
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 15056–15071
July 2-7, 2026 ©2026 Association for Computational Linguistics

Discovering and Causally Validating Emotion-Sensitive Neurons
in Large Audio-Language Models

Xiutian Zhao1, Björn Schuller2, Berrak Sisman1

1 Center for Language and Speech Processing (CLSP), Johns Hopkins University, USA
2 Group on Language, Audio & Music (GLAM), Imperial College London, UK

Abstract

Emotion is a central dimension of spoken com-
munication, yet, we still lack a mechanistic
account of how modern large audio-language
models (LALMs) encode it internally. We
present the first neuron-level interpretability
study of emotion-sensitive neurons (ESNs) in
LALMs and provide causal evidence support-
ing the existence of such units in Qwen2.5-
Omni, Kimi-Audio, and Audio Flamingo 3.
Across these three widely used open-source
models, we compare frequency-, entropy-,
mean-deviation-, and contrast-based neuron se-
lectors on multiple emotion recognition bench-
marks. Using inference-time interventions, we
reveal a consistent emotion-specific signature:
deactivating neurons selected for a given emo-
tion disproportionately degrades recognition
of that emotion while largely preserving other
classes, whereas targeted steering amplifies
these units to bias predictions toward the tar-
get emotion. These effects arise with modest
amounts of identification data and scale system-
atically with intervention strength. We further
observe that ESNs exhibit non-uniform layer-
wise clustering with partial cross-dataset trans-
fer. Taken together, our results offer a causal,
neuron-level account of emotion decisions in
LALMs and highlight targeted neuron interven-
tions as an actionable handle for controllable
affective behaviors.

1 Introduction

The progress of large language models (LLMs) has
accelerated the development of multimodal foun-
dation models that jointly process text and other
modalities (Wang et al., 2023a). Among them,
large audio-language models (LALMs) (Liu et al.,
2025; Xu et al., 2025b; KimiTeam et al., 2025;
Ghosh et al., 2025), which operate on both speech
and text, are increasingly prominent in applica-
tions such as conversational assistants, where affec-
tive competence is crucial for user trust and safety.

Despite strong empirical performance, however,
we still lack a mechanistic understanding of how
LALMs internally represent emotion and which
components are responsible for emotion-related
decisions (Gandhi et al., 2023).

Speech conveys not only linguistic content but
also paralinguistic cues (e.g., intonation, pitch, en-
ergy) associated with a speaker’s affective state.
While decades of affective speech research (Wani
et al., 2021) have demonstrated the importance of
these cues for tasks such as speech emotion recog-
nition (Akçay and Oğuz, 2020; Ma et al., 2024;
Ulgen et al., 2024; Naini et al., 2025) and expres-
sive speech synthesis (Liu et al., 2021; Zhou et al.,
2023), it remains unclear whether LALMs encode
emotion through compact, intervention-sensitive
neuron sets or through diffuse, non-specific mecha-
nisms.

Neuron-level interpretability provides a natural
lens for answering this question. Prior work has
demonstrated that individual units can specialize
to human-interpretable concepts in vision mod-
els (Bau et al., 2017, 2020) and exhibit selectiv-
ity for linguistic and other conceptual attributes
in LLMs (Voita et al., 2024; Yu and Ananiadou,
2024; AlKhamissi et al., 2025). In multimodal set-
tings, however, existing neuron-level studies have
largely focused on modality- or task-specific pat-
terns rather than affect, and causal validation re-
mains limited (Wu et al., 2024; Huang et al., 2024;
Fang et al., 2024; Xu et al., 2025a). Motivated
by these gaps, we ask whether LALMs contain
compact neuron subsets that function as emotion-
sensitive units whose activation can be manipulated
to selectively impair or steer emotion-related be-
havior.

We frame our study around the following ques-
tions:

• Causality. Do emotion-sensitive neurons (ESNs),
i.e., neurons that preferentially activate on in-
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puts tied to particular emotions when processing
speech, exist in LALMs? Does deactivating these
neurons lead to emotion-specific performance
degradation, and can amplifying them systemati-
cally steer emotion-related model behavior?

• Selectivity. Which identification methods are
most effective at isolating ESNs and are neu-
rons associated with certain emotions intrinsi-
cally harder to detect than others?

• Locality and Transferability. How are ESNs
distributed across decoder layers, and to what
extent do these functional units generalize across
datasets and acoustic conditions?

Empirically, we study three open-source LALMs
that support direct speech input and text generation:
Qwen2.5-Omni-7B (Xu et al., 2025b), Kimi-Audio
(KimiTeam et al., 2025), and Audio Flamingo 3
(Ghosh et al., 2025). As probe testbeds, we use
three established speech emotion recognition (SER)
benchmarks: IEMOCAP (Busso et al., 2008),
MELD (Poria et al., 2019), and MSP-PODCAST

(Busso et al., 2026). To identify ESNs, we compare
multiple selectors that operationalize frequency-,
entropy-, mean-deviation-, and contrast-based no-
tions of selectivity. Our results provide converging
evidence that emotion-sensitive functional units
exist in LALMs and can be causally validated.

First, selective deactivation exhibits clear self–
cross structure: masking neurons identified for a
given emotion disproportionately degrades recog-
nition of that same emotion (self-deactivation),
while producing substantially smaller average ef-
fects on other emotions (cross-deactivation). Crit-
ically, we find that not all identification criteria
are equally effective: selectors based purely on
baseline activation probability or entropy are often
insufficient to isolate neurons with more emotion-
specific causal effects, whereas mean-deviation-
and contrast-based selectors yield neurons with
markedly stronger such effects.

Second, we show actionability via activation
steering. Amplifying the same neuron sets used
for deactivation biases predictions toward the tar-
get emotion and can yield positive self–cross gaps,
indicating that these units provide a controllable
handle rather than being mere correlates. Beyond
label-conditioned (targeted) steering, we also study
label-free (agnostic) injection strategies that lever-
age the discovered ESNs without committing to

a chosen source emotion. We evaluate three vari-
ants: 2-Pass injection that reinforces the model’s
initial prediction, Mix injection that softly weight
emotion masks using internal evidence, and Union
injection that simply boosts the union of all ESNs.
Notably, the gap between reliable targeted steering
and mixed agnostic outcomes suggests ESNs may
interact non-additively under joint amplification.

