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Abstract

Speech-generative large audio-language mod-
els (LALMs) can produce expressive speech,
yet reliable emotion control remains elusive:
conversions often miss the target affect and
may degrade linguistic fidelity through refusals,
hallucinations, or paraphrase. We present, to
our knowledge, one of the first neuron-level
studies of emotional voice conversion (EVC)
in LALMs and provide intervention-based ev-
idence that compact sets of emotion-sensitive
neuron (ESN) are functionally involved in, and
can be exploited for, steering expressive speech
generation at inference time. ESNs are identi-
fied via success-filtered activation aggregation
enforcing both emotion realization and content
preservation. Across three LALMs (Qwen2.5-
Omni-7B, MiniCPM-o 4.5, Kimi-Audio), ESN
interventions yield emotion-specific gains that
generalize to unseen speakers. Controllability
depends on selector design, mask sparsity, fil-
tering, and intervention strength. Our results
provide an intervention-based framework for
training-free emotion control in LALMs for
EVC.!

1 Introduction

Emotion is a core dimension of spoken communica-
tion: beyond lexical content, prosody, pitch, inten-
sity, and speaking rate convey affect and shape per-
ceived intent (Wani et al., 2021). Recent LALMs
that jointly process speech and text (Wang et al.,
2023; Défossez et al., 2024) enable expressive
speech generation from natural-language instruc-
tions, opening new possibilities for conversational
agents and speech editing. In practice, however, re-
liable emotion control remains challenging (Wang
et al., 2025; Yang et al., 2025b): the same prompt
may produce unintended affect, and even when the
target emotion is realized, linguistic fidelity can
degrade. Unlike conventional acoustic distortions

!Code is available at https://github.com/xiutian/
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Figure 1: We investigate whether interventions on
emotion-sensitive neurons in LALMs yield controllable
emotion shifts without compromising content fidelity.

that reduce intelligibility while preserving mean-
ing, LALMs may also alter the underlying message
through refusals, uncontrolled paraphrasing, and
semantic hallucinations (Huang et al., 2025).

Emotional voice conversion (EVC) aims to mod-
ify the emotional style of a speech signal while
preserving its linguistic content (Triantafyllopou-
los et al., 2023; Yang et al., 2022). As illustrated in
Figure 1, EVC is inherently multi-objective: suc-
cessful conversion requires both target-emotion re-
alization and linguistic content preservation. For
speech-generative LALMs, this raises a natural
question: are emotion-related control signals lo-
calized and accessible enough to support inference-
time steering in generating expressive speech?

In large language model (LLM) research,
training-free control through activation manipula-
tion has emerged as an alternative to retraining
(Turner et al., 2024). Recent work has begun identi-
fying emotion-sensitive neurons (ESNs) in LALMs
(Zhao et al., 2026b,c). However, we still lack an
intervention-based understanding of whether com-
pact neuron subsets contribute to emotional expres-
siveness during speech generation and can be ma-
nipulated for controllable EVC.

This paper investigates emotion control in
speech-generative LALMs from a neuron-level per-
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spective, focusing on instruction-following EVC.
We hypothesize that compact ESNs exist in speech-
generative LALMs and causally contribute to emo-
tional expressiveness during generation. We center
the study around the following research questions:

1. Existence. Do generation-related ESNs exist in
LALMs, and does intervening on them causally
affect EVC outcomes? If so, do these effects
primarily alter emotional expressiveness or lin-
guistic content?

2. Identification. Which neuron selection criteria
most effectively isolate ESNs for EVC, and how
do mask sparsity and identification data size
influence results?

3. Inference-Time Controllability. How do inter-
vention type and strength affect emotion control
and content preservation in EVC?

4. Localization. Where do ESNs concentrate
across modules and across layers in LALMs,
and what does this imply for controllable EVC?

To answer these questions, we adopt an
activation-based log-filter-intervention pipeline.
Using the Emotional Speech Database (ESD)
(Zhou et al., 2022), we evaluate three open speech-
generative LALMs: Qwen2.5-Omni-7B (Xu et al.,
2025a), MiniCPM-o 4.5 (Yao et al., 2024), and
Kimi-Audio (KimiTeam, 2025). Despite a modest
baseline, neuron-level intervention produces con-
sistent and interpretable effects. Compact ESN
masks induce structured self—cross patterns rather
than arbitrary degradation, indicating that they
functionally influence emotional rendering.

Contributions. This paper presents a systematic
neuron-level study of emotion control in speech-
generative LALMs under an EVC setting. We show
that compact ESN masks support training-free emo-
tion steering through inference-time intervention,
providing evidence beyond passive correlation that
is reflected in both automatic evaluation and human
listening. We further analyze the effects of selector
design, mask sparsity, identification quality, and
intervention strength, finding that moderate steer-
ing best balances target-emotion gain and content
preservation, whereas overly strong interventions
degrade linguistic fidelity. Finally, identified ESNs
concentrate in intermediate-to-late decoder MLP
layers on the language-model (LM) side, analogous
interventions in the downstream synthesis module

are largely ineffective, and the control effects ex-
tend beyond the identification split.

