localized
emotion recognition further examines emotional
dynamics through frame-level segmentation and
emotional change point analysis. Together, these
developments reflect a broader shift from coarse

categorical recognition toward more realistic and
ambiguous emotional understanding settings.

Despite these advances in emotional datasets, re-
cent Large Audio Language Model (LALM) eval-
uation primarily focuses on objective audio un-
derstanding tasks, robustness analysis, and gen-
eral speech perception benchmarks. Existing stud-
ies suggest that the LALMs they evaluate exhibit
limited reliability in subjective emotional judg-
ment and often underutilize speech prosodic in-
formation during downstream reasoning. At the
same time, recent probing and representation stud-
ies indicate that affective information may remain
partially encoded within internal multimodal rep-
resentations even when behavioral performance
is weak. Motivated by these observations, our
work examines both behavioral prediction pat-
terns and representation-level affective structure
under ambiguity-sensitive fine-grained emotional
settings. Table 7 summarizes representative emo-
tional datasets relevant to our study.

Recent work has increasingly focused on estab-
lishing rigorous evaluation frameworks for Large
Audio Language Models (LALMs) (Yang et al.,
2025b). Existing benchmarks now cover a broad
range of capabilities, including general audio un-
derstanding and spoken dialogue interaction (Wang
et al., 2025a; Gao et al., 2025; Hou et al., 2025; Ao
et al., 2024; Cheng et al., 2025), speech knowledge
and reasoning (Cui et al., 2025; Li et al., 2025),
perceptual audio assessment (Chen et al., 2025;
Wang et al., 2025c,b), and instruction-following
ability (Yang et al., 2024b). Together, these stud-
ies suggest that the LALMs evaluated in them can
reliably assess many objective speech and audio
properties while generating coherent multimodal
reasoning. However, substantially less is under-
stood about whether these capabilities extend to
ambiguity-sensitive and fine-grained emotional in-
terpretation.

B Dataset Details

B.1 EmoS Analysis Subset and Label
Processing

Our EmoS experiments use the 5,295 short-
utterance records available in the analysis manifest
rather than the complete published corpus. The
subset contains both English and Chinese samples.
We retain the original transcripts, multilabel human
annotations, and annotator counts without introduc-
ing new labels or collapsing each item to a single
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Dataset Mod. Script Ctrl Conv Fine Multi Stream
CREMA-D (Cao et al., 2014) S High N N N N
RAVDESS (Livingstone and Russo, 2018) S+V High N N N N
IEMOCAP (Busso et al., 2008) S+T Moderate Y P N N
MELD (Poria et al., 2019) S+T+V Low Y P N P
MSP-Podcast (Busso et al., 2026) S Low P Y Y N
MuSE (Wang et al., 2025d) S+T+V Low Y Y Y Y
EmoS (Guo et al., 2026) S+T Low Y Y Y Y
GoEmotions (Demszky et al., 2020) T N/A Y Y Y N

Table 7: Representative datasets relevant to speech-conditioned emotional understanding. CREMA-D and
RAVDESS provide strong scripted semantic control through repeated or fixed utterances rendered under dif-
ferent emotional delivery conditions, making them suitable for controlled speech sensitivity analysis. In contrast,
recent datasets such as EmoS emphasize fine-grained, ambiguity-aware, and temporally continuous emotional
understanding in more naturalistic conversational settings.

majority label.
We treat unsure as an abstention rather than an

emotion category. When it co-occurs with another
label, it is removed while the remaining labels are
retained. The single record containing only unsure
is excluded, leaving 5,294 usable items. Fine-
grained behavioral analyses retain the complete
set of remaining labels from the 28-label GoEmo-
tions taxonomy. For representation analyses, anno-
tator counts are normalized after removing unsure
and used as soft label weights. The ambiguity-
focused results reported in the main comparison ad-
ditionally exclude singleton-label items and cases
in which the sampled target is neutral; these re-
strictions isolate examples containing multiple non-
neutral human-supported interpretations.

The cleaned 5,294-item subset contains 2,796
English utterances and 2,498 Chinese utterances.
These language counts refer to the usable subset af-
ter the exclusion described above. For the original
annotation protocol, dataset-level label-distribution
statistics, and inter-annotator agreement, we refer
readers to the EmoS publication (Guo et al., 2026).
No new emotion annotation was conducted for this
study.

B.2 Mapping to Seven Coarse Emotion
Categories

The coarse taxonomy follows the Ekman mapping
released with GoEmotions (Demszky et al., 2020).2

The 27 non-neutral labels are grouped into six
emotion categories, while neutral is retained as
a seventh category. Table 8 lists all 28 label-to-
category correspondences. HAP denotes the coarse
joy/happiness category. This mapping specifies
the coarse taxonomy; the overlapping candidate

2The mapping is provided in the official GoEmotions repos-
itory.

Coarse la-
bel

GoEmotions labels

Anger
(ANG)

anger, annoyance, disapproval

Disgust
(DIS)

disgust

Fear (FEA) fear, nervousness
Joy (HAP) joy, amusement, approval, excitement, grat-

itude, love, optimism, relief, pride, admira-
tion, desire, caring

Sadness
(SAD)

sadness, disappointment, embarrassment,
grief, remorse

Surprise
(SUR)

surprise, realization, confusion, curiosity

Neutral
(NEU)

neutral

Table 8: GoEmotions mapping from 28 fine-grained
labels to six Ekman emotion categories plus neutral.
Each fine-grained label belongs to exactly one coarse
category.

pools used to construct prompting distractors are
documented separately in Appendix C.2.

B.3 Controlled-Sensitivity Pair Construction

We distinguish among source recordings, available
matched comparisons, and rows retained in the
fixed evaluation manifest. Each manifest row repre-
sents one reference–target comparison rather than
one distinct reference recording. The full fixed
manifest contains 990 comparisons: 420 naturally
recorded intensity pairs, 496 controlled TTS cue
pairs, and 74 separate subtle-emotion TTS pilot
pairs. The main controlled-sensitivity experiments
in Tasks 1 and 2 exclude the pilot block and there-
fore contain 916 comparisons derived from 504
distinct reference recordings. Table 9 provides the
complete accounting.

Naturally recorded intensity pairs. The inten-
sity experiment is independent of the TTS pipeline
and uses only original CREMA-D recordings. We
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identified 455 medium-intensity (MD) recordings
for which both a high-intensity (HI) and a low-
intensity (LO) version exists with the same speaker,
sentence, and coarse emotion. This yields 910
available MD→HI or MD→LO comparisons. The
pool covers all 91 speakers and five non-neutral
emotions, with 91 MD anchors per emotion. All
intensity items use the same lexical item (CREMA-
D content code IEO), maximizing lexical control
across speakers and conditions.

