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Abstract

Accurate comprehension and controllable gen-
eration of emotion and rhetoric are pivotal for
enhancing the reasoning capabilities of large
language models (LLMs). Existing studies
mostly rely on external optimizations, lack-
ing in-depth exploration of internal representa-
tion mechanisms, thus failing to achieve fine-
grained steering at the neuron level. A hand-
ful of works on neurons are confined to emo-
tions, neglecting rhetoric neurons and their in-
trinsic connections. Traditional neuron mask-
ing also exhibits counterintuitive phenomena,
making reliable verification of neuron function-
ality infeasible. To address these issues, we
systematically investigate the neurons represen-
tation mechanisms and inherent associations
of 6 emotion categories and 4 core rhetorical
devices. We propose a neuron identification
framework that integrates multi-dimensional
screening, and design an adaptive masking
method incorporating dynamic filtering, atten-
uation masking, and feedback optimization,
enabling reliable causal validation of neuron
functionality. Through neuron regulation, we
achieve directed induction of non-target sen-
tences and enhancement of emotion tasks via
rhetoric neurons. Experiments on 5 commonly
used datasets validate the effectiveness of our
method, providing a novel paradigm for the
fine-grained steering of emotion and rhetoric
expressions in LLMs.

1 Introduction

Emotion and rhetoric are fundamental components
of human communication (Konstan, 2007; Fussell
and Moss, 2014; Zheng et al., 2025¢,d). Emotions
convey speakers’ subjective attitudes and affective
states, while rhetorical devices shape how mean-
ings are intensified, softened, or implied. As large
language models (LLMs) are increasingly deployed
in intelligent dialogue (Ou et al., 2024; Xu et al.,
2024; Zheng et al., 2025b), creative writing (Wu
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Figure 1: Emotion recognition accuracy comparison
on DailyDialogue (Li et al., 2017): external optimiza-
tion vs. emotion and rhetoric neurons steering. “Exter-
nal” denotes prompt engineering or fine-tuning. “Emo-
tion” indicates the injection of emotion neurons. “Emo-
tion+Rhetoric” denotes the injection of emotion neurons
augmented with rhetoric neurons.

et al., 2025; Zhong et al., 2024), and customer
service (Su et al., 2025; Li et al., 2025), robust
understanding and controllable expression of emo-
tion and rhetoric become essential for improving
user experience, safety, and reliability in real-world
interactions (Hu et al., 2017).

As illustrated in Figure 1, most existing ap-
proaches improve emotion- and rhetoric-related
performance primarily through external optimiza-
tion, such as prompt engineering (Brown et al.,
2020; Zheng et al., 2024) or fine-tuning (Liu et al.,
2024). While effective at the output level, these
methods provide limited causal insight into the
internal representations that support emotion and
rhetoric, and they often offer weak fine-grained
controllability over specific affective or rhetorical
attributes. Meanwhile, recent interpretability stud-
ies have started to investigate emotion-selective
neurons (Lee et al., 2025; Di Palma et al., 2025);
however, two key gaps remain. On the one hand,
the internal mechanisms of rhetorical representa-
tions, and more importantly, the relationship be-
tween emotion and rhetoric inside LLMs, are still
underexplored, leaving unclear whether and how
rhetorical signals modulate emotional representa-

4206

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 4206-4216

July 2-7, 2026 ©2026 Association for Computational Linguistics



tions. On the other hand, widely used neuron-level
function verification practices (e.g., forced-zero ab-
lation or mean substitution) can behave unreliably
on these tasks: masking neurons that appear highly
related to a target label does not necessarily lead
to the expected performance degradation, and can
even yield counterintuitive changes. This raises a
practical challenge: without a reliable intervention
scheme, it is difficult to make trustworthy causal
claims about neuron functionality, let alone use
such neurons for controllable manipulation.