2 Related Work

Affective speech synthesis and conversion study
speech generation and transformation under par-
alinguistic affect control, most prominently emo-
tion (Triantafyllopoulos et al., 2023). Emotional
speech synthesis typically relies on explicit style or
emotion representations (Skerry-Ryan et al., 2018;
Wang et al., 2018), with later extensions incorporat-
ing semi- or weak supervision (Wu et al., 2019;
Liu et al., 2021; Lei et al., 2022; Zhang et al.,
2023). Other work explores continuous affect con-
trol (Lorenzo-Trueba et al., 2018; Lei et al., 2021;
Schnell and Garner, 2021; Cho et al., 2024), while
recent approaches investigate token- or activation-
level steering for expressive TTS (Xie et al., 2025;
Zhou et al., 2026; Wang et al., 2026b). EVC studies
emotion transfer across speaking styles, including
adversarial, diffusion-based, and representation-
factorized approaches (Cao et al., 2020; He et al.,
2021; Zhou et al., 2021; Fu et al., 2022; Prabhu
et al., 2024; Kreuk et al., 2022; Zhang et al., 2026).
Neuron-level interpretability has enabled con-
cept and style control through functional units in
LLMs (Yu and Ananiadou, 2024; Rimsky et al.,
2024; Lai et al., 2024; Da Silva et al., 2025), with
growing interest in multimodal foundation models
(Fang et al., 2024; Huo et al., 2024; Yang et al.,
2025a). Recent studies further report affective cir-
cuits in text LLMs (Lee et al., 2025; Wang et al.,
2026a; Sofroniew et al., 2026); however, attempts
to identify and intervene on emotion-related func-
tional units in speech-generative LALMs remain
limited (Zhao et al., 2026¢). Unlike prior work, we
directly probe the speech-generation pathway in
speech-generative LALMs and apply training-free
neuron-level interventions for controllable EVC.

3 Methodology

We study emotion control in LALMs through
a neuron-level intervention framework for
instruction-following EVC, which presents two
key challenges: (1) diverse failure modes from LM
backbones, including hallucinations, silence, and
refusals; and (2) the inherently multi-objective
nature of EVC, which requires both emotional
style transfer and linguistic content preservation.
To address these challenges, we design a four-stage
pipeline illustrated in Figure 2.
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Figure 2: The overview of our 4-stage pipeline for identifying and manipulating emotion-sensitive neurons for EVC.

3.1 Stage 1: Activation Sampling

For each source utterance x in the identification set,
we instruct the LALM to perform EVC and gener-
ate speech with target emotion e. The instruction
prompt is fixed across conditions, and activations
are recorded from modules involved in generation.

Hooking Position. We instrument the decoder-
side feed-forward blocks (MLPs) because they of-
fer a stable, high-bandwidth location for neuron-
level interventions (Bau et al., 2019; Turner et al.,
2024). Many LALMs employ gated MLPs (e.g.,
SwiGLU variants) (Shazeer, 2020), which offer
a natural position for hooking. Concretely, let
Upt, vt € RP: be the two pre-activation streams at
layer [ and decoding step/token position ¢, and let
gt = d(us) € Rt denote the gated branch after
the nonlinearity ¢(-) (e.g., SiLU). The MLP out-
putis hy s = W, (914 © vy¢), where © is element-
wise product. We log the scalar neuron activations
an,t = [g1t|n, for neuron index n € {1, ..., D;}.
These logged values serve as the basis for our iden-
tification statistics and intervention hooks. In addi-
tion to the MLPs in the LM backbone of LALMs,
we also examine whether the synthesis MLP layers
contain ESNs, which we analyze later in §5.5.

3.2 Stage 2: Successful EVC Instance
Filtering

A key design choice is to record activations only
from conversions that plausibly satisfy EVC. As
illustrated in Figure 1, raw generations contain di-
verse failure modes, and including them in activa-
tion statistics can obscure emotion-related signals.
For each generated audio y, we therefore apply a
two-axis filter aligned with the standard decompo-
sition of voice conversion evaluation into speaking
style and linguistic content (Zhou et al., 2022).

Emotion check via external judge. We employ
automatic judge models, external to the generat-
ing LALM, to perform speech emotion recogni-
tion (SER): they predict an emotion label é(y).
We accept a generation as emotion-matched if

é(y) = Etgt.

Content preservation via transcript matching.
We use the LALM-emitted decoded text as a text-
side proxy for linguistic content preservation, com-
paring it with the source transcript of z. We
note that this proxy does not independently verify
the words actually realized in the generated wave-
form. After normalizing both texts with whisper-
normalizer, we accept a generation as content-
preserving if its word error rate (WER) is at most
0.15, its character error rate (CER) is at most 0.10,
and its sequence-similarity ratio is at least 0.85.
These thresholds are fixed across all experiments.

Success instance sets. For each target emotion
e € &, we denote the filtered success set as S,.
The size of this set is capped by a parameter c (the
set is uniformly sampled if |S.| > ¢) to balance
emotions (later analyzed in §5.2.3).

3.3 Stage 3: Identifying ESNs
3.3.1 Activation Statistics

Using only the filtered success set Se, our method
computes neuron-wise activation probabilities from
positive-activation counts. For each neuron (I, n)
and emotion e, we accumulate

K(e)<—K6)+ Z Z

(zy)esSe 1

T, + T.+ Z 21. )

(z,y)€Se 1t

I(ai;” > 0), (1)
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We then define the activation probability P(e) =

(e)
ji” Thus, P( °) measures how often neuron (I,n)

is active on successful EVC instances of target
emotion e.

Let N = Zle D; denote the total number
of neurons across all instrumented layers, and let
r € (0,1) be the selection rate. In all four meth-
ods below, we select Ny; = [N | neurons per
emotion.

3.3.2 Neuron Ranking Methods

LAP (Activation Probability) (Huben et al.,
2024; Gurnee et al., 2024; Voita et al., 2024). For
each emotion e, neurons are ranked directly by their
activation probability, i.e., LAP( °) — Pl(n), and the
top Ny are selected.