Third, we analyze where ESNs reside and how
well they transfer. We observe non-uniform layer-
wise locality patterns, with ESNs clustering in ear-
liest layer (0), early-mid (6–8), and later (19–22)
decoder layers rather than being evenly distributed,
and we find asymmetric, yet non-trivial cross-
dataset transferability across emotions—suggesting
partial robustness but also dataset- and category-
dependent specificity.

Overall, this work contributes: (1) to our knowl-
edge, the first neuron-level causal analysis of emo-
tion representations in multiple LALMs via self-
/cross deactivation and steering across multiple
datasets; (2) a systematic comparison of identi-
fication methods showing which criteria best iso-
late causally emotion-sensitive units and the im-
pacts of selecting parameters; and (3) evidence
that these units have structured locality, non-trivial
cross-dataset transfer, and can be leveraged for both
targeted and label-free control of affective behavior
in speech-enabled foundation models.

2 Related Work

Neuron Specialization and Unit Selectivity.
Identifying neurons that respond selectively to spe-
cific features or concepts is a long-standing theme
in interpretability. Prior work has shown that indi-
vidual units in deep networks can align with human-
interpretable concepts. In vision, Network Dissec-
tion quantified such alignments for CNN units (Bau
et al., 2017, 2020), and recent work extends neuron-
level interpretability to LLMs, including evidence
that some neurons exhibit partial concept selec-
tivity (Antverg and Belinkov, 2022; Huben et al.,
2024; Voita et al., 2024; Yu and Ananiadou, 2024;
Tang et al., 2024), especially through causal tracing
style localization (Meng et al., 2022; AlKhamissi
et al., 2025). Most closely related, studies on LLMs
investigate affective mechanisms: Lee et al. (2025)
report clustered emotion neurons with deactivation-
based validation, and Wang et al. (2025) identify
emotion circuits and demonstrate controllability
via steering.
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Neuron-Level Interpretability in Multimodal
and Audio Models. Neuron-level analyses have
also been applied to multimodal models, typically
to characterize modality- or task-specific attribu-
tions (Huang et al., 2024; Fang et al., 2024; Xu
et al., 2025a). In the audio domain, interpretabil-
ity studies of audio and speech transformers often
rely on layer-wise probing or attribution methods
to reveal what information (e.g., phonetic, speaker,
prosodic cues) is encoded across representations
(Singla et al., 2022; Akman et al., 2025; Yang et al.,
2025). Audio Network Dissection (Wu et al., 2024)
labels acoustic units with natural language descrip-
tors by summarizing responsive audio snippets, but
it primarily targets generic acoustic/structural con-
cepts and provides limited evidence for emotion-
specific causal roles.

3 Methods

We study whether LALMs contain neurons that
are selectively active for emotions by coupling
activation-based neuron analysis with causal in-
terventions. Concretely, we follow an activation-
based log–identify–intervene workflow (Huo et al.,
2024; Huang et al., 2024; Fang et al., 2024; Tang
et al., 2024) with SER as a diagnostic task: (1)
we instrument decoder MLPs and collect neuron
activations while the unintervened model answers
correctly, (2) we score and select neurons for emo-
tion sensitivity and construct masks, and (3) we
intervene at inference time by manipulating identi-
fied neurons and quantifying their causal effects.

3.1 Activation Logging and Emotion-Sensitive
Neuron Identification

We attach forward hooks to the decoder MLP feed-
forward blocks and log internal activations on cor-
rectly solved SER items. The motivation is prag-
matic: restricting to correct items reduces contam-
ination from failure-mode generations and yields
cleaner emotion-conditioned activation statistics.

Within each decoder MLP, we record the gat-
ing signal from the SwiGLU nonlinearity (Shazeer,
2020). Let u and v denote the two pre-activation
streams, and let g = SiLU(u) be the gated branch
that modulates v. For layer l, neuron index n, and
token position t, we denote the logged scalar gate
activation by al,n,t (the n-th coordinate of g at po-
sition t). These values serve as the basis for all
subsequent statistics.

Activation Statistics. Let E be the emotion set.
For each identification example labeled e ∈ E , we
aggregate gate activations across valid token posi-
tions, using an indicator mt ∈ {0, 1} to exclude
padding and other special markers. For every neu-
ron (l, n) we maintain: (1) a positive-activation
count K(e)

l,n , and (2) the total number of valid token
positions Te contributed by emotion-e examples:

K
(e)
l,n =

∑

t

mtI(a
(e)
l,n,t > 0)

Te =
∑

t

mt

Intuitively, K(e)
l,n captures how often the unit is

active under emotion e. Normalizing by Te yields
the emotion-conditioned activation probability pro-
file, P (e)

l,n , which serves as the sufficient statistic for
all selectors below:

P
(e)
l,n =

K
(e)
l,n

Te

Here, P (e)
l,n reflects the empirical firing frequency

(i.e., probability of positive activation) for the given
neuron.

Identification Methods. Given P
(e)
l,n , we score

neurons using the following four established meth-
ods, in addition to an emotion-independent random
selection baseline.

• Random Selection (RND) is employed as an
emotion-agnostic control. We construct a ran-
dom mask by sampling the same total budget
of neurons (i.e., the same r used by targeted se-
lectors) uniformly over all decoder MLP neu-
rons. We do not enforce layer-wise matching
because it adds bookkeeping and compute over-
head; in pilot checks, a layer-matched variant
produced similar intervention effects within sam-
pling variance. We therefore report the simpler
global RND baseline throughout. Unless stated
otherwise, we report RND results averaged over
5 independent random masks of different seeds.