The fixed evaluation manifest retains 420 com-
parisons. It is exactly balanced across the ten
emotion×target-intensity cells: 42 MD→HI and 42
MD→LO comparisons for each of anger, disgust,
fear, happiness, and sadness. These comparisons
contain 319 distinct MD anchors from all 91 speak-
ers. Among these anchors, 101 occur with both
intensity directions, while 109 occur only with an
HI target and 109 only with an LO target. The
intensity-shift vectors in the reported CREMA-D
directional analyses are computed from this same
420-pair subset. The additional 1,000-utterance
CREMA-D reference set used for probe training
and within-dataset centroid estimation is separate
from these counts.

Controlled TTS cue pairs. For the cue exper-
iment, we use CozyVoice3(Du et al., 2025) with
its default generation settings. We first generate
a neutral reference using the instruction “Speak
this sentence in a neutral tone.” This instruction
was refined on a 10-utterance development set until
the generated speech consistently followed a de-
scriptive and emotionally neutral delivery. We then
insert one target vocal cue or apply one delivery
modification while preserving the transcript and
speaker identity. The eight analyzed conditions
are cough, emphasis, laughter, sigh, louder, quieter,
faster, and slower speech.

The broader generation pool contained 500 neu-
tral references that passed manual screening con-
duct by three researchers. For paired evaluation,
the candidate inventory contains 192 neutral an-
chors spanning 16 speaker identities and all 12
CREMA-D sentences, each represented under the
eight analyzed conditions. This yields 1,536 avail-
able comparisons. The fixed condition-balanced
subset retains 62 comparisons per condition, or 496
comparisons in total, spanning 185 distinct neutral
anchors.

Human verification proceeded in two stages.
First, each neutral reference was required to remain

calm, descriptive, and free of unintended emotional
expression. Second, its manipulated counterpart
was required to preserve the lexical content and
otherwise-neutral speaking style while clearly re-
alizing the intended cue without introducing ad-
ditional unintended cues. Samples failing either
screen were regenerated before inclusion. Cue lo-
cations were manually selected when insertion at a
particular position was required.

Synthesis choice and artifact limitations.
CozyVoice3 was selected following preliminary
comparisons with CozyVoice2(Du et al., 2024)
because it followed the requested cue instructions
while preserving speaker identity in our trials.
These comparisons informed the choice of synthe-
sis system for controlled cue manipulation. Cue
locations were selected for linguistically natural
realizations; different placements may produce
different representational effects, but our objective
is to examine the presence versus absence of a
controlled cue rather than optimize its position.

The TTS experiment compares a synthesized
neutral reference with a counterpart generated un-
der the same neutral speaking style and lexical
content, with the intended cue or delivery modi-
fication as the controlled difference. Its purpose
is to probe sensitivity to this intervention rather
than benchmark emotion recognition on synthetic
speech. Manual verification does not fully exclude
condition-dependent synthesis artifacts. Additional
synthesis systems and stronger artifact controls
would therefore strengthen this analysis. Compar-
isons with naturally occurring human cues or non-
emotional synthetic perturbations are possible ex-
tensions, not controls performed here. The separate
intensity experiment uses original human record-
ings and does not depend on the TTS pipeline.

The manifest additionally contains 74 matched
neutralized-versus-original subtle-emotion pilot
comparisons. These items are retained for sepa-
rate diagnostic analyses but are not included in the
916-pair main controlled-sensitivity experiments.
Figure 7 reports model accuracy by demographic
group for the selected CREMA-D recordings.

C Prompt

For probe head training, representations are ex-
tracted using the prompt: “What is the emotion
in this speech?” The same prompt is used for ge-
ometry analysis and speech reintegration experi-
ments to maintain consistent representational con-
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Source Condition Available pairs Retained pairs Retained refs. Cell balance
Naturally recorded CREMA-D intensity comparisons
CREMA-D Anger 182 84 65 42 HI + 42 LO

Disgust 182 84 66 42 HI + 42 LO
Fear 182 84 67 42 HI + 42 LO
Happiness 182 84 59 42 HI + 42 LO
Sadness 182 84 62 42 HI + 42 LO

Intensity total Five emotions 910 420 319 210 HI + 210 LO
Controlled CozyVoice3 cue comparisons
CozyVoice3 Cough 192 62 62 62 per condition

Emphasis 192 62 62 62 per condition
Laughter 192 62 62 62 per condition
Sigh 192 62 62 62 per condition
Louder 192 62 62 62 per condition
Quieter 192 62 62 62 per condition
Faster 192 62 62 62 per condition
Slower 192 62 62 62 per condition

Cue total Eight conditions 1,536 496 185 62 per condition
Separate TTS pilot Subtle emotion 74 74 74 Excluded from main analysis

Table 9: Construction and retention counts for the controlled-sensitivity manifest. “Available pairs” denotes
reference–target comparisons in the candidate pairing inventory, whereas “retained pairs” denotes rows in the fixed
evaluation manifest. A reference is a unique MD recording for the intensity block and a unique neutral TTS anchor
for the cue blocks. Reference totals are deduplicated within each block and therefore need not equal the sum of the
condition-level rows.

Figure 7: Demographic analysis of models output

ditions across fine-grained emotion evaluations. In
contrast, sensitivity analysis employs task-specific
prompts aligned with the corresponding behavioral
objectives (e.g., neutral vs. emotional discrimina-
tion or intensity-based classification). Because
prediction shifts are always computed relative to
matched prompting conditions, the resulting direc-
tional changes remain internally comparable de-
spite prompt differences.

C.1 Gemini API Evaluation
Gemini-2.5-Flash evaluations were conducted
through the official API using the latest available
version of that model at the time of experimen-
tation, approximately May 24, 2026. Decoding

temperature was set to 0.

C.2 Target Construction and Output Scoring
The prompting experiments use a fixed 1,000-
utterance subset. During prompt generation, one
target was sampled uniformly from the stored
human-supported labels of each utterance, without
weighting the draw by annotator frequency. Con-
sequently, the selected target need not be the label
with the largest annotator count.

Each constrained MCQ instance contains the
sampled target, one distractor, and neutral. Same-
cluster MCQ selects the distractor from an affec-
tively related candidate pool, whereas cross-cluster
MCQ selects it outside the target pool. Labels al-
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Prompt Template (Speech Sensitivity)

System Prompt

You are a speech emotion classifier.
Determine whether the speaker sounds neu-
tral or emotional.
Choices:
[neutral, emotional]
Return ONLY valid JSON:
{"label": "<neutral or emotional>", "confi-
dence": <0.0-1.0>}

User Prompt

Classify the speech.

Figure 8: Prompt template used for speech sensitivity
evaluation under neutral versus emotional delivery con-
ditions.

Prompt Template (Emotion Intensity)

System Prompt

You are a speech emotion classifier.
Determine the emotion of the speaker.
Choices:
[neutral, {target_emotion}, {re-
lated_emotion}]
Return ONLY valid JSON:
{"label": "<...>", "confidence": <0.0-1.0>}

User Prompt

Classify the emotion of the speech.