LAPE (Activation Probability Entropy) (Tang
et al., 2024; Huo et al., 2024; Namazifard and
Poech, 2025). This method applies a two-stage
procedure. First, for each neuron, activation proba-
bilities are normalized across emotions, Pl(fl) =
P/ Su B
> 151(;) log Pl(fl) is computed, where lower en-
tropy indicates stronger emotion selectivity. Neu-
rons that are globally too inactive are then removed
using a probability threshold 7, computed from a

, and an entropy score H;, =

global percentile over all P( ) values; a neuron is
kept only if it exceeds 7, for at least one emotion.
Among the remaining neurons, the lowest-entropy
Neandg = |[min(1,57)N| form a candidate pool.
Finally, for each target emotion e, the method se-
lects the top Ny neurons from this pool by PZ(Z)

MAD (Mean Activation Deviation) (Bauetal.,
2019; Dalvi et al., 2019; Jorgensen et al., 2024).
For each neuron, we first compute its mean
activation probability across emotions, -Pln =

ﬁ Do Pl(fl) For target emotion e, the score
is then the absolute deviation from this mean:
MAD]") ’P Pl,n} . Hence, this method fa-

vors neurons whose activation probability for emo-
tion e differs strongly, in either direction, from their
average behavior across emotions.

ConAct (Contrastive Activation Margin)
(Zhao et al., 2026a). For each neuron, let P(l) nd

P( ) denote its largest and second-largest activa-

tlon probabilities across emotions, respectively,

(1)

and let ¢, , be the corresponding top emotion. The

marginis A; , = Pl(:l) — Pl(i). For target emotion

e, the method ranks a neuron by this margin only
(1).

when e = ¢; | otherwise, its score is set to 0. It
then selects the top Ny neurons for each emotion.

Random baseline. As a control, we additionally
sample N = |rN | neurons uniformly at random
without replacement from all N hooked neurons,
and map them back to their layers to form a mask
with the same sparsity as the other selectors.

3.4 Stage 4: Controllable EVC via
Neuron-Level Intervention

To test whether the identified neurons are function-
ally involved in EVC behavior, we intervene on the
post-activation gate values of hooked MLPs during
generation, without modifying model weights. For
ahooked layer [, let g; ; € RP: denote the activated
gate vector at generation step ¢, and let Il(m’e) de-
note the selected neuron indices for method m and
target emotion e. Interventions are applied only
to dimensions in Il(m’e), before the elementwise
product and output projection.

Gain scaling (steering) (Turner et al., 2024). For
selected neurons, we multiply the activated gate
values by a constant gain 1+« (o > 0); we refer to
this multiplicative intervention simply as steering
throughout the paper:

o [a+a)ge, nez™,

[gl t}n - . (3)

[91.]n, otherwise.

Additive shift (Rimsky et al., 2024). As an al-
ternative intervention, we add a constant offset «
(a > 0) to the selected gate dimensions:

m,e)
)

nta, 7l
[ta]n—{[gl’t] taned )

[91.¢]n, otherwise.

Unlike steering, this shift is independent of the
neuron’s current activation.

Floor clamping (Templeton et al., 2024). We
also test a minimum-activation constraint, in which
each selected dimension is clamped from below by
a scalar threshold o (o > 0):
) max ([grln, @), n €™,
[G1,t]n = (5)
[91.t]n, otherwise.

This ensures that selected neurons remain at or
above a fixed activation floor during generation.
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Deactivation. Finally, we test necessity by zero-
ing the selected activated gate dimensions:

_ . _J0,
[ght]n B {[gl,t]nv

This removes the contribution of the selected neu-
rons while leaving the rest of the computation un-
changed.

n G Il(m’6)7

otherwise.

(6)

4 Experiment Setup

4.1 Models

As outlined, we evaluate three LALMs: Qwen2.5-
Omni-7B (Xu et al., 2025a), MiniCPM-o0 4.5 (Yao
et al., 2024), and Kimi-Audio (KimiTeam, 2025),
all of which are multimodal models with audio-
generation capability. We use three automatic emo-
tion evaluators. emotion2vec+large (Ma et al.,
2024) serves as a high-accuracy acoustic SER
judge. Qwen3-Omni-30B (Xu et al., 2025b) pro-
vides an LALM-based judge (Odoom and Koehn,
2026) and helps test whether the observed trends
are specific to conventional SER classifiers. Our
ESN masks are also identified from Qwen3-filtered
successful EVC instances. We additionally evalu-
ate with WavLM (Chen et al., 2022), a non-ESD-
exposed acoustic SER judge. Since Qwen3 thus
also serves as the identification filter, emotion2vec
and WavLM are the evaluators independent of neu-
ron selection.

On a 500-sample held-out subset of original ESD
recordings (100 per emotion), emotion2vec+large,
WavLM, and Qwen3-Omni-30B achieve 97.6%,
50.6%, and 47.4% overall SER accuracy, respec-
tively. Because emotion2vec+large may have been
exposed to ESD during its own training, we avoid
treating its absolute emotion match rates as dataset-
independent SER accuracy. Our main claims are
based on matched relative comparisons between
intervened and unintervened LALM-generated out-
puts under each evaluator, rather than on absolute
emotion-match rates or on original ESD recordings.
Key findings are further validated by human listen-
ing experiments (§5.4), including human-filtered
ESN identification (Appendix B).

4.2 Dataset

Our primary test bed is the Emotional Speech
Database (ESD) (Zhou et al., 2022), which con-
tains 20 speakers, each with 350 parallel utter-
ances per emotion across five categories (‘“neu-

tral”, “happy”, “ sad”, “surprise”). To

LT3

angry”,

avoid language-dependent confounds, we restrict
the dataset to the 10 English speakers. We further
split the data by utterance index (parallel across
emotions) to prevent lexical leakage across emo-
tions. As summarized in Table 1, we use a hy-
brid split: a 6/2/2 speaker partition, with utterance-
index splits within the seen-speaker portion. Unless
noted otherwise, all reported results are computed
on TEST-SEEN and TEST-UNSEEN. Neither test
split shares any (speaker, utterance-index) pair with
the identification or development splits, and TEST-
UNSEEN additionally contains no identification or
development speakers.