• Activation Probability (LAP) (Huben et al.,
2024; Gurnee et al., 2024) prioritizes neurons
that are frequently active for a particular emotion,
using only the frequency statistic P

(e)
l,n :

LAP
(e)
l,n = P

(e)
l,n =

K
(e)
l,n

Te
(1)
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• Activation Probability Entropy (LAPE) (Tang
et al., 2024; Namazifard and Poech, 2025) eval-
uates selectivity across emotions by forming a
normalized distribution over e ∈ E for each neu-
ron and computes its Shannon entropy. Lower
entropy corresponds to more concentrated firing
and thus stronger specialization:

LAPEl,n = −
∑

e∈E
P̃

(e)
l,n log P̃

(e)
l,n , (2)

P̃
(e)
l,n =

P
(e)
l,n∑

e′ P
(e′)
l,n

. (3)

Since LAPE assigns each neuron a single selec-
tivity score LAPEl,n that is not conditioned on
any specific emotion, we deterministically map
neurons to emotions using the estimated firing
probabilities P (e)

l,n to enable per-emotion interven-
tions.

• Mean Activation Difference (MAD) (Bau et al.,
2019; Dalvi et al., 2019) evaluates selectivity by
measuring how much a neuron’s activation prob-
ability for a specific emotion deviates from its
average activation probability across all emotions.
Large absolute values indicate neurons that fire
distinctively (either significantly more or signifi-
cantly less frequently) for emotion e compared
to their baseline behavior across all categories:

MAD
(e)
l,n =

∣∣∣P (e)
l,n − P l,n

∣∣∣ , (4)

P l,n =
1

|E|
∑

e′∈E
P

(e′)
l,n . (5)

• Contrastive Activation Margin (ConAct)
(Zhao et al., 2026a) is a margin-style criterion:
for each neuron, it compares the top firing prob-
ability across emotions with the runner-up, and
assigns the margin to the highest-scoring emo-
tion while assigning zero to all other emotions.
Concretely, using the firing probabilities P

(e)
l,n ,

define:

P
(1)
l,n = max

e∈E
P

(e)
l,n , e

(1)
l,n = argmax

e
P

(e)
l,n

P
(2)
l,n = max

e∈E\{e(1)l,n}
P

(e)
l,n , (6)

ConAct
(e)
l,n =

{
P

(1)
l,n − P

(2)
l,n , if e = e

(1)
l,n

0, otherwise.
(7)

Emotion-Sensitive Neurons Ranking. For each
selector m and each emotion e, we obtain a global
ranking of candidate neurons by their emotion-e
score. We treat the intervention size as a hyper-
parameter and, for method comparability, always
select a fixed fraction r of the highest-ranked ones
as the emotion-sensitive neurons (ESNs). Formally,
let Dl be the width of the monitored MLP gate
vector at decoder layer l (i.e., the number of gate
units/neuron dimensions we log in that layer). For
selector m and emotion e, we denote the chosen in-
dex set by I(m,e)

l ⊆ {1, . . . , Dl} and use {I(m,e)
l }l

as the mask support for deactivation and steering
in §3.2.

3.2 Intervention: Deactivation, Targeted
Steering and Agnostic Injection

To test whether the identified ESNs are not merely
correlational but causally influential in emotion-
related decisions, we intervene on their gate activa-
tions at inference time. Let gl,t ∈ RDl denote the
SwiGLU gate output at decoder layer l and token
position t, i.e., g = SiLU(u). Given ESN indices
I(m,esrc)
l , we build a layer-specific mask that either

suppresses or amplifies exactly those indices while
leaving all other parameters unchanged.

Deactivation. We evaluate necessity by zeroing
the selected neurons through an elementwise mask:

r
(m,esrc)
l,n =

{
0, n ∈ I(m,esrc)

l

1, otherwise,
(8)

and applying it to the gate vector:

g̃abll,t = gl,t ⊙ r
(m,esrc)
l . (9)

Targeted (emotion-specific) Steering. By scal-
ing the same coordinates with a gain factor α ≥ 0
using a per-layer scale vector sl(α) (Turner et al.,
2024), yielding the steered gate g̃steer

l,t . This in-
tervention increases the contribution of ESN di-
mensions associated with esrc without modifying
weights and is applied to evaluate controllability.

sl,n(α) =

{
1 + α, n ∈ I(m,esrc)

l

1, otherwise,
(10)

g̃steerl,t = gl,t ⊙ sl(α). (11)
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Agnostic Injection. Targeted steering requires
specifying a source emotion esrc (hence selecting
I(m,esrc)
l ). In many settings, however, a label-

free intervention that leverages the discovered
ESNs without committing to a chosen emotion
is demanded. We therefore implement three ag-
nostic injection strategies, including 2-Pass, Mix,
and Union injections. These strategies are in-
spired by classic self-training / bootstrapping ideas
(Yarowsky, 1995; McClosky et al., 2006; Zelik-
man et al., 2022), as well as soft routing / mixture
weighting mechanisms (Shazeer et al., 2017). Im-
plementation details are provided in Appendix B.

Beyond serving as label-free control baselines,
these agnostic strategies also act as a probe of inter-
emotion interactions: unlike targeted steering, they
may jointly amplify multiple emotion-linked neu-
ron sets (or amplify a mispredicted set), which can
induce interference if affective circuits share down-
stream bottlenecks or exert competing influences
on the final decision.

4 Experiment Setup

Models and Datasets. We study three open-
source LALMs that accept speech input and demon-
strate strong general audio understanding, in-
cluding Qwen2.5-Omni-7B (Xu et al., 2025b),
Kimi-Audio (KimiTeam et al., 2025) and Audio
Flamingo 3 (Ghosh et al., 2025). The model ver-
sions and dataset splits are listed in Appendix A.1
(Table 3, 4).