Figure 9: Prompt template used for intensity-based emo-
tion classification with target and semantically related
emotion labels.

Fine-Grained Emotion Prompt Template

System Prompt

You are a speech emotion classifier.
Choose the most appropriate fine-grained
emotion expressed in the speaker’s voice.
You must choose ONLY ONE option.
Return ONLY valid JSON:
{"label": "<one of the choices>", "confi-
dence": <0.0-1.0>}

User Prompt

Which of the following best describes the
speaker’s emotion?
Choices:
A. {emotion 1}
B. {emotion 2}
C. neutral

Figure 10: Shared prompting template used for fine-
grained emotion evaluation. Candidate emotions were
varied according to evaluation setting.

ready present in the utterance’s human annotation
set are excluded from the distractor pool. When no
eligible related distractor is available, the genera-
tion implementation falls back to another taxonomy
label not present in the ground-truth set.

The candidate pools used during gener-
ation may overlap. They consist of anger–
annoyance–disapproval; disgust–disapproval;
fear–nervousness; joy–amusement–excitement–
pride–optimism–love–admiration–relief– gratitude–
caring–desire; confusion–curiosity–realization–
surprise; sadness–disappointment–remorse–grief;
and surprise–realization. Targets without an ex-
plicit eligible pool use the fallback rule described
above.

For camera-ready analysis, “unsure” is removed
from the reference labels. An utterance retaining
another emotion label remains in the evaluation,
whereas an “unsure”-only utterance is excluded. If
a saved target is “unsure”, it is replaced by the re-
tained label with the greatest annotator support; ties
follow the original label order. This deterministic
cleanup is recorded in the released target-resolution
audit.

Predictions are parsed by extracting the first stan-
dalone token belonging to the 28-label inventory.
An output containing no inventory label is counted
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Setting Candidate Emotion Construction
Subtle Open-ended subtle emotion prompting with-

out constrained candidate labels.
SC-MCQ Distractor emotion sampled from the same

semantic emotion cluster as the target emo-
tion.

CC-MCQ Distractor emotion sampled from a differ-
ent semantic emotion cluster than the target
emotion.

Table 10: Construction of candidate emotion labels for
each prompting condition.

as out of distribution. In the open-ended condi-
tion, accuracy is exact match against the sampled
target, while valid-label rate records whether any
taxonomy label was produced. A different human-
supported label is therefore valid but incorrect un-
der the sampled-target metric.

Result files are aligned with the full metadata us-
ing normalized audio paths, rather than the subset-
local numeric identifiers produced after dataframe
resetting. Duplicate paths, missing matches, and
disagreement between saved and source annotation
sets cause the analysis to stop.

Targets and distractors were sampled indepen-
dently for several prompting and modality runs.
Aggregate accuracies across those runs are there-
fore descriptive condition summaries, not fully
paired modality comparisons. A paired compar-
ison is valid only for utterances that share both the
sample and sampled target.

D Sensitivity Analysis

D.1 Baseline Representation Variability

All evaluated LALMs use a decoding temperature
of 0. To estimate inference-time representational
variability, we repeated inference three times on
identical neutral speech inputs and computed co-
sine distances between corresponding hidden rep-
resentations across selected early, middle, and late
layers.

Across both Qwen2-Audio and Audio Flamingo,
repeated neutral inference produced extremely
small representational deviations, typically ranging
from approximately 10−9 to 10−4 cosine distance
depending on layer depth. Audio Flamingo exhib-
ited near-deterministic behavior across both audio
and language layers, while Qwen2-Audio showed
slightly larger but still minimal variability within
several language-model layers.

Importantly, these baseline deviations were sub-
stantially smaller than perturbation-induced rep-

resentational shifts observed in the sensitivity ex-
periments under the same cosine similarity calcu-
lation(Figure 11), which commonly ranged from
approximately 10−3 to 10−2 and reached approxi-
mately 5×10−2 within multimodal projector repre-
sentations. This large separation suggests that the
observed hidden-state shifts are unlikely to arise
solely from inference stochasticity.

Layer Qwen2-Audio Audio Flamingo
audio_0 1.61× 10−8 −4.98× 10−9

audio_31 7.03× 10−7 8.65× 10−9

lm_15 7.52× 10−5 8.89× 10−9

projector 1.76× 10−6 −1.04× 10−8

Table 11: Mean cosine distance between repeated infer-
ence runs on identical neutral inputs across representa-
tive hidden layers.

E Contextualizing fine-grained emotion
tasks

Fine-grained emotional interpretation is inherently
ambiguous, particularly when multiple semanti-
cally related affective states may plausibly describe
the same utterance. Unlike coarse categorical emo-
tion recognition, subtle emotional understanding
often does not admit a single objectively correct
label, and even human agreement remains limited
in existing fine-grained emotion datasets. To better
contextualize model behavior under this ambiguity,
we evaluate multiple prompting formulations with
different levels of semantic constraint.

Across both models, CC-MCQ achieves the high-
est accuracy (Qwen: 0.622; Flamingo: 0.651),
whereas SC-MCQ remains more difficult (Qwen:
0.540; Flamingo: 0.537). Open-ended prompt-
ing produces substantially lower accuracy (Qwen:
0.063; Flamingo: 0.203) and lower valid-label rates
(Qwen: 0.381; Flamingo: 0.680). Because accu-
racy is computed over all 1,000 samples and invalid
outputs are counted as incorrect, the open-ended
results reflect both adherence to the 28-label taxon-
omy and emotion-selection performance.

These results suggest that much of the observed
difficulty arises not from complete failure to per-
ceive emotional information, but from ambiguity
among semantically neighboring emotional states.
Both models remain substantially above chance un-
der same-cluster discrimination, indicating partial
sensitivity to subtle emotional distinctions despite
reduced separability between closely related affec-
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Figure 11: Mean cosine distance between baseline and manipulated inference runs on identical neutral inputs across
representative hidden layers.

Model Prompt Type Accuracy Valid Rate
Qwen CC-MCQ 0.622 0.994
Qwen SC-MCQ 0.540 0.994
Qwen Open-ended 0.063 0.381
Flamingo CC-MCQ 0.651 0.993
Flamingo SC-MCQ 0.537 0.994
Flamingo Open-ended 0.203 0.680

Table 12: Comparison of fine-grained emotion prompt-
ing settings over 1,000 aligned samples per model and
setting. CC-MCQ and SC-MCQ denote cross-cluster
and same-cluster multiple-choice prompting, respec-
tively. Open-ended denotes unconstrained prompting
without candidate labels. Outputs outside the 28-label
inventory are treated as invalid and incorrect.

tive categories. The strong degradation observed
under unconstrained prompting further suggests
that open-ended fine-grained emotional interpreta-
tion may require coherent affective reasoning rather
than strict single-label classification. Together,
these findings motivate interpreting fine-grained
emotion performance as a spectrum of semantic
ambiguity and representational uncertainty rather
than as a purely objective recognition problem.