Motivated by these gaps, we systematically
study neuron-level representations of emotion and
rhetoric, as well as their interactions, covering 6
emotion categories (happiness (hap), sadness (sad),
anger (ang), fear (fea), surprise (sup), and disgust
(dig)) and 4 rhetorical devices (metaphor (met), hy-
perbole (hpy), humor (hum), and sarcasm (sar)).
Specifically, we ask:

Can we reliably localize neurons that are selective to
specific emotion and rhetoric labels, verify their causal
roles through stable masking interventions, and leverage
them for controllable steering, including probing potential
emotion—rhetoric interactions?

To answer this question, we develop a neuron-
level analysis and intervention framework. First,
we identify candidate emotion and rhetoric neu-
rons by combining activation frequency statistics,
probability normalization, and entropy-based se-
lectivity filtering, and we characterize their layer-
wise distributions. Second, to address the insta-
bility and counterintuitive behaviors of traditional
masking, we propose an adaptive masking strategy
that integrates dynamic neuron selection, attention-
based masking, and feedback-driven adjustment.
This design aims to produce a consistent decline
in task performance when masking truly relevant
neurons, improving the reliability of causal verifi-
cation. Third, we demonstrate controllable ma-
nipulation by intervening on the identified neu-
ron sets to steer predictions from non-target to tar-
get emotion/rhetoric categories. Furthermore, we
study cross-signal interactions by injecting rhetoric-
neuron signals into emotion recognition, testing
whether rhetorical representations can assist emo-
tional discrimination.

We conduct extensive experiments on five widely
used emotion and rhetoric datasets, namely Daily-
Dialogue (Li et al., 2017), HYPO (Troiano et al.,
2018), TroFi (Birke and Sarkar, 2006), IAC-v2
(Oraby et al., 2016), and ColBERT (Annamorad-

nejad and Zoghi, 2024), from which we derive the
following insights. @ Emotion and rhetoric neu-
rons tend to exhibit stronger activation in upper
layers. @ Rhetoric-neuron activations can improve
the separability of emotional features, benefiting
emotion recognition. @ The proposed adaptive
masking yields a stable performance decline after
masking, enabling more reliable function verifica-
tion than standard ablation/substitution baselines.
@ By manipulating the identified neurons, predic-
tions for non-target emotion/rhetoric inputs can be
directionally induced toward target categories.
Our main contributions are as follows:

* We conduct the first systematic investigation
into the foundations of rhetoric neurons and
confirm the auxiliary role of rhetoric in emo-
tion recognition.

* We propose an adaptive neuron masking
method that enables reliable causal verifica-
tion of neuron functions.

* We achieve controllable manipulation of emo-
tion and rhetoric neurons, offering a novel
pathway for the fine-grained steering of emo-
tional and rhetorical expressions in LLMs.

2 Observation and Key Intuition

Most existing approaches improve emotion- and
rhetoric-related performance primarily via output-
level optimization (e.g., prompting or fine-tuning),
which provides limited neuron-level causal evi-
dence and offers weak fine-grained controllability.
Moreover, when we attempt to verify neuron func-
tionality using standard masking interventions (e.g.,
forced-zero or mean substitution), we observe coun-
terintuitive behaviors on emotion and rhetoric tasks
(Figure 2), making causal verification unreliable
in this setting. Motivated by these observations,
we develop an intervention-centric framework that
localizes label-selective neurons and employs more
stable masking and activation-based interventions
for verification and steering.

2.1 Observation on Existing Limitations

Limited neuron-level insight and steering.
Output-level optimization methods (e.g., prompt
engineering and fine-tuning) are effective for im-
proving task performance, but they do not directly
provide causal evidence about which internal repre-
sentations are responsible for emotion and rhetoric
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Figure 2: Observation. Performance changes of emo-
tion and rhetoric tasks under traditional target neuron
masking methods.