We evaluate the models on three widely used
SER benchmarks: IEMOCAP (Busso et al., 2008),
MELD (Poria et al., 2019), and MSP-PODCAST

(Busso et al., 2026). We focus on overlapping sub-
sets of discrete emotion categories that are consis-
tently annotated across these datasets. For evalua-
tion, we construct class-balanced test subsets with
a fixed number of utterances per emotion; for iden-
tification, we additionally cap the pool of correctly
answered items per emotion to make selectors com-
parable across categories.

Evaluation Protocol (Self vs Cross Effects). Af-
ter selecting ESNs for each source emotion esrc ∈ E
(for every selector in §3.1), we evaluate their
speech emotion-sensitivity by running the model
on held-out utterances with and without interven-
tion. We report two complementary settings. In
the self-effect condition (esrc = eeval), the inter-
vention targets neurons identified from the same
emotion as the evaluated subset. In the cross-effect

condition (esrc ̸= eeval), we reuse an emotion-esrc
mask while evaluating on a different emotion sub-
set eeval. For deactivation, we expect performance
to decrease; for targeted steering, we expect in-
creases toward esrc. Comparing self vs. cross ef-
fects isolates whether a mask primarily modulates
a specific emotion pathway rather than causing
broad, non-specific degradation or global changes
in affective processing.

Prompting and Decoding. All models are eval-
uated in a controlled multiple-choice SER format
using a single instruction template (Appendix A.3).
To reduce known multiple-choice artifacts such
as label/position preferences (Zheng et al., 2024;
Zhao et al., 2024), we randomize the option-
number↔emotion mapping for every evaluation
item, so a preference for a particular number cannot
systematically inflate any single emotion. We de-
code deterministically (greedy; temperature 0 with
sampling disabled) and cap generation at 20 tokens,
which is sufficient for the required short-form re-
sponse. Since some instruction-tuned models may
still emit extra text, we post-process generations
with a lightweight parsing routine described in Ap-
pendix A.2.

5 Results

5.1 Deactivation

The deactivation section (left half) in Table 1
shows that masks produced by MAD and Con-
Act consistently yield a strong separation between
self- and cross-effects: performance drops sharply
when deactivating ESNs tied to the evaluated emo-
tion, while the average cross-emotion changes are
smaller in magnitude, yielding substantial self-
–cross gaps. Across the three LALMs, this man-
ifests as large negative self-effects (11–15 accu-
racy points) paired with near-zero cross-effects,
producing substantial self–cross gaps. Deactivat-
ing the same-sized random masks (RND) produces
smaller and less structured changes, supporting
that we are not merely removing generic capacity.
LAP/LAPE do not reliably produce a clean diag-
onal signature (often yielding weak, noisy shifts
or broader degradation). Figure 1 visualizes this
difference: MAD/ConAct show pronounced diago-
nal dominance, with limited off-diagonal spillover,
consistent with emotion-specific units rather than
purely correlated cues.
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Deactivation Targeted Steering

LALM Acc.∆ RND LAP LAPE MAD ConAct RND LAP LAPE MAD ConAct

Self-Effect 0.32 −7.62 1.04 −13.09 −13.50 0.01 0.12 0.36 2.48 2.73
Qwen2.5-Omni-7B Cross-Effect Avg. – −7.33 0.04 0.19 1.75 – 0.00 −0.04 −0.25 −0.60

Self–Cross Gap – −0.29 1.00 −13.28 −15.25 – 0.12 0.40 2.73 3.33

Self-Effect −0.51 0.27 −0.81 −13.63 −11.65 −0.19 −0.99 −0.38 2.25 1.94
Kimi-Audio Cross-Effect Avg. – −0.55 −0.92 −1.27 0.44 – −0.78 −0.25 −0.66 −0.39

Self–Cross Gap – 0.83 0.10 −12.36 −12.09 – −0.21 −0.13 2.91 2.78

Self-Effect −0.13 −34.62 −6.49 −15.17 −14.63 −0.20 −0.18 1.06 2.97 3.35
Audio Flamingo 3 Cross-Effect Avg. – −35.30 −1.88 −1.96 0.70 – −0.04 −0.30 −0.36 −0.72

Self–Cross Gap – 0.68 −4.61 −13.21 −15.33 – −0.14 1.36 3.33 4.07

Table 1: Macro-averaged effects of deactivation (left) and targeted steering (right) across three datasets (r = 0.5%),
using ESNs produced by five identification methods. For each method, we report two evaluation settings: self-effect
(esrc = eeval) and cross-effect (averaged over esrc ̸= eeval). We quantify emotion specificity via the self–cross gap
(self minus cross). All entries are accuracy-changes relative to the corresponding full model. Random selection
(RND) samples neurons without emotion conditioning and therefore has no self/cross distinction. Per-dataset
breakdowns are provided in Appendix C.1 and C.2 (Table 5, 6 and 7 for deactivation, Table 8, 9 and 10 for steering).

(a) LAP (b) LAPE (c) MAD (d) ConAct

Figure 1: Per-emotion accuracy-change heatmaps for Qwen2.5-Omni-7B under neuron deactivation, reported on
IEMOCAP (top), MELD (middle), and MSP-PODCAST (bottom). Rows index the source emotion used to identify
the ESN mask; columns index the evaluation emotion subset. All values are absolute accuracy differences with
respect to the unintervened model. Diagonals correspond to self-effects, while off-diagonals reflect cross-effects.

Effect of ESN Set Size. Figure 2(a–c) varies the
fraction of deactivated neurons (r) while fixing
the model and selector, revealing a trade-off be-
tween selectivity and intervention strength. For

small r, deactivation already yields clear diagonal
patterns, indicating that a small subset of neurons
can suffice to induce emotion-specific degradation.
As r increases, self-deactivation effects strengthen,
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(a) r = 0.1% (b) r = 0.5% (c) r = 1.0%
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Figure 2: Sensitivity to intervention budget and identification-pool size. (a–c) Accuracy-change heatmaps as we
vary the deactivated fraction r of ESNs. (d) Accuracies as we vary the number of correctly answered identification
examples per emotion used to construct the ESN masks (Qwen2.5-Omni-7B, ConAct-selected ESNs, MSP-Podcast).

but off-diagonal changes also grow, reflecting in-
creased collateral disruption of shared circuitry
and a shift toward broader capacity loss. Thus,
larger masks amplify intervention strength but re-
duce interpretability by mixing emotion-specific
and emotion-general effects. This motivates using
a moderate r (i.e., 0.5%) in subsequent experiments
to balance causal potency with clean self–cross dis-
sociation.