Table 13 further separates performance accord-
ing to the composition of the human label set. CC-
MCQ outperforms SC-MCQ within every subset
for both models, supporting the conclusion that dis-
crimination among semantically neighboring can-
didates is more difficult than discrimination across
broader emotion clusters. However, accuracy does

Model Prompt Type Subtle Type Accuracy
Qwen CC-MCQ Basic-only 0.604
Qwen CC-MCQ Mixed 0.591
Qwen CC-MCQ Pure subtle 0.714
Qwen SC-MCQ Basic-only 0.333
Qwen SC-MCQ Mixed 0.523
Qwen SC-MCQ Pure subtle 0.464
Flamingo CC-MCQ Basic-only 0.612
Flamingo CC-MCQ Mixed 0.616
Flamingo CC-MCQ Pure subtle 0.679
Flamingo SC-MCQ Basic-only 0.275
Flamingo SC-MCQ Mixed 0.474
Flamingo SC-MCQ Pure subtle 0.518

Table 13: Fine-grained emotion recognition accuracy
across different emotion-label subsets after excluding
singleton-label samples and neutral targets. Basic-only
contains basic emotion labels only, mixed contains both
basic and fine-grained labels, and pure subtle contains
exclusively fine-grained labels.

not decrease monotonically with the presence of
fine-grained labels. Under CC-MCQ, the pure-
subtle subset produces the highest accuracy for
both Qwen (0.714) and Flamingo (0.679), while
the relative ordering of subsets under SC-MCQ dif-
fers between models. Thus, the clearest difficulty
pattern concerns the semantic proximity of candi-
date labels, while the effect of fine-grained label
composition varies with the prompting condition.
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Figure 12: Within-CREMA-D control: changes in cosine similarity to the corresponding emotion centroid at
LM2. Positive values indicate movement toward the centroid and negative values indicate movement away from it.
Table 15 reports uncertainty and Holm-adjusted tests. Its MD−LO contrast reverses the sign of the medium-to-low
bars shown here.

Model Prompt Strong Dominant Dominant Salient Secondary Salient Diffuse Trace
Flamingo CC-MCQ 0.740 (119) 0.616 (258) 0.586 (362) 0.607 (28)
Flamingo SC-MCQ 0.475 (99) 0.450 (260) 0.458 (380) 0.633 (30)
Flamingo Open-ended 0.139 (101) 0.096 (261) 0.033 (368) 0.029 (34)
Qwen CC-MCQ 0.717 (113) 0.608 (273) 0.557 (341) 0.595 (37)
Qwen SC-MCQ 0.571 (112) 0.565 (253) 0.437 (371) 0.636 (33)
Qwen Open-ended 0.141 (99) 0.064 (282) 0.054 (369) 0.000 (31)

Table 14: Accuracy across target-label salience levels, with the number of evaluated samples shown in parentheses. A
strong-dominant target is the unique highest-supported label accounting for more than half of the retained annotation
support. Dominant-salient labels occupy the highest support rank otherwise, including ties; secondary-salient
labels occupy the second distinct support rank; and diffuse-trace labels comprise the remaining lower-ranked
interpretations.

E.1 Consensus Structure and Emotional
Salience Distribution

To contextualize fine-grained emotion performance,
we categorize each evaluation target according to
its support within the human annotation distribu-
tion. A unique top-ranked label accounting for
more than half of the retained support is catego-
rized as strong dominant. Top-ranked labels with-
out such a unique majority, including tied labels,
are categorized as dominant salient. Labels at the
second distinct support level are secondary salient,
and the remaining lower-ranked labels are diffuse
trace.

As shown in Table 14, secondary-salient targets
constitute the largest category, whereas diffuse-
trace targets are relatively rare. CC-MCQ exceeds
SC-MCQ for strong-dominant, dominant-salient,
and secondary-salient targets in both models. The
diffuse-trace cells show the reverse numerical or-
dering, but contain only 28–37 samples per condi-
tion and are therefore treated descriptively. More
generally, accuracy does not vary monotonically

with annotator support rank, indicating that sup-
port frequency and candidate-set difficulty capture
distinct aspects of ambiguity.

Open-ended prompting remains markedly less
accurate than either multiple-choice condition
across every salience category. This result sug-
gests that unconstrained fine-grained prediction
combines difficulty in selecting a human-supported
interpretation with difficulty adhering to the re-
quested label inventory.

F Additional Representation Geometry
Controls

F.1 Layer-Wise Modality Similarity

For 1,000 matched EmoS utterances, we extract
representations using speech-only (S), text-only
(T), and speech-plus-text (S+T) inputs. Cosine sim-
ilarity is computed between every matched modal-
ity pair. The LM2 values are reported in Table 3,
while Figure 13 shows their progression across
model depth as a descriptive comparison of the
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input pathways conditioning the representations.

Scope of speech-conditioned representations.
The principal geometry analyses and the matched
modality control both use LM2. The near-identity
of speech-only and speech-plus-text representa-
tions indicates that supplying a separate transcript
introduces little additional change at this layer, sup-
porting our characterization of the analyzed states
as predominantly speech-conditioned. Because
speech itself conveys words, these representations
can carry both lexical and non-lexical affective in-
formation. The control identifies the dominant in-
put pathway; separating the contributions of vo-
cal delivery and lexical semantics to emotion clus-
tering remains a complementary question, while
the matched CREMA-D perturbations provide evi-
dence under lexical control.

F.2 Within-CREMA-D Centroid Control

Rationale for the cross-dataset analysis. The
directional analysis in Figure 6 intentionally com-
bines intensity-induced shifts from CREMA-D
with coarse-to-subtle emotion directions estimated
from EMOS, using LM2 representations from
the same evaluated model. EMOS supplies fine-
grained labels such as annoyance, disappointment,
and nervousness, whereas CREMA-D provides
controlled intensity variation but only coarse emo-
tion labels. The cross-dataset design examines
whether emotion directions estimated from con-
versational speech are informative about perturba-
tion trajectories in an independent acted-speech
corpus. The within-CREMA-D analysis below
complements this transfer-based comparison with
a common-dataset control.

We construct reference emotion centroids from
the separate 1,000-utterance CREMA-D set and
evaluate the fixed 420 medium-to-high and
medium-to-low intensity pairs at LM2 in each
model. Every emotion-by-transition cell contains
42 pairs from 42 speakers. The evaluated emotions
are anger, disgust, fear, happiness, and sadness.
Surprise is absent from the CREMA-D reference
inventory, and neutral has no eligible MD/HI/LO
pairs in this evaluation; these categories are outside
the tested conditions.

For an utterance representation h and its cor-
responding CREMA-D emotion centroid ce, let
s = cos(h, ce). The two primary paired con-
trasts are sHI − sMD and sMD − sLO. Positive
estimates support movement toward the centroid

with increased intensity and away from it with de-
creased intensity, respectively. The second contrast
reverses the sign of the MD→LO changes in Fig-
ure 12.