predictions, nor do they enable targeted neuron-
level steering. In addition, the potential interaction
between emotion and rhetoric representations in-
side LLMs is underexplored, limiting opportuni-
ties to leverage rhetorical cues to assist emotion
recognition and to build more controllable systems.
Existing methods (Kim et al., 2025; Yang et al.,
2025b) fail to recognize this core mechanism, and
only optimize the model output through surface-
level text features, resulting in two major problems.
One is the lack of controllability and synergism.
Precise modulation of emotional or rhetorical ex-
pressions cannot be achieved, and the failure to ex-
plore the correlation between emotion and rhetoric
results in the absence of rhetorical cues for emo-
tional recognition tasks. The other is insufficient in-
terpretability, such that performance improvements
cannot be traced back to the causal mechanism of
neuronal functioning.

Unreliable verification under standard mask-
ing. Masking-based methods aim to identify task-
relevant hidden features by intervening on internal
representations (Feng et al., 2024), yet standard in-
terventions can behave counterintuitively on emo-
tion and rhetoric tasks. As shown in Figure 2, forc-
ing selected neurons to zero or substituting them
with a mean value does not consistently reduce ac-
curacy and can even increase it. We hypothesize
that such behaviors are consistent with redundancy
or redistribution effects (e.g., alternative pathways
becoming more dominant under hard ablation), and
that mean substitution may leave residual informa-
tion that still supports inference. These observa-
tions motivate a more stable intervention scheme
for function verification.

2.2 Key Intuition of Our Method

Manipulation of internal neurons. The emotion
and rhetoric neurons exhibit functional specificity

and activation stability. Specific neurons only re-
spond strongly to a certain type of emotion or
rhetoric, and this response pattern remains consis-
tent across different scenarios. More importantly,
a synergistic activation effect exists between the
two neurons. The activation of rhetoric neurons
will significantly enhance the response intensity
of the corresponding emotion neurons, providing
a basis for the associated regulation of emotion
and rhetoric. As illustrated in Figure 1, the perfor-
mance of relying solely on external optimization
is significantly weaker than that of directly regulat-
ing neurons. Notably, co-regulating emotion and
rhetoric neurons yields superior task performance.
Adaptive masking methods. The counterintuitive
phenomenon observed in traditional masking meth-
ods stems essentially from a mismatch between
the masking strategies and the functional charac-
teristics of neurons. Thus, the key to successful
masking lies in identifying genuinely core neurons
via activation discrepancy screening, followed by
intervening in their functions through attenuation
masking instead of complete ablation. Attenuation
masking not only avoids triggering the model’s
functional compensation mechanism but also pre-
cisely weakens the representational capacity of tar-
get neurons, leading to a steady decline in task
accuracy and enabling reliable validation of their
functions.

Takeaway. We provide a systematic study of rhetoric-
selective neurons and their interaction with emotion-
selective neurons. We further propose an adaptive,
attenuation-based masking scheme that yields more stable
verification behavior than standard masking baselines, and
demonstrate neuron-level steering of emotion and rhetoric
predictions via activation interventions.

3 Methodology

As illustrated in Figure 3, our framework adopts
the Llama-3.1-8B-Instruct as the research vehicle.
This model is built on a Transformer decoder archi-
tecture, comprising 32 Transformer blocks where
each block consists of a multi-head self-attention
(MHA) module and a feed-forward network (FFN)
module. Existing research (Lee et al., 2025) has
confirmed that FFN layers serve as the core rep-
resentation region for semantic features, thus we
focus on the neurons within FFN layers.