Effect of Identification Pool Size. Figure 2(d)
examines how many correctly answered instances
per emotion are required to obtain stable ESNs.
The curves plateau rapidly: a small identification
pool already produces intervention effects compa-
rable to those obtained with hundreds of instances,
with larger pools yielding diminishing returns. This
indicates that once the model observes a modest
number of representative utterances, neuron rank-
ings and downstream intervention behavior become
largely stable. Overall, these results suggest that
stable neuron identification does not require ex-
tremely large pools, enabling efficient analysis even
for low-resource emotion categories.

5.2 Activation Steering

Targeted Steering. Table 1 right half shows that
amplifying the same ESNs identified for deacti-
vation yields complementary, constructive effects.
Across all three LALMs, MAD and ConAct pro-
duce consistent self-steering gains (approximately
+2 to +3 accuracy points) while leaving cross-
steering effects largely unchanged on average, re-
sulting in the largest self–cross gaps. In con-
trast, RND is effectively neutral, and LAP/LAPE
yield only small or unstable improvements, mir-
roring their weaker selectivity under deactivation.
This symmetry between deactivation and steering

strengthens the causal interpretation: neurons that
are important for recognizing a target emotion can
be sufficient to bias predictions toward that emotion
when amplified, without broadly affecting others.

Figure 3 further illustrates a strength–specificity
trade-off as the steering gain α increases. At low
α, effects remain strongly diagonal, while larger
α amplifies the diagonal gain but can introduce
modest off-diagonal spillover. We view spillover
not merely as noise, but as potential evidence that
ESNs are not fully independent: sufficiently strong
amplification can perturb shared downstream com-
putation, revealing coupling (and potential compe-
tition) between affective pathways. Overall, tar-
geted steering demonstrates that ESNs provide an
actionable handle for controlled, emotion-specific
behavior modulation.

Agnostic Injection. Unlike targeted steering, ag-
nostic injection does not condition on a source
emotion. As summarized in Table 2 provides
dataset-wise results), gains are modest and model-
dependent: Mix and Union improve Qwen2.5-
Omni-7B (up to +0.9 for Mix) and Audio
Flamingo 3 (up to +1.0 for Union), but fail to
consistently benefit Kimi-Audio, where all strate-
gies slightly underperform the unmasked baseline.
In contrast to the strong and consistent targeted
steering gains, this suggests that the naive Union
injection over all ESNs can trigger inter-emotion in-
terference. Concretely, 2-Pass may reinforce early
mistakes by amplifying the ESNs associated with
the model’s first-pass prediction, while Union in-
jects a broad ESN set that can push multiple affec-
tive directions simultaneously, reducing decisive-
ness when the activated units are misaligned with
the true affect. Mix offers a softer compromise, but
still lacks consistency across models, consistent
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(a) α = 0.10 (b) α = 0.30 (c) α = 0.50 (d) α = 1.00

Figure 3: Accuracy-change ∆ heatmaps on MELD for different steering strengths α (ConAct, Qwen2.5-Omni-7B).

Dataset Model
α = 0.1 α = 0.3 α = 1.0

Unmasked RND 2-Pass Mix Union RND 2-Pass Mix Union RND 2-Pass Mix Union

Qwen2.5-Omni-7B 48.4 48.2 48.1 48.2 48.3 47.9 48.7 48.4 48.9 47.6 49.1 49.2 49.0
IEMOCAP Kimi-Audio 64.6 64.3 62.0 64.2 64.1 66.2 61.7 64.2 64.5 63.4 60.6 65.1 60.7

Audio Flamingo 3 59.5 59.7 59.8 59.9 60.0 59.5 59.6 60.2 60.2 59.4 59.3 60.4 61.6

Qwen2.5-Omni-7B 45.3 45.9 45.9 46.1 46.0 45.9 45.7 45.6 46.4 45.7 45.5 46.7 44.5
MELD Kimi-Audio 57.4 57.3 58.2 57.5 57.1 57.1 58.0 57.5 56.8 57.1 56.3 56.8 53.2

Audio Flamingo 3 49.4 49.1 49.3 49.6 49.2 49.0 49.3 49.1 49.6 48.7 49.1 49.7 48.3

Qwen2.5-Omni-7B 44.9 44.7 44.9 44.8 45.2 44.8 45.0 44.9 45.9 45.4 45.4 45.3 45.9
MSP-Podcast Kimi-Audio 47.9 47.9 47.8 47.9 47.8 48.0 47.6 47.9 47.9 47.7 46.7 47.7 46.4

Audio Flamingo 3 51.9 51.9 52.3 52.2 52.4 51.7 52.6 52.5 53.0 51.0 52.6 52.9 54.0

Table 2: Agnostic injection results using different injection strategies across three α values. For the Mix method, we
are showing the results for τ = 0.5.

(a) Qwen2.5-Omni (b) Kimi-Audio (c) Audio Flamingo 3 (d) Qwen2.5-Omni (e) Kimi-Audio (f) Audio Flamingo 3

Figure 4: Layer-wise distribution of identified ESNs by MAD (subfigure a, b, c) and ConAct (subfigure d, e, f). All
three models have 28-layer decoders. The color is log-scaled for better readability.

with partial cancellation among competing affec-
tive pathways. Overall, these results indicate that
basic agnostic injection is a weaker and less reliable
control mechanism than targeted steering, and they
hint at a non-trivial competitive structure among
ESNs.