Raw p-values use two-sided speaker-level sign-
flip tests with 19,999 draws and the absolute
pair-weighted mean difference as the statistic. A
common sign is applied to all observations from
a speaker, and p = (r + 1)/20,000, where r
counts simulated statistics at least as extreme as
the observed statistic. Pointwise 95% percentile-
bootstrap intervals use 9,999 draws of whole
speakers. These procedures share the speaker-
independence and sign-symmetry assumptions de-
scribed for directional alignment in Appendix H.
Inference is conditional on the fixed CREMA-D
reference centroids. Holm correction covers the
20 tests (two models, five emotions, and two con-
trasts) at family-wise level 0.05, separately from
the cross-dataset alignment family; HI-versus-LO
is not tested in this control. Pointwise interval
exclusion of zero and Holm-adjusted significance
need not coincide.

Three comparisons survive correction, all in
the expected direction: fear HI−MD in Audio-
Flamingo-3 (mean 0.250948, pHolm = 0.00285)
and Qwen2-Audio (0.001698, 0.00100), and
anger MD−LO in Audio-Flamingo-3 (0.233920,
0.01620). These results support emotion-specific
intensity sensitivity within CREMA-D, with a
small absolute fear effect in Qwen2-Audio. The
other 17 contrasts remain unresolved under the cor-
rected tests. Table 15 reports all conditions.

The two analyses measure complementary quan-
tities. The cross-dataset analysis measures align-
ment with coarse-to-subtle directions, whereas the
within-CREMA-D control measures the change
in cosine similarity to the corresponding coarse-
emotion centroid. The latter examines intensity-
dependent changes within one dataset at the coarse-
emotion level, complementing the finer reference
directions supplied by EMOS.

G Representation Sensitivity Details

Figure 14 shows layer-wise representation sensi-
tivity across different speech cue manipulations.
Overall, both models exhibit consistent sensitivity
trends across layers, although the magnitude of rep-
resentation shifts varies across perturbation types
and model depth.

For probing analysis, we train a lightweight
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Figure 13: Layer-wise mean cosine similarity among speech-only (S), text-only (T), and speech-plus-text (S+T)
representations over 1,000 matched EMOS utterances. The dotted line marks LM2, the layer used for the principal
geometry analyses.

linear probe independently on representations ex-
tracted from each layer. Probe training uses an
additional 1,000 CREMA-D samples that are ex-
cluded from the main probing evaluation set.

After training, the same probe is applied without
further optimization to both the reference and per-
turbed representations. The resulting comparisons
measure relative representational changes under
matched probe parameters rather than differences
caused by separately fitting classifiers to the two
conditions. The matched design controls probe fit-
ting, while potential synthesis artifacts remain a
limitation of the TTS cue experiment.

To examine probe stability, we additionally re-
peat probe training using three different random
seeds. Figure 15 shows the resulting probe accu-
racy across layers. We observe relatively small
variation between runs, suggesting that the overall
probing trends remain stable across random initial-
ization.

H Statistical Inference and Robustness

Reporting convention. The main text empha-
sizes effect directions and magnitudes and distin-
guishes resampling-based inference from descrip-
tive diagnostics. For the 30 directional-alignment
comparisons, we report raw and Holm-adjusted p-
values and assess significance using pHolm ≤ 0.05.
This correction controls the family-wise error rate
within that directional-alignment family. The 20
within-CREMA-D centroid-control tests form a
separate Holm-corrected family; neither correc-
tion covers all analyses in the paper. Centroid
separability, centroid displacement, and residual-

reintegration tests retain their comparison-specific,
unadjusted p-values and are interpreted at the nom-
inal 0.05 threshold. Confidence intervals are point-
wise 95% percentile-bootstrap intervals unless oth-
erwise stated; they are not simultaneous intervals.

Scope of statistical analysis. Inferential analy-
ses comprise randomized-label permutation tests
for centroid separability and mean centroid dis-
placement; speaker-level sign-flip tests and boot-
strap intervals for cross-dataset directional align-
ment and matched intensity contrasts; the 20
paired within-CREMA-D centroid-control com-
parisons in Appendix F.2; and paired bootstrap
intervals with five-seed Wilcoxon tests for resid-
ual reintegration. The controlled-perturbation be-
havioral curves, prompting comparisons, modality-
similarity measurements, and Gemini results re-
main descriptive. Statistical conclusions concern
the tested quantities and conditions.

Centroid separability. Separability is evaluated
at LM2 on the EMOS representations. The label
unsure, which lies outside the 28-emotion inven-
tory, is removed before grouping; the single row
left without a retained emotion is excluded. For
this coarse geometric probe, labels are mapped to
the seven categories listed in Appendix B.2, and a
fixed-priority rule reduces each multilabel annota-
tion to one coarse target. We evaluate leave-one-out
nearest-centroid accuracy, ensuring that an evalu-
ated example does not contribute to its own class
centroid.

The confidence interval resamples the fixed
leave-one-out correctness indicators 5,000 times.
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Model Emotion Contrast Mean 95% CI praw pHolm

AF3 Anger HI−MD 0.071960 [−0.003917, 0.163654] 0.21410 1.00000
AF3 Anger MD−LO 0.233920 [0.108314, 0.361680] 0.00090 0.01620
AF3 Disgust HI−MD −0.020964 [−0.124077, 0.079203] 0.57225 1.00000
AF3 Disgust MD−LO −0.032823 [−0.137112, 0.070983] 0.62350 1.00000
AF3 Fear HI−MD 0.250948 [0.139751, 0.354956] 0.00015 0.00285
AF3 Fear MD−LO 0.128357 [0.028183, 0.226998] 0.01500 0.24905
AF3 Happiness HI−MD 0.049712 [−0.018680, 0.128332] 0.23330 1.00000
AF3 Happiness MD−LO 0.032250 [−0.079104, 0.142648] 0.56710 1.00000
AF3 Sadness HI−MD −0.124625 [−0.218502, −0.039933] 0.01465 0.24905
AF3 Sadness MD−LO −0.033655 [−0.112492, 0.042089] 0.32410 1.00000
Qwen2 Anger HI−MD 0.000016 [−0.000587, 0.000636] 0.96245 1.00000
Qwen2 Anger MD−LO −0.000951 [−0.001982, −0.000101] 0.04985 0.59820
Qwen2 Disgust HI−MD −0.000115 [−0.002964, 0.002740] 0.89390 1.00000
Qwen2 Disgust MD−LO 0.000463 [−0.002166, 0.003079] 0.74670 1.00000
Qwen2 Fear HI−MD 0.001698 [0.001094, 0.002280] 0.00005 0.00100
Qwen2 Fear MD−LO 0.000577 [0.000100, 0.001047] 0.02365 0.35475
Qwen2 Happiness HI−MD 0.014779 [−0.002683, 0.047898] 0.97785 1.00000
Qwen2 Happiness MD−LO 0.000009 [−0.001172, 0.001762] 0.99865 1.00000
Qwen2 Sadness HI−MD −0.001009 [−0.001854, −0.000124] 0.02430 0.35475
Qwen2 Sadness MD−LO 0.000620 [0.000091, 0.001146] 0.02760 0.35880

Table 15: Within-CREMA-D centroid control at LM2. Each row contains 42 matched pairs from 42 speakers.
AF3 denotes Audio-Flamingo-3 and Qwen2 denotes Qwen2-Audio. Estimates are mean paired cosine-similarity
differences to the corresponding coarse-emotion centroid; positive values support the expected intensity ordering for
both contrasts. Confidence intervals are pointwise 95% speaker-bootstrap intervals; raw p-values use two-sided
speaker-level sign-flip tests. Holm adjustment covers all 20 rows as one family; bold adjusted p-values are at most
0.05. All rows were tested. Surprise and neutral are outside the eligible conditions, and no HI-versus-LO test is
included.