Speakers S1-S6 S7-S8 S9-S10 ‘ Total
IDENTIFICATION  001-200 (200) - - 1200
DEVELOPMENT 201-250 (50)  001-250 (250) - 800
TEST-SEEN 251-350 (100)  251-350 (100) - 800

TEST-UNSEEN - — 001-350 (350) 700

Table 1: Speaker and utterance-ID split of ESD. Ut-
terance IDs are parallel across the five emotions for each
speaker. “Seen” speakers (S1-S8) are those used during
identification or development. TEST-SEEN evaluates
generalization to unseen utterances of seen speakers,
while TEST-UNSEEN evaluates generalization to held-
out speakers.

4.3 Task Implementation and Metrics

While EVC is inherently bidirectional, we focus
on converting neutral speech to a target emotion
et €{happy, angry, sad, surprise}. For LALM-
based conversion, we use a fixed prompt containing
the input audio and target emotion instruction (Ap-
pendix A.3). We employ deterministic decoding
when available (greedy, temperature=0). All gen-
erations are resampled to 16 kHz.

We evaluate three aspects of EVC: (1) emotion
shift: emotion match rate, the fraction of samples
whose predicted emotion matches ey Automatic
SER judges are provided with (x, Z,, ) and predict
its emotion label, while human evaluation uses pair-
wise preference between baseline and intervened
outputs (§5.4). (2) content preservation: WER be-
tween the reference transcript and the decoded text
generated by the LALMs, normalized with whisper-
normalizer.” (3) naturalness: perceptual quality
estimated using UTokyo-SaruLL.ab Mean Opinion
Score (UTMOS) (Saeki et al., 2022).
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Qwen2.5-Omni-7B MiniCPM-o 4.5 Kimi-Audio

Angry 0.13/10.93/0.13  3.73/12.93/3.27 10.60/16.00/18.80
Happy 45.40/10.13/8.02 2.13/5.33/1.67 39.60/7.87/2.41
Sad 52.20/21.60/18.20 2.33/9.80/12.60 42.89/31.93/40.82
Surprise 2.67/5.07/0.00 0.07/3.47/0.00 7.13/6.67 / 0.00
Avg. 25.10/11.93/6.59 2.07/7.88/439 25.06/15.62/15.51
WER 19.00 2.95 2.82
UTMOS 4.00 4.26 3.18

Table 2: Baseline EVC performance of the three eval-
uated LALMs on ESD, before applying any neuron-
level intervention. We report the three EVC axes used
throughout the paper: target-emotion match rate in %
(emotion2vec / Qwen3 / WavLM), content preservation
(WER in %), and naturalness (UTMOS) on its 1-5 scale
(higher is better).

5 Results

5.1 Baseline EVC Performance

Before applying neuron-level intervention, we es-
tablish the unintervened EVC baseline of the eval-
uated LALMs on ESD. As shown in Table 2, base-
line emotion match rates are modest across all
three models, confirming that instruction-following
EVC remains challenging in our setting. Under
the Qwen3 judge, Kimi-Audio achieves the highest
average emotion match rate (15.62%), followed
by Qwen2.5-Omni-7B (11.93%) and MiniCPM-o
4.5 (7.88%); the ranking differs under emotion2vec
and WavLM, reflecting judge-dependent calibra-
tion.

Content preservation shows a contrasting trend:
MiniCPM-o0 4.5 and Kimi-Audio yield low WER
(2.95% and 2.82%), while Qwen2.5-Omni-7B
shows substantially higher WER (19.00%). Thus,
emotion realization and content preservation are
not aligned across models. This mismatch moti-
vates our two-axis success filtering (§3.2): ESN
identification must be based on conversions satisfy-
ing both emotion correctness and linguistic fidelity.

5.2 Sensitivity to Identification Parameters
5.2.1 Identification Methods

Building on the baseline EVC results in Table 2,
we examine which selector yields the most effec-
tive ESN masks across the three evaluation axes.
We compare the four selectors introduced in §3.3.2
under shared settings (¢c=50, r=0.5%, a=1.0). Ta-
ble 3 shows a clear ranking in emotion specificity.
For Qwen2.5-Omni-7B, ConAct and MAD pro-
duce the strongest positive self-effects and largest
self—cross separation, whereas LAP and LAPE are

2https ://pypi.org/project/whisper-normalizer/

weaker and less selective. In particular, LAPE ex-
hibits diffuse behavior in which off-target effects
can rival or exceed on-target gains. MiniCPM-o
4.5 shows changes within +0.5 pp under all se-
lectors, too small to separate them, and for Kimi-
Audio the ranking is judge-dependent: LAP yields
the largest self-effect under emotion2vec, whereas
ConAct does under Qwen3. Emotion gains of-
ten come at the cost of content preservation, espe-
cially for Qwen2.5-Omni-7B, where the largest
WER increases occur for LAPE, ConAct, and
MAD. By contrast, UTMOS remains largely stable
across settings, suggesting that interventions pri-
marily induce semantic drift rather than acoustic
degradation: outputs remain natural-sounding, but
may deviate from the instructed content. Over-
all, selector comparison reflects a trade-off be-
tween target-emotion control and unintended con-
tent changes, with ConAct achieving the best bal-
ance on Qwen2.5-Omni-7B. We therefore adopt
ConAct as the default selector in subsequent exper-
iments. Throughout, «=1.0 is used as a probing
strength that makes effects clearly visible rather
than as a recommended operating point; §5.3.2
shows that a=0.3-0.5 is preferable when content
preservation matters. We refer to this configuration
(ConAct, =50, r=0.5%, steering, a=1.0) as the
default setting.