5.3 Locality and Transferability

Locality. Figure 4 shows the layer-wise distribu-
tion of ESNs identified by MAD and ConAct on
MSP-PODCAST across the three models. ESNs
consistently cluster in the earliest layer (layer 0),
early–mid layers (6–8), and later layers (19–22),
with relatively sparse presence in central blocks
(15–18). Both methods largely bypass these mid-
dle layers. Interestingly, the Neutral category ex-
hibits the strongest emotion-specific deviations, for

which both methods pick unique patterns. Overall,
these results indicate that the layer distribution of
ESNs depends on both the identification method
and the emotion category, suggesting that differ-
ent affective states engage different depths of the
network.

Cross-Dataset Transferability. We further in-
vestigate the dataset-independent generalization of
ESNs by evaluating whether ESNs identified on
one dataset remain causally effective when deacti-
vated on another. Figure 5 showcases four source–
target dataset transfers. Across all six transfer di-
rections, we observe recurring diagonal structure
for shared emotions, indicating that many ESNs
encode more dataset-robust affective computations
rather than corpus-specific artifacts. However,
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(a) ESNs identified on IEMOCAP,
tested on MELD

(b) ESNs identified on MELD,
tested on MSP-PODCAST

(c) ESNs identified from MSP-
PODCAST, evaluated on IEMOCAP

(d) ESNs identified on MELD,
tested on IEMOCAP

(e) ESNs identified on MSP-
PODCAST, tested on MELD

(f) ESNs identified from IEMOCAP,
evaluated on MSP-PODCAST

Figure 5: Accuracy-change heatmaps on cross-dataset deactivation. The results of Qwen2.5-Omni-7B using
ConAct selector are shown. Note that while all datasets contain Anger, Joy/Happiness, Neutral and Sadness; MELD
and MSP-PODCAST additionally share Surprise; IEMOCAP has Frustration.

transfer strength is uneven and sometimes asym-
metric: certain source–target pairs preserve strong
self-deactivation effects, while others degrade, con-
sistent with differences in speaking style, acoustic
conditions, and annotation practices across datasets.
Among all emotions, Neutral exhibits the least
stable transfer by often showing smaller or non-
diagonal effects, which suggests that Neutral may
rely more on dataset-dependent decision heuris-
tics (or the absence-of-evidence boundary) than
on a single portable neuron subset. These results
point to a mixed but encouraging picture: ESNs
show partial transfer, but their strength and selec-
tivity depend on both the emotion category and the
source–target distribution, motivating multi-dataset
identification for robust control.

6 Conclusion

In this work, we presented a neuron-level causal
study of emotion-related decisions in LALMs, and
found consistent evidence that compact ESNs exist
across Qwen2.5-Omni-7B, Kimi-Audio, and Audio
Flamingo 3. Across three benchmarks, we observe

clear self–cross intervention signatures that are dif-
ficult to attribute to generic capacity loss: deactivat-
ing MAD/ConAct-selected ESNs produces strong
emotion-specific drops while largely preserving
other emotions. Methodologically, we find that
ESN identification is highly method-dependent:
MAD/ConAct consistently yields more selective
and stable ESN sets than LAP/LAPE or random
baselines. Actionably, amplifying the same ESNs
yields reliable targeted steering gains with mini-
mal cross-emotion spillover. Beyond targeted con-
trol, we evaluated agnostic injection strategies and
found mixed outcomes, which hints at competitive
interaction among ESNs. We further find that ESNs
stabilize with modest identification pools, exhibit
non-uniform layer-wise locality and uneven, yet
non-trivial cross-dataset transfer.

Together, these findings provide evidence
from causal interventions that compact, emotion-
sensitive functional units exist in LALMs and that
neuron-level interventions offer a practical handle
for interpreting and controlling affective behavior
in speech-enabled foundation models.
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Limitations

While our results consistently support the existence
and controllability of ESNs in multiple LALMs,
several aspects remain outside the current study’s
scope. Methodologically, we operationalize neu-
ron behavior through decoder SwiGLU MLP gate
activations and evaluate causality via targeted
inference-time deactivation and gain-based am-
plification. These interventions are intentionally
lightweight and comparable across architectures,
but they do not fully characterize how parameter-
ized emotion cues are distributed across other com-
ponents (e.g., attention and audio–text fusion) or
how multiple units compose into higher-level cir-
cuits. Additionally, we study transfer primarily
across datasets within the SER setting. Under-
standing whether emotion-sensitive units general-
ize across tasks, such as expressive speech genera-
tion (Zhao et al., 2026b), and how to make steering
more uniformly reliable remains an important di-
rection for future work. Finally, while the weaker
and less stable outcomes of agnostic injection hint
at inter-emotion interference among ESNs, we do
not yet provide a dedicated causal decomposition
of these interactions (e.g., pairwise co-steering or
controlled multi-emotion activation studies); a sys-
tematic characterization of competitive vs. coop-
erative affective circuitry is an important direction
for future work.

Ethical Considerations

Our experiments are conducted on public datasets
and open-sourced models, and we emphasize that
our results should not be interpreted as validating
emotion inference as a reliable proxy for human
mental state, intent, or truthfulness.
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A Reproducibility Details

A.1 Datasets and Models

Models Sources

Qwen2.5-Omni-7B https://huggingface.co/Qwen/Qwen2.5-Omni-7B
Kimi-Audio https://huggingface.co/moonshotai/Kimi-Audio-7B-Instruct
Audio Flamingo 3 https://huggingface.co/nvidia/audio-flamingo-3

Table 3: Sources of the evaluated models.

We employed the following three models:
Qwen2.5-Omni-7B (Xu et al., 2025b) is an end-to-
end multimodal model with a streaming Thinker–
Talker design. Kimi-Audio (KimiTeam et al.,
2025) is an audio foundation model supporting au-
dio understanding, generation, and conversational
interaction. Audio Flamingo 3 (Ghosh et al., 2025)
provides reasoning capabilities over speech, sound,
and music, with support for long-form audio. The
specific versions are listed in Table 3.