For the null distribution, coarse targets are per-
muted 100 times and the complete leave-one-out
statistic is recomputed after each permutation. If
r of the B permuted statistics are at least as large
as the observed statistic, the Monte Carlo p-value
uses the finite-permutation correction

p =
r + 1

B + 1
.

At the nominal 0.05 threshold, Qwen2-Audio’s
basic-emotion separation and all three Audio-
Flamingo-3 conditions exceed their respective
randomized-label distributions. Qwen2-Audio’s
subtle–intra (p = 0.0594) and subtle–cross (p =
0.1089) conditions do not reach this threshold. The
Qwen subtle-emotion estimates suggest above-null
organization, although support under this test is
weaker than for its basic-emotion condition.

Centroid displacement. For each model, we
compute the mean raw L2 displacement over the 20
ordered base-to-added emotion conditions. Label
lists are then shuffled intact across representations
to form the null distribution. Qwen2-Audio pro-
duces a mean displacement of 1.985, compared
with a null mean of 0.972 ± 0.121 (pperm =
0.0099). Audio-Flamingo-3 produces a mean dis-
placement of 12.064, compared with 3.979±0.559

under permutation (pperm = 0.0099). These val-
ues support displacement beyond that expected
from the shuffled-label construction. Because raw
hidden-state scales differ across architectures, their
absolute L2 magnitudes should not be compared di-
rectly between models. Inference from this test con-
cerns global displacement across the 20 conditions.
Individual heatmap cells remain descriptive, and
directional alignment is evaluated independently
below.

Directional reference construction. For EMOS
emotion e, we compute an annotation-weighted
mean and normalize the resulting centroid:

me =

∑
iwieh̃i∑
iwie

, ce =
me

∥me∥
.

The weight wie is the fraction of retained anno-
tation support assigned to e, after excluding un-
sure. Canonical coarse-emotion anchors cb use the
same weighting but retain only samples in which
the canonical label has maximal support; ties are
retained. Fine-emotion centroids use all samples
supporting the corresponding label.

The mapped subtle directions are annoyance and
disapproval for anger; disapproval for disgust; ner-
vousness for fear; amusement, excitement, pride,
optimism, love, admiration, relief, gratitude, car-
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Figure 14: Layer-wise representation sensitivity under different speech cue perturbations. Different perturbation
types produce distinct representation shift patterns across model layers, while overall sensitivity trends remain
relatively consistent.

Model Condition N SepAcc 95% CI Permutation null Permutation p
Qwen2-Audio Basic 649 0.448 [0.411, 0.490] 0.065± 0.073 0.0099
Qwen2-Audio Subtle–intra 800 0.278 [0.248, 0.309] 0.102± 0.074 0.0594
Qwen2-Audio Subtle–cross 800 0.293 [0.261, 0.325] 0.170± 0.069 0.1089
Audio-Flamingo-3 Basic 649 0.838 [0.809, 0.866] 0.059± 0.111 0.0099
Audio-Flamingo-3 Subtle–intra 800 0.359 [0.325, 0.391] 0.096± 0.081 0.0099
Audio-Flamingo-3 Subtle–cross 800 0.351 [0.318, 0.385] 0.173± 0.072 0.0099

Table 16: Leave-one-out nearest-centroid separability at LM2. The permutation-null column reports the mean
and standard deviation across 100 randomized-label permutations. Confidence intervals are obtained from 5,000
bootstrap resamples. Permutation p-values are comparison-specific and unadjusted.

ing, and desire for happiness; and disappointment,
remorse, and grief for sadness. These direction sets
are specific to this analysis and are distinct from the
single-target coarse mapping used for separability.

Directional alignment. The cross-dataset anal-
ysis uses fixed EMOS-derived coarse-to-subtle di-
rections and CREMA-D intensity transitions at
LM2. Each transition pair contributes one cosine-
alignment score, averaged over its mapped subtle
directions; individual directions are not treated as
independent observations. We test the mean score
against zero for each of the two models, five coarse
emotions, and two transitions, yielding 20 two-
sided tests. Each condition contains 42 transition
pairs from 42 distinct speakers.

We also test the mean within-anchor contrast
ai,HI − ai,LO for each model and emotion. Match-
ing requires the same model, layer, coarse emo-
tion, speaker, and utterance. The complete subsets
contain 19, 18, 17, 25, and 22 anchors for anger,

disgust, fear, happiness, and sadness, respectively,
in each model. These total 101 matched emotion-
specific anchors, consistent with Appendix B; they
do not represent 101 distinct speakers across emo-
tions. Unmatched observations remain in the
alignment-versus-zero tests but do not enter the
paired contrasts. The paired estimates therefore
concern the matched subsets.

For each hypothesis, the statistic is the absolute
pair-weighted mean alignment or matched differ-
ence. We generate 19,999 Monte Carlo sign pat-
terns, applying a common sign to every observation
from a speaker, and calculate p = (r + 1)/20,000,
where r counts simulated statistics at least as ex-
treme as the observed statistic, including numerical
ties. The tests assume independent speaker clusters
and joint sign symmetry of each speaker’s score or
difference vector under the null; a zero mean alone
does not guarantee this assumption. For paired con-
trasts, sign reversal corresponds to swapping HI
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Figure 15: Probe accuracy across layers under three random seeds. Results show relatively small variance across
runs, indicating stable probing behavior.

and LO jointly within each speaker. Confidence
intervals use 9,999 bootstrap draws of whole speak-
ers, retaining all their observations and recomput-
ing the pair-weighted mean. The resampling seed
is 20261002, with separate deterministic streams
for each hypothesis and resampling method.

Holm correction is applied jointly to all 30
tests: 20 alignment-versus-zero hypotheses and 10
matched HI-minus-LO hypotheses. Significance
is determined from the adjusted p-values. The
percentile-bootstrap intervals are pointwise, are not
adjusted for multiple comparisons, and are not in-
versions of the sign-flip tests; interval exclusion of
zero and test significance need not coincide. In-
ference is conditional on the fixed EMOS refer-
ence directions and does not include uncertainty
from estimating those centroids. These tests do
not compare the semantic reference directions with
randomly selected directions or directly compare
the two models.