5.2.2 Selection Rate

We next examine the selection rate r, which con-
trols mask sparsity and thus the balance between
specificity (small ) and coverage (large ).

Figure 4 suggests a largely monotonic trend
within the tested range: with r=0.1% the effect
is present but weak and sparse (consistent with
under-selection), while increasing r to a moder-
ate range, 0.3% and 0.5% (in Figure 3(d)) pro-
gressively strengthens the diagonal/self-effect and
clarifies the specificity pattern. However, when r
reaches 1.0%, off-diagonal changes become more
visible (e.g., +4.4 pp for Sad with a Happy-mask).
This behavior supports that ESNs in LALMs are
distributed rather than ultra-sparse, hence selecting
too few neurons leaves part of the relevant signal
unused. Since our sweep only extends to r=1.0%,
we interpret this monotonicity as holding within the
explored range and retain r=0.5% as a practical
default balancing compactness and effect strength.
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Table 3: Comparison of ESN selectors under steering (c=50, r=0.5%, o P R
«=1.0). For each selector, we report changes in target-emotion match rela- oSt ematien (reicton frostemetien fnatcton
tive to the unintervened baseline in Table 2, together with post-intervention (c) MAD (d) ConAct

WER and UTMOS (changes in parentheses). ConAct-H uses human-filtered
instances for identification (Appendix B). Bold marks the best value per

model and judge; for cross-effect, the value closest to zero.

Figure 3: Per-emotion emotion match rate changes by ESN selector for Qwen2.5-Omni-7B, under the setting of
Table 3 and evaluated by the Qwen3 judge (as are all heatmaps in this paper). Rows denote the applied ESN mask
emotion (emask) and columns the instructed target emotion (e ); entries are signed changes (pp) in emotion match
rate relative to the unintervened baseline. Diagonal cells are self-effects (e c=e), and each off-diagonal cell is a
single cross-effect pair (emask #eigt); the Cross-Effect Avg. column in Table 3 averages these off-diagonal cells.
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Figure 4: Sensitivity to ESN selection rate  (Qwen?2.5-
Omni-7B, ConAct, c=50, steering, a=1.0).

5.2.3 Success Set Size

We then vary the success instance size c, the max-
imum number of filtered EVC successes retained
per target emotion for activation aggregation. c
changes the amount of evidence used to estimate
the neuron statistics in §3.3.1, so it is expected to
affect the stability of ESN ranking.

To keep the number of available instances fixed
across caps, this sweep identifies ESNs from
human-filtered success instances (Appendix B).
Figure 5 shows a clear trend. With a very small cap
(c=10), self-effects are weak or absent (at most
+1.9 pp), indicating unstable ESN estimation. At
c=20, the angry and sad self-effects rise to +5.3
and +4.7 pp, but off-diagonal changes of up to
+1.9 pp also appear. At c=100, the self-effects
strengthen further (+8.3 and +7.7 pp) while all
off-diagonal changes fall below 1 pp, suggesting

10 10 10
Random- -03 05 Random- -0.3 05 +0.7 Random -03 05 +0.7 +0.1
8

Angry +19 03 04 +01 f6 Angry 09 +19 +05 |6 Angry—ns +06 +05 6
Happy- +0.0 -05 +05 -04 |4 Happy- +0.3 +0.0 +1.5 -04 4 Happy- -02 +0.0 +0.2 -07 4

g

+02 08 Sad +03 02 |447 0.4

sad. 03 —us—os 2

0
Surprise -01 03 0.4 -0.3

Applied ESN mask emotion
Applied ESN mask emotion
Applied ESN mask emotion

Suprise 401 09 01 -03 Surprise 0.3 07 +12
KRN e 2
S @

& R

’

&
&

&

«

o
&
«

&
&
5

S 0
& 5 S
& ‘?c

Target emotion (instruction)

(b) c=20

S @ &
s & &
[

Target emotion (instruction)

(a) c=10

Target emotion (instruction)

(c) c=100

Figure 5: Sensitivity to # success instance ¢ (Qwen2.5-
Omni-7B, ConAct, r=0.5%, steering, a=1.0). This
sweep uses human-filtered success instances (Ap-
pendix B), of which 100 per emotion are available, so
the cap c is binding in every panel.

that more qualified instances yield both stronger
and cleaner emotion-specific ESN sets within the
tested range. Happy and surprise remain near zero
at every cap, consistent with their weaker signals
elsewhere in the paper.

5.3 Inference-Time Intervention Design

Having established that identification parameters
can affect ESNs’ emotion control effects, we next
analyze how inference-time intervention design af-
fects the EVC outcome.

5.3.1 Intervention Methods

We compare alternative ESN interventions beyond
the steering used in our main experiments. Figure 6
shows that additive and clamping interventions
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Figure 6: Comparison of ESN intervention methods
(Qwen2.5-Omni-7B, ConAct, ¢=50, r=0.5%). As ex-
plained in §3.4, o is method-specific, so we use different
values to keep intervention strength roughly compara-
ble across methods. Deactivation is parameter-free and
hence reported without a.

can induce partial target-emotion effects, but fail
to produce consistent positive self-effects across
emotions. Deactivation provides two additional
insights. First, merely suppressing non-target-
emotion activations is insufficient to reliably in-
duce the desired expressive changes. Second, the
consistently negative diagonal under deactivation
further supports the functional relevance of ESNs:
silencing identified neurons impairs rather than im-
proves target-emotion realization, suggesting that
these neurons participate in emotion-related gener-
ation under the tested intervention setting. Based
on these results, we retain steering as the default
intervention in subsequent analyses.