Regarding the datasets, we curate balanced held-
out test sets with 200 utterances per emotion for
IEMOCAP and MELD, and 500 for MSP-Podcast,
as shown in Table 4. All remaining utterances are
used for neuron identification, with the number
of correctly answered samples per emotion con-
trolled to ensure comparability across categories.
Note that the maximum identification set sizes are
determined by the lowest number of correctly an-
swered instances per emotion per model: for ex-
ample, since all models only correctly answered a
little above 200 for Joy/Happiness subsets, then the
maximum identification set size is set to 200. The
counts in Table 4 denote the number of correctly
answered instances available for identification af-
ter excluding the held-out evaluation set (and after
applying caps).

Emotion Qwen2.5-Omni-7B Kimi-Audio Audio Flamingo 3

IEMOCAP

Anger 360 500 500
Frustration 500 500 500
Joy/Happiness 210 202 209
Neutral 500 500 500
Sadness 320 500 500

Maximum
Identification Set
(Per Emotion)

200 200 200

Evaluation Set
(Per Emotion)

200 200 200

MELD

Anger 500 500 500
Joy/Happiness 500 500 500
Neutral 500 500 500
Sadness 228 326 404
Surprise 500 500 500

Maximum
Identification Set
(Per Emotion)

200 200 200

Evaluation Set
(Per Emotion)

200 200 200

MSP-Podcast

Anger 1000 1000 1000
Joy/Happiness 1000 1000 1000
Neutral 1000 1000 1000
Sadness 1000 1000 1000
Surprise 1000 810 1000

Maximum
Identification Set
(Per Emotion)

1000 800 1000

Evaluation Set
(Per Emotion)

500 500 500

Table 4: Correctly-answered pool size (per emotion, per
model) and evaluation/identification subsampling. The
per-emotion counts are (i) after holding out the evalua-
tion set, and (ii) capped to save computation resources
because we only care about the lower bounds (to deter-
mine the maximum identification set size).

A.2 Answer Normalization

We parse model outputs into a single discrete op-
tion to make evaluation robust to minor formatting
variations. Because our SER prompt requests an
option number (Appendix A.3), we primarily ex-
tract an integer in {1, . . . , |E|} from the generation.

Concretely, we normalize the decoded string by
lowercasing, collapsing whitespace, and stripping
surrounding punctuation. We then apply the fol-
lowing cascade:

1. Direct numeric parse. If the output contains
one or more integers in {1, . . . , |E|}, we take
the last such integer as the predicted option
(models may mention alternatives before con-
cluding).

2. Spelled-out numbers. If no digit is found,
we map common textual forms (e.g., “one”,
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“two”) to the corresponding option index when
unambiguous.

3. Fallback emotion-string match. As a last
resort, we match emotion names against the
per-item option list (with the same normaliza-
tion) and again take the last matched option if
multiple appear.

If none of the above succeeds, we mark the predic-
tion as invalid for that item.

A.3 Prompt Template for SER

Listing 1: Prompt template used for SER generation, se-
lected emotions are randomly assigned to option indices
(e.g., “1”) for each instance.
Listen to the speech clip and choose the correct

emotion of the speaker:

1: {emotion 1}
2: {emotion 2}
3: {emotion 3}
4: {emotion 4}
5: {emotion 5}

Answer with the option index only.

B Agnostic Injection Methods

(1) 2-Pass Self-Consistent Injection. We first
run the model without any intervention (Pass 1)
and extract the predicted option, which we map
to a predicted emotion ê. In Pass 2, we attach
the corresponding mask {I(m,ê)

l }l and apply the
corresponding gain-based amplification. This pro-
cedure mirrors bootstrapping/self-training in that
it uses the model’s own first-pass decision as a
pseudo-label, and reinforces it via a second-pass in-
tervention (Yarowsky, 1995; McClosky et al., 2006;
Zelikman et al., 2022):

g̃
2pass
l,t = gl,t ⊙ s

(ê)
l (α), (12)

s
(ê)
l,n(α) =

{
1 + α, n ∈ I(m,ê)

l ,

1, otherwise.
(13)

We use the Pass 2 output as the final prediction.
Intuitively, 2-Pass aims to make the model more
self-consistent by amplifying ESNs associated with
its own inferred affect (Wang et al., 2023b).

(2) Mix Injection. Mix can be viewed as a soft,
label-free compromise between no intervention and
full targeted steering, guided by the model’s in-
stantaneous internal evidence; the temperature τ
regulates how confidently the method concentrates

on a single emotion versus spreading mass across
multiple emotions (Grandvalet and Bengio, 2004;
Fedus et al., 2022).

For each layer l and emotion e ∈ E , we compute
an evidence score from the current gate activations
by averaging over neurons in that emotion’s mask
and over token positions:

q
(e)
l = Et

[
E
n∈I(m,e)

l

[
gl,t,n

]]
. (14)

We convert these scores into mixture weights with
a temperature-controlled softmax:

w
(e)
l =

exp
(
q
(e)
l /τ

)
∑

e′∈E exp
(
q
(e′)
l /τ

) , (15)

where τ > 0 controls sharpness (smaller τ yields
a more peaked distribution). Finally, we apply a
per-emotion scaled gain:

g̃Mix
l,t,n =

{
gl,t,n ·

(
1 + αw

(e)
l

)
, n ∈ I

(m,e)
l ,

gl,t,n, otherwise.
(16)

Overlapping masks. If a neuron index n belongs
to multiple emotion-specific sets at layer l (i.e.,
n ∈ I

(m,e)
l for more than one e), we apply the

strongest multiplicative gain:

g̃
(m)
l,t,n = g

(m)
l,t,n · max

e:n∈I(m,e)
l

(
1 + αw

(e)
l

)
,

and otherwise g̃
(m)
l,t,n = g

(m)
l,t,n.