Directional-alignment results. Five alignment-
versus-zero tests survive correction: positive
anger MD→LO alignment in Audio-Flamingo-
3 (pHolm = 0.01150) and Qwen2-Audio
(0.00150), negative fear MD→HI alignment in
Audio-Flamingo-3 (0.00280) and Qwen2-Audio
(0.00150), and positive happiness MD→LO align-
ment in Qwen2-Audio (0.01650). Four paired
contrasts survive correction, all with higher align-

ment for MD→LO: Audio-Flamingo-3 anger
(0.00750) and fear (0.00650), and Qwen2-Audio
fear (0.00405) and happiness (0.00750). Qwen2-
Audio’s paired anger contrast does not survive cor-
rection (0.05145). Full results, including nonsignif-
icant conditions, appear in Tables 17 and 18. The
remaining estimates are reported with their uncer-
tainty and are interpreted as unresolved under the
corrected tests.

Residual reintegration. Reintegration robust-
ness is evaluated at LM2 using the fixed
3,730/786/778 train/validation/test split and seeds
42–46. Within each seed and interpolation strength,
a paired bootstrap resamples the same 778 held-out
examples 5,000 times and recomputes the Macro-
F1 difference relative to α = 0. Seed-level ro-
bustness is evaluated using a two-sided Wilcoxon
signed-rank test over the five matched differences.

Tables 4 and 19 report the same five-seed LM2
experiment. The earlier middle-layer single-run
estimates are retained separately in Table 20. Base-
lines and gains are specific to each configuration;
the bootstrap intervals and Wilcoxon p-values re-
ported here apply to the LM2 experiment.

At α = 0.20, all five Qwen2-Audio seed-
specific paired-bootstrap intervals lie above zero:
[0.0055, 0.0235], [0.0046, 0.0242], [0.0053,
0.0267], [0.0100, 0.0328], and [0.0082, 0.0275].
Nevertheless, with only five seeds the two-sided
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Model Emotion Transition Mean 95% CI praw pHolm

AF3 Anger MD→HI −0.0524 [−0.1394, 0.0315] 0.27740 1.00000
AF3 Anger MD→LO 0.2077 [0.1005, 0.3170] 0.00050 0.01150
AF3 Disgust MD→HI 0.0056 [−0.0492, 0.0713] 0.86620 1.00000
AF3 Disgust MD→LO −0.0115 [−0.0643, 0.0335] 0.67275 1.00000
AF3 Fear MD→HI −0.1876 [−0.2714, −0.1059] 0.00010 0.00280
AF3 Fear MD→LO 0.1303 [0.0497, 0.2154] 0.00430 0.08170
AF3 Happiness MD→HI −0.0152 [−0.0477, 0.0132] 0.36030 1.00000
AF3 Happiness MD→LO 0.0193 [−0.0360, 0.0740] 0.49625 1.00000
AF3 Sadness MD→HI 0.0106 [0.0004, 0.0212] 0.05750 0.86250
AF3 Sadness MD→LO −0.0023 [−0.0084, 0.0036] 0.48735 1.00000
Qwen2 Anger MD→HI −0.0032 [−0.0105, 0.0037] 0.39285 1.00000
Qwen2 Anger MD→LO 0.0182 [0.0103, 0.0258] 0.00005 0.00150
Qwen2 Disgust MD→HI −0.0051 [−0.0132, 0.0031] 0.22795 1.00000
Qwen2 Disgust MD→LO 0.0056 [−0.0016, 0.0128] 0.14005 1.00000
Qwen2 Fear MD→HI −0.0458 [−0.0554, −0.0358] 0.00005 0.00150
Qwen2 Fear MD→LO 0.0256 [0.0101, 0.0405] 0.00335 0.06700
Qwen2 Happiness MD→HI −0.0188 [−0.0405, −0.0025] 0.02955 0.50235
Qwen2 Happiness MD→LO 0.0168 [0.0073, 0.0255] 0.00075 0.01650
Qwen2 Sadness MD→HI −0.0002 [−0.0022, 0.0017] 0.84225 1.00000
Qwen2 Sadness MD→LO 0.0020 [−0.0003, 0.0044] 0.10355 1.00000

Table 17: Alignment-versus-zero inference at LM2 for all 20 model/emotion/transition conditions. Each row uses
42 transition pairs from 42 speakers. AF3 denotes Audio-Flamingo-3 and Qwen2 denotes Qwen2-Audio. Effects
are mean cosine alignments averaged over the mapped subtle directions. Confidence intervals are pointwise 95%
speaker-bootstrap intervals. Raw p-values come from two-sided speaker-level sign-flip tests; Holm adjustment uses
these 20 tests and the 10 contrasts in Table 18 as one family. Bold adjusted p-values satisfy pHolm ≤ 0.05.

Wilcoxon test has coarse resolution and returns
p = 0.0625. For Audio-Flamingo-3, three of the
five intervals at α = 0.20 lie above zero, while two
cross zero, producing greater seed variability and
p = 0.1875. The bootstrap intervals quantify held-
out-example variability conditional on a training
seed, whereas the Wilcoxon test evaluates consis-
tency across seeds. Thus, the LM2 results suggest
a positive average contribution from reintegration
at this interpolation strength, with more consistent
gains across Qwen2-Audio seeds, although neither
seed-level test reaches the 0.05 threshold. This
qualification concerns the reliability of the reinte-
gration gain in this setting.

Interpretation of the reintegration control.
The modality-ablation results motivated examining
reintegration at LM2, where the joint representation
remains close to the speech-only representation.
The positive mean changes in Table 19 are compat-
ible with complementary affective information in
projected speech features, although their seed-level
uncertainty limits the strength of the performance
claim. One possible explanation for the modest
gains is that substantial speech-conditioned infor-
mation already survives at this early layer, leaving
limited additional information for simple residual
reintegration to recover. Reintegration therefore
complements the geometry and perturbation evi-
dence as an exploratory analysis of information use;

its effectiveness depends on the evaluated layer, in-
terpolation strength, and training seed.

Descriptive analyses. The controlled-
perturbation behavioral curves, prompting
comparisons, modality-similarity measurements,
and Gemini results characterize observed effect
directions and magnitudes. Their scope is de-
scriptive, complementing the dedicated inferential
analyses of centroid geometry, cross-dataset
alignment, within-CREMA-D centroid changes,
and reintegration. Statistical conclusions are
attached to the specific tested quantities and
conditions; descriptive comparisons, including
accuracy relative to the chance baseline, are
interpreted at the level of the reported estimates.