5.3.2 Intervention Strength

Taking steering as a probe method, we report the
sensitivity of intervention effects to the intervention
strength « in Table 4; per-emotion heatmaps are
given in Appendix C. Within the tested range, in-
creasing « generally strengthens the intended self-
effect on emotion match, especially for the stronger
steering settings. Off-diagonal cross-effect, on the
other hand, does not monotonically expand with o
but rather fluctuates, leading to widening self—cross

gaps.

AEmotion Match vs. Base (emotion2vec / Qwen3)

« Self-Effect T Cross-Effect Avg. (— 0)  Self-Cross Gap 1 WER | (A) UTMOS 1 (A)
03 +0.78/+0.37 +0.48/-0.09 +0.30/ +0.45 19.33 (+0.33) 4.00 (0.00)
0.5  +2.00/+1.13 -0.11/-0.22 +2.117+1.36 20.67 (+1.67) 4.00 (0.00)
1.0 +4.27/+3.60 +0.34/-0.05 +3.93/+3.65 29.65 (+10.65) 3.99 (-0.01)
2.0 +8.89/+20.67 -0.14/7+0.02 +9.02/+20.64  203.65 (+184.65)  3.91 (-0.09)

Table 4: Emotion match and WER trade-off when
increasing the intervention strength (Qwen2.5-Omni-
7B, ConAct, c=50, r=0.5%, steering). Bold marks the
best value per column and judge; for cross-effect, the
value closest to zero. WER can exceed 100% because
insertions from long hallucinated or repetitive outputs
count as errors.

The largest o further highlights the trade-off
with content preservation: «a=2.0 yields the
strongest emotion match gains and self—cross gap,
but catastrophically harms content preservation and
lowers naturalness. In contrast, moderate steer-
ing (a=0.3-0.5) keeps WER near the baseline and
leaves UTMOS unchanged, while still providing
measurable improvements in target emotion match.

5.4 Human Evaluation

To complement automatic SER evaluation, we con-
duct a human listening study under the default set-
ting (Figure 3(d)). In each trial, participants lis-
ten to a pair of speech samples and select the clip
that better matches a target emotion, with an addi-
tional “indecisive” option. Each pair compares a
baseline output against its ESN-intervened coun-
terpart generated from the same source speech and
instruction. We collect responses from 20 English-
proficient participants on a shared set of 100 pairs
(25 per emotion), sampled uniformly at random
from the parallel baseline/intervened generations
on the test split. The A/B order within each pair
and the order of pairs are randomized, clips are
volume-normalized, and raters are blind to the con-
dition. As shown in Figure 7, listeners prefer the
intervened system across all emotions, with aver-
age win/tie/loss rates of 62%/11%/27%. Gains are
strongest for happy (69% win) and remain favor-
able for sad, surprise, and angry, supporting that
ESN steering produces perceptible emotion shifts.

Angry 14%

- - I
Sad 64% 29% Tie
Surprise

m|oss

ave. TR 1+ BT

0% 20% 40% 60% 80% 100%

Figure 7: Human listening evaluation under the de-
fault setting. Win/Tie/Loss rates comparing the in-
tervened system (Qwen2.5-Omni-7B, ConAct, ¢=50,
r=0.5%, steering, a=1.0) against the unintervened
baseline. 20 participants.

5.5 Localization of ESNs

We also examine whether ESNs reside in down-
stream synthesis modules; this analysis is restricted
to Qwen2.5-Omni-7B, whose speech synthesis
module (the Talker) is a separate autoregressive
decoder with its own MLP layers. As shown in Ta-
ble 5, applying the same identification-intervention
pipeline to the Talker MLPs largely removes the
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positive self-effects observed in decoder-side LM
backbone MLPs. Across selectors, self—cross gaps
become near-zero or negative under both SER
judges, indicating that synthesis-side interventions
are mostly inert rather than emotion-specific. Note
that WER is computed on the text emitted by
the LM backbone (Thinker), which Talker inter-
ventions cannot change; the WER and UTMOS
columns of Table 5 are therefore reported for com-
pleteness only, and this conclusion rests on the
emotion columns. These results suggest that the
most actionable ESNs reside in LM decoder MLPs
rather than downstream synthesis modules, mak-
ing LM-side feed-forward blocks a more effective
target for controllable affect steering. We further
provide a layer-wise distribution analysis of ESNs
in Appendix D.

AEmotion Match vs. Base (emotion2vec / Qwen3)
Selector ~ Self-Effect t  Cross-Effect Avg. (— 0) Self-Cross Gap T WER | (A)

Random  +0.52/+0.02 - - 19.21 (+0.21)
LAP +0.32/-0.08 +0.12/+0.23 +0.20/-0.32 19.00 (0.00)
LAPE -0.87/-0.22 -0.13/7-0.27 -0.73 7 +0.06 19.00 (0.00)
MAD -0.68 / +0.08 +0.51/+0.13 -1.197-0.04 19.00 (0.00)
ConAct +0.45/-0.19 -0.33/-0.22 19.19 (+0.19)

UTMOS 1 (A)

4.01 (+0.01)
3.96 (-0.04)
4.01 (+0.01)
4.00 (0.00)
3.99 (-0.01)

+0.12/-0.42

Table 5: Steering in the speech synthesis module
(Talker) of Qwen2.5-Omni-7B. Results obtained by ap-
plying the same settings (c=50, r=0.5%, a=1.0) as in
Table 3, but with ESNs identified in, and interventions
applied to, the synthesis-module MLP layers. Bold as
in Table 3.