(3) Union Injection. Union injection is a single-
pass label-free baseline that amplifies all ESNs
regardless of emotion identity. It corresponds to
using no disambiguating routing signal (cf. rout-
ing vs. dense activation in mixture-style models)
(Fedus et al., 2022). We first form the layer-wise
union set:

Ul =
⋃

e∈E
I
(m,e)
l , (17)

and then apply the same gain to every neuron in
Ul:

g̃Union
l,t,n =

{
gl,t,n · (1 + α), n ∈ Ul,

gl,t,n, otherwise.
(18)

Compared to Mix, Union does not attempt to in-
fer which emotion is currently active; it provides a
simple way to globally boost emotion-related cir-
cuitry in one forward pass, at the cost of reduced
specificity.
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C Additional Results

C.1 Dataset-Specific Deactivation Results

LALM Acc.∆ RND LAP LAPE MAD ConAct

Self-Deactivation −0.32 −9.00 −0.30 −12.90 −13.50
Qwen2.5-Omni-7B Cross-Deactivation Avg. – −8.97 0.25 −0.12 1.43

Self–Cross Gap – −0.03 −0.55 −12.78 −14.92

Self-Deactivation −0.62 0.40 −1.80 −16.00 −13.00
Kimi-Audio Cross-Deactivation Avg. – −0.65 −0.60 −2.60 0.12

Self–Cross Gap – 1.05 −1.20 −13.40 −13.12

Self-Deactivation −0.30 −32.90 −6.10 −14.60 −13.70
Audio Flamingo 3 Cross-Deactivation Avg. – −33.07 −0.81 −0.65 0.43

Self–Cross Gap – 0.17 −5.25 −12.72 −14.07

Table 5: Deactivation results on IEMOCAP using ESNs selected by five identification methods.

LALM Acc.∆ RND LAP LAPE MAD ConAct

Self-Deactivation 0.86 −4.90 1.90 −16.90 −19.60
Qwen2.5-Omni-7B Cross-Deactivation Avg. – −4.72 0.68 1.33 3.40

Self–Cross Gap – −0.18 1.23 −18.23 −23.00

Self-Deactivation −0.62 0.30 −1.20 −12.50 −10.70
Kimi-Audio Cross-Deactivation Avg. – 0.03 −1.53 −0.98 0.10

Self–Cross Gap – 0.28 0.32 −11.53 −10.80

Self-Deactivation −0.22 −36.40 −5.40 −15.00 −15.70
Audio Flamingo 3 Cross-Deactivation Avg. – −36.80 −1.87 −0.15 1.10

Self–Cross Gap – 1.40 −3.52 −14.85 −16.80

Table 6: Deactivation results on MELD.

LALM Acc.∆ RND LAP LAPE MAD ConAct

Self-Deactivation 0.41 −8.96 1.52 −9.48 −7.40
Qwen2.5-Omni-7B Cross-Deactivation Avg. – −8.29 −0.81 −0.65 0.43

Self–Cross Gap – −0.67 2.33 −8.83 −7.83

Self-Deactivation −0.30 0.12 0.56 −12.40 −11.24
Kimi-Audio Cross-Deactivation Avg. – −1.04 −0.63 −0.24 1.10

Self–Cross Gap – 1.16 1.19 −12.16 −12.34

Self-Deactivation 0.14 −34.56 −7.96 −15.92 −14.48
Audio Flamingo 3 Cross-Deactivation Avg. – −35.04 −2.91 −3.85 0.64

Self–Cross Gap – 0.48 −5.05 −12.07 −15.12

Table 7: Deactivation results on MSP-PODCAST

.
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C.2 Dataset-Specific Targeted Steering Results

LALM Acc.∆ RND LAP LAPE MAD ConAct

Self-Steering −0.54 −0.20 −0.90 0.90 2.20
Qwen2.5-Omni-7B Cross-Steering Avg. – −0.50 −1.05 −0.08 −0.90

Self–Cross Gap – 0.30 0.15 0.98 3.10

Self-Steering −0.38 −1.50 −0.10 2.10 2.10
Kimi-Audio Cross-Steering Avg. – −1.10 0.50 −0.90 −1.23

Self–Cross Gap – −0.40 0.40 3.00 3.32

Self-Steering 0.02 −0.50 1.30 2.90 3.10
Audio Flamingo 3 Cross-Steering Avg. – 0.00 −0.65 −0.68 −0.53

Self–Cross Gap – −0.50 1.95 3.58 3.63

Table 8: Targeted steering results on IEMOCAP.

LALM Acc.∆ RND LAP LAPE MAD ConAct

Self-Steering 0.60 0.40 −0.10 4.30 4.70
Qwen2.5-Omni-7B Cross-Steering Avg. – 0.30 0.57 −0.05 −0.45

Self–Cross Gap – 0.10 −0.67 4.35 5.15

Self-Steering −0.28 −1.00 −0.60 2.10 1.40
Kimi-Audio Cross-Steering Avg. – −1.05 −0.15 −0.35 −0.62

Self–Cross Gap – 0.05 −0.45 2.45 2.02

Self-Steering −0.36 −0.20 −0.20 2.10 3.00
Audio Flamingo 3 Cross-Steering Avg. – −0.30 −0.60 −0.57 −1.00

Self–Cross Gap – 0.10 −0.40 2.67 4.00

Table 9: Targeted steering results on MELD.

LALM Acc.∆ RND LAP LAPE MAD ConAct

Self-Steering −0.04 0.16 2.08 2.24 1.28
Qwen2.5-Omni-7B Cross-Steering Avg. – 0.19 0.35 −0.62 −0.46

Self–Cross Gap – −0.03 1.73 2.86 1.74

Self-Steering 0.10 −0.48 −0.44 2.56 2.32
Kimi-Audio Cross-Steering Avg. – −0.19 −0.09 −0.72 0.68

Self–Cross Gap – −0.29 −0.35 3.28 3.00

Self-Steering −0.27 0.16 2.08 3.92 3.96
Audio Flamingo 3 Cross-Steering Avg. – 0.19 0.35 0.17 −0.63

Self–Cross Gap – −0.03 1.73 3.75 4.59

Table 10: Targeted steering results on MSP-PODCAST.
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