I Representation Reinjection Details

Early- and middle-layer settings. Table 4 re-
ports the five-seed LM2 follow-up for both models,
matching the inferential analysis in Appendix H.
Table 20 retains the original middle-layer single-
run estimates alongside the LM2 results at α =
0.10. The original middle-layer point gains dif-
fer from the corresponding five-seed LM2 mean
gains, providing a descriptive comparison across
the evaluated configurations. Layer and run pro-
tocol vary together: the LM2 follow-up uses
validation-selected decision thresholds and seeds
42–46, while the middle-layer rows retain the ear-
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Model Emotion N HI−LO 95% CI praw pHolm

AF3 Anger 19 −0.3893 [−0.5533, −0.2270] 0.00030 0.00750
AF3 Disgust 18 −0.0349 [−0.0799, −0.0058] 0.02240 0.40320
AF3 Fear 17 −0.3618 [−0.4954, −0.2326] 0.00025 0.00650
AF3 Happiness 25 −0.0670 [−0.1333, −0.0047] 0.05290 0.84640
AF3 Sadness 22 0.0133 [0.0010, 0.0266] 0.06920 0.96880
Qwen2 Anger 19 −0.0231 [−0.0361, −0.0108] 0.00245 0.05145
Qwen2 Disgust 18 −0.0115 [−0.0250, 0.0019] 0.12180 1.00000
Qwen2 Fear 17 −0.0589 [−0.0779, −0.0384] 0.00015 0.00405
Qwen2 Happiness 25 −0.0472 [−0.0836, −0.0221] 0.00030 0.00750
Qwen2 Sadness 22 −0.0018 [−0.0052, 0.0014] 0.32480 1.00000

Table 18: Matched MD→HI minus MD→LO alignment contrasts at LM2. N is the number of complete
speaker/utterance/emotion matches and also the number of distinct speakers within each row. Negative esti-
mates indicate higher alignment for MD→LO. Estimates concern the matched subsets, not differences between the
full-condition means. AF3 denotes Audio-Flamingo-3 and Qwen2 denotes Qwen2-Audio. Confidence intervals are
pointwise 95% speaker-bootstrap intervals. Bold adjusted p-values satisfy pHolm ≤ 0.05 in the joint family of 30
tests. These are the remaining 10 tests alongside Table 17.

Model Alpha Mean Macro-F1 change SD across seeds Wilcoxon p
Qwen2-Audio 0.01 −0.0001 0.0008 1.0000

0.03 +0.0004 0.0009 0.6250
0.05 +0.0029 0.0026 0.0625
0.10 +0.0057 0.0025 0.0625
0.20 +0.0170 0.0028 0.0625

Audio-Flamingo-3 0.01 −0.0003 0.0008 0.6250
0.03 −0.0026 0.0066 1.0000
0.05 +0.0002 0.0013 1.0000
0.10 +0.0001 0.0052 1.0000
0.20 +0.0129 0.0168 0.1875

Table 19: Five-seed residual-reintegration robustness at LM2. Changes are calculated relative to the matched
no-reintegration condition within each seed. Wilcoxon p-values are obtained from two-sided signed-rank tests over
the five seed-level changes.

lier single-run point estimates. Baselines and gains
are therefore interpreted within each configuration,
with statistical conclusions based on the five-seed
LM2 experiment.

The five-seed LM2 follow-up uses the 5,294-
utterance cleaned EmoS analysis subset and a fixed
multilabel-stratified split of 3,730 training, 786 val-
idation, and 778 test utterances. The split is con-
structed once with random seed 42 and is held fixed
across interpolation strengths and probe seeds.

For each utterance, the saved projector and LM2
representations are mean pooled when necessary
and standardized using the feature mean and stan-
dard deviation of that representation. Reintegration
forms the sum of the LM2 representation and the
standardized projector representation multiplied by
the interpolation strength. We evaluate interpola-
tion strengths of 0, 0.01, 0.03, 0.05, 0.10, and 0.20.

The probe is a single linear layer with 28 outputs.
Normalized human annotation counts are used as
soft training targets with binary cross-entropy loss
on the logits. Training uses Adam with learning
rate 0.001, batch size 64, and ten epochs. For each

interpolation strength, training is repeated with
seeds 42–46. The checkpoint with the highest val-
idation Macro-F1 is retained. A shared decision
threshold is selected on the validation set from val-
ues 0.05, 0.10, ..., 0.90 and is then applied once to
the held-out test set.

Tables 21 and 22 retain the earlier exploratory
direct-fusion and layer-probing results. These are
separate configurations from the five-seed LM2
residual experiment; their point estimates provide
descriptive comparisons within each table.

J Scope of Model Coverage and Future
Validation

The evaluated systems cover different language
backbones, audio integration designs, and open-
versus closed-source access. This diversity allows
us to characterize the representation–utilization gap
across the studied configurations. Internal repre-
sentation evidence comes from Qwen2-Audio and
Audio-Flamingo-3, complemented by the behav-
ioral comparison with Gemini-2.5-flash.

Our conclusions concern these evaluated mod-
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Model Layer Run setting Macro-F1 Micro-F1
α = 0 α = 0.10 α = 0 α = 0.10

Qwen2 LM2 (early) Five seeds 0.2166± 0.0123 0.2223± 0.0107 — —
Qwen2 LM15 (middle) Original single run 0.217 0.235 0.403 0.448
AF3 LM2 (early) Five seeds 0.2217± 0.0076 0.2217± 0.0081 — —
AF3 LM13 (middle) Original single run 0.212 0.222 0.438 0.442

Table 20: Residual reintegration in the early- and middle-layer settings. Qwen2 denotes Qwen2-Audio and AF3
denotes Audio-Flamingo-3. Five-seed Macro-F1 values are means ± sample SD across seeds 42–46, calculated from
the saved per-seed outputs; dashes denote unreported Micro-F1 values. Original single-run rows retain the earlier
middle-layer Macro-F1 and Micro-F1 point estimates. This descriptive comparison uses a common interpolation
strength across separate run settings.

α Macro-F1 Micro-F1
0.00 0.216 0.388
0.25 0.190 0.391
0.50 0.170 0.404
0.75 0.164 0.359
1.00 0.103 0.303

Table 21: Direct linear fusion results across different
interpolation ratios α for Flamingo. Naive interpolation
generally degrades performance relative to the language-
only baseline.

Layer Macro-F1 Micro-F1
Audio Encoder (32) 0.078 0.270
Projector 0.117 0.328
LM Layer 13 0.212 0.414
LM Layer 27 0.207 0.439

Table 22: Subtle emotion probing results across dif-
ferent Flamingo representation layers. Later language
representations exhibit substantially stronger recover-
able affective structure than early audio representations
alone.

els and settings. Broader validation across archi-
tectures, training paradigms, and fusion strategies
would establish how widely the observed pattern ex-
tends. Controlled comparisons of speech encoders,
projector designs, and language backbones offer a
next step toward explaining its architectural causes
and improving the use of preserved affective infor-
mation.
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