5.6 Do Intervention Effects Generalize to
Unseen Speakers?

Angry
—_———————
C
o
S
© Happy
1S —
w
-
“EJ, Sad
® i Seen (51-58)
Surprise Unseen (S9-510)

-0.02 0.00 0.02 0.04 0.06 0.08 0.10
A Emotion Match

Figure 8: Intervention effect on seen and unseen
speakers. Changes in emotion match rate (as a fraction;
0.02 corresponds to 2 pp) under intervention (Qwen2.5-
Omni-7B, ConAct, ¢=50, r=0.5%, steering, a=1.0)
relative to the unintervened baseline, evaluated by the
Qwen3 judge, for seen speakers (TEST-SEEN) and un-
seen speakers (TEST-UNSEEN), with 95% CI.

Finally, we evaluate whether ESN-based control
generalizes beyond speakers used during neuron
identification. Figure 8 shows that the intervention
effect partially transfers to unseen speakers, with

strongly emotion-dependent reliability. Angry is
the only emotion whose gain is clearly positive on
both splits, indicating a relatively speaker-robust
signal. Sad is clearly positive on seen speakers
but drops on unseen speakers, where its interval in-
cludes zero, suggesting partial speaker-specificity.
Surprise remains positive in point estimate on both
splits, but its intervals include zero. Happy shows
no reliable gain on either split. A practical implica-
tion is that speaker-robust ESN control is feasible,
but likely benefits from more diverse identification
data.

6 Conclusion

We presented a systematic neuron-level study of
emotion control in speech-generative LALMs for
emotional voice conversion. Our results show that
compact ESNs are interventionally actionable and
support inference-time emotion steering for the
evaluated models. Meaningful ESN identification
requires success-filtered activation aggregation that
satisfy the multi-objective nature of EVC, while
contrastive-margin- and mean-deviation-based se-
lectors yield the most emotion-specific control. We
further identify a trade-off between emotion real-
ization and content preservation: moderate inter-
ventions improve target-emotion match, whereas
stronger steering increases WER through semantic
drift despite stable naturalness. Identified ESNs
concentrate in intermediate-to-late decoder MLP
layers of the LM backbone, and interventions in
the downstream synthesis module remain largely
ineffective. Together, these findings provide an
intervention-based analysis framework for training-
free emotion control and suggest broader potential
for inference-time manipulation of paralinguistic
attributes in speech-generative systems.

Limitations

A limitation of our evaluation is that emo-
tion2vec+large, one of our automatic SER judges,
may have been exposed to ESD during its own
training. Therefore, although it provides a strong
acoustic emotion recognition signal, its absolute
emotion match rates in ESD-related experiments
should be interpreted with caution. To reduce de-
pendence on a potentially overlapping evaluator,
we additionally use WavLM, an acoustic SER judge
not exposed to ESD, and Qwen3-Omni-30B, an
LALM-based judge. These two evaluators have
lower accuracy on original ESD recordings than
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emotion2vec+large, and are therefore noisier, but
they provide complementary validation signals.
This possible evaluator overlap does not change
our central conclusions. All intervention results are
computed on LALM-generated speech rather than
on original emotional ESD recordings, and we do
not train or fine-tune the evaluated LALMs. Our
claims rely primarily on matched relative compar-
isons between intervened and unintervened gener-
ations under identical source utterances, prompts,
target emotions, and evaluation protocols, and the
main patterns are further supported by human lis-
tening and human-filtered ESN identification.

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 Computational Resources

All experiments were conducted on a shared GPU
cluster using NVIDIA A100 and H100 GPUs, with
access to up to 8 GPUs of each type. The total GPU
consumption, including pilot studies, failed runs,
and debugging, was approximately 1846 A100-
hours and 1146 H100-hours. The main compu-
tational cost came from activation logging and
inference-time intervention experiments for the
three evaluated LALMs under different ESN identi-
fication methods, selection rates, success-set sizes,
intervention strategies, and intervention strengths.
Activation logging required additional storage and
memory because decoder-side MLP activations
were recorded during speech generation for sub-
sequent neuron selection. Depending on model
size and generation configuration, each LALM re-
quired approximately 40-80 GB of GPU memory.
Reproducing only the final reported experiments
is estimated to require approximately 1200 A100-
hours.
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A.2 Datasets and Models

Models Sources

Evaluated LALMs

Qwen2.5-Omni-7B  https://huggingface.co/Qwen/Qwen2.5-0mni-78

MiniCPM-o 4.5 https://huggingface.co/openbmb/MiniCPM-0-4_5

Kimi-Audio https://huggingface.co/moonshotai/Kimi-Audio-7B-Instruct

SER judges

emotion2vec+large https://huggingface.co/emotion2vec/emotion2vec_plus_large
Qwen3-Omni-30B  https://huggingface.co/Qwen/Qwen3-0mni-30B-A3B-Instruct

WavLM https://huggingface.co/310i/SER-0dyssey-Baseline-WavLM-Categorical

Table 6: Public sources of the employed models. The
WavLM (Chen et al., 2022) evaluator adapts the base-
line categorical system of the Odyssey 2024 SER Chal-
lenge (Goncalves et al., 2024) and is fine-tuned on MSP-
Podcast (Busso et al., 2026) rather than ESD.

A.3 Prompt Templates

Listing 1: Prompt template used for EVC generation.

B.1 Emotion-Preference Evaluation

For the human emotion-preference evaluation, par-
ticipants were given the following instructions.

Listing 2: Emotion Match Preference Test

Repeat the audio word-for-word exactly.

Speak with {target_emotion} emotion.

Do not add or remove any words. Output speech
only.

B Human Listener Participation

Demographics

Total Participants 20
Age [21, 32]
Sex (Female / Male) 7/13
English Proficiency  Proficient
Hearing Status Normal

Table 7: The demographic information of the listening
test participants.

In the human listening test, all participants took
part voluntarily and provided informed consent
before the annotation. Participants were English-
proficient listeners. We conducted two human-
supervision procedures: an emotion-preference
test, used for the pairwise evaluation in §5.4, and
a separate success-filtering annotation used for
ConAct-H ESN identification. In the emotion-
preference test, participants judged only which
sample better matched the target emotion, as speci-
fied in Listing 2. In the success-filtering annotation,
participants judged whether a generated sample
both matched the target emotion and preserved the
source linguistic content. The resulting human-
filtered successful instances were then used to iden-
tify ESNs, following the same activation aggre-
gation and ConAct selection procedure as in the
automatic-filtering setting.

Task:

You will be shown a target emotion and will
listen to two speech clips, Sample A and
Sample B.

Please listen to both clips and select the one
that better matches the target emotion.
Focus on the emotional expressiveness of the
speech. You do not need to judge whether
the linguistic content is correct.

Response options:

- Enter A if Sample A better matches the target
emotion.

- Enter B if Sample B better matches the target
emotion.

- Enter N if there is no clear difference
between the two samples, or if neither
sample better matches the target emotion.

Notes:

- Some clips may take a few seconds to load. If
you do not hear anything immediately after
clicking, please wait briefly and then try
again.

- After completing the task, please return
either the completed annotation file or a
text file containing your responses in the
provided template.

B.2 Human-Supervised ESN Identification

Emotion Jaccard Direct Match  JSD
Angry 0.217 35.71% 0.009
Happy 0.075 13.95% 0.040
Sad 0.109 19.57% 0.010
Surprise  0.071 13.27% 0.025
Average  0.118 20.63% 0.021

Table 8: Similarity between ESNs identified from
human- vs. SER-filtered instances. Jaccard overlap is
|AN B|/|AU B| and direct match rate is |A N B|/|A|,
where A and B are the human- and SER-filtered ESN
sets; the Jensen—Shannon divergence (JSD, base 2) is
computed between the two sets’ layer-wise neuron-
count distributions.

To assess the consistency between automatic and
human supervision during ESN identification, we
further compare neuron sets obtained from SER-
filtered versus human-filtered success instances. Ta-
ble 8 shows that overlap at the neuron level is par-
tial, indicating that the two filtering strategies select
different specific units. However, the layer-wise
distributions between the two are highly similar
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(average JSD 0.021), suggesting that both super-
vision signals concentrate ESNs in similar MLP
layers. Agreement is strongest for angry (Jaccard
0.217, JSD 0.009), whereas happy and surprise ex-
hibit lower overlap, consistent with their weaker or
more ambiguous emotion signals.

The ConAct-H row in Table 3 replaces SER-
filtered successes with human-judged ones for
ESN identification, and yields the same qualita-
tive behavior: positive self-effects with limited
cross-emotion spillover. Compared to ConAct,
ConAct-H slightly reduces self-effect and self-
cross gap, but also substantially lowers AWER,
suggesting that human supervision preferentially
retains content-faithful successes and produces a
more conservative yet robust ESN set for control-
lable EVC.

C Intervention Strength Heatmaps
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Figure 9: Sensitivity to intervention strength o
(Qwen2.5-Omni-7B, ConAct, ¢=50, r=0.5%, steering).
The a=1.0 heatmap is Figure 3(d).

Figure 9 shows the per-emotion emotion match
changes underlying Table 4. Increasing « strength-
ens the diagonal self-effects, most visibly for angry
and sad, while off-diagonal changes fluctuate with-
out a consistent monotonic trend.

D Layer-Wise Distribution of ESNs

We visualize the concentrations of the ESNs across
the MLP layers in Figure 10, which shows that
ESNs are not uniformly distributed.  Across
all three LALMs, they concentrate primarily in
intermediate-to-late layers of the language-model
decoder, with relatively few units selected in the
earliest layers. For Qwen2.5-Omni-7B, ESNs clus-
ter most strongly in approximately layers 11-15,
with pronounced peaks for happy and surprise.
MiniCPM-o 4.5 exhibits a more diffuse distribu-
tion but still places greater mass in the latter half
of the decoder. Kimi-Audio shows the strongest
late-layer concentration, particularly in layers 19—
22, with marked peaks for happy and angry in layer
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Figure 10: Layer-wise distribution of ConAct-
identified ESNs across three LALMs (r=0.5%).
Heatmaps show the number of selected ESNs per de-
coder layer and target emotion. Qwen2.5-Omni-7B and
Kimi-Audio use 28-layer decoders, while MiniCPM-o
4.5 uses a 36-layer decoder. Values indicate where se-
lected neurons are concentrated, not intervention effect
size.

26. This consistent pattern suggests that, in the
tested models, emotion-relevant control signals are
more prominently captured in intermediate-to-late
language-model layers than in earlier layers.

E License

All datasets and pre-trained models used in this
work are publicly available and were used in ac-
cordance with their respective licenses, terms of
use, and intended research purposes. The code files
are released for academic research use. Users of
the artifacts are responsible for complying with
the licenses and usage restrictions of the underly-
ing datasets, model checkpoints, and third-party
evaluation tools.

F Generative Al Use Disclosure

Generative Al tools were employed solely for lan-
guage polishing of text written by the authors.
These tools were not used to generate scientific
content, results, experimental designs, analyses, or
conclusions.
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