3.1 Neuron Recognition

Neuron activation mechanism. After the MHA
module, the FFN layer performs additional non-

4208



B

U1:So Dick , how abo
ut getting some coffe
e for tonight ?(Lable1l:

Input Dialogue Neuron Recognition

happiness) (TI11]
U2: What ’ s wrong ? [ All Tokens
Didn ’ t you think it meavanom | T
was fun ? !(Lable2:
surprise)
U3: No , the steak K{ @
was recommended , —
but it is not very [> C E:>
fresh . (Lable3: anger) =< =t/
U4: Oh ! Sorry to hear
that . This is quite 'ﬁ' P"
unusual as we have
steak from the
market every day .
(Lable4: sadness) _,-
uUs: Any body @
piercing ? Stick out Topio,(—Hy,)
your tongue ! (Lable5: OOO Target

\ disgust) / O Neurons

| —

All Neurons

(0]@)
o000
Target Non-Target
Neurons Neurons

[ H=nrs)

00
Q00

Target Non-Target
Class Class O%Oo Mode
[ Injected o
i Neurons @
a
A:_lll '6'_
Target Test
[> Aax D [:> Samples
- [9] B
0%¢ .
Top100(D;) )5 Non-Rhetoric Rhetoric
Target Ngrons Injected
@) Neurons
I NeLIron o:o 00
ifn,>1 ve=1-a
u

Emotion Test
Samples

Feedback
Optimization

Neuron Masking

Neuron Steering

Figure 3: The overall architecture of our framework. hZ denotes the representation of the j-th neuron in the ¢-th
layer. The target class refers to a specific emotion or rhetoric category subject to manipulation.

linear transformations on token features to further
distill semantic information.

FFN/(Xmid) = g(XmidVVin)Wout (1)

where Xp,iq denotes the output features of the MHA
module, Wi, and W, represent the input and out-
put weight matrices of the FFN layer, and g(-) is
the activation function. For a neuron u within the
FFN layer, its activation condition is defined as:

2

where h,, is the output of neuron  after linear trans-
formation. Neuron u is determined to be activated
when n,, > 0.

Recognizing neurons. We first calculate the acti-
vation frequency. For each neuron n,, in the FFN
layer of each model layer, we count its activation
times when inputting sentences corresponding to a
emotion label e or rhetorical label r, denoted as fy, .
or fy . Then, we perform activation probability
normalization. Let T, (or 7;}.) be the total number
of tokens corresponding to emotion e or rhetoric 7.
The activation probability P, . or P, , is given by:

Pu,e = J;u-,:ypu,r = f;::d

ny, = max(0, hy,)

3)

Finally, we use entropy to measure the concen-
tration of this probability distribution. A lower en-
tropy indicates that the neuron’s responses are more

concentrated on specific emotions or rhetorics. The
entropy is calculated as follows:

He/r = - Z Pu7e/r log(Pu,e/T>
e/reE/R

“

where E denotes the set of 6 emotion categories,
and R denotes the set of 4 rhetorical categories. We
select the top 1% neurons with the lowest entropy
as emotion or rhetoric neurons.

3.2 Neuron Masking

Traditional masking methods. Traditional mask-
ing methods verify functionality by directly inter-
vening in neuron activation values, encompassing
two classical implementation paradigms. One is
the forced zero method, which directly resets the
activation value of the target neuron to 0, with the
formula given as follows:

®)

where n!, denotes the activation value of the neuron
after masking.

The other is the mean substitution method,
which replaces the original activation value of the
target neuron with the global mean of the activation
values of all non-target neurons in the FFN layer
where the target neuron resides.

; 1
n, = N Z Nk (6)
keQ
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where N is the total number of neurons in the FFN
layer, M is the number of target neurons, €2 repre-
sents the set of all non-target neurons in the layer,
and ny, is the original activation value of the k-th
non-target neuron in ).

Adaptive masking methods. To address the
counterintuitive phenomenon of traditional mask-
ing methods in emotion and rhetorical tasks, we
propose an adaptive masking method integrat-
ing dynamic selection and feedback optimization.
Throughout our experiments, the LLM parameters
are kept fixed; we intervene only on FFN activa-
tions. The feedback optimization (adjusting the
selection criterion and «) is performed on a held-
out development split only; test sets are used once
for final reporting without further updates.

First, we collect neuron activation patterns. We
feed the data into the model, and record the av-
erage activation value of each neuron ¢ in each
FEN layer for the two types of sentences, denoted
as A; rarger (average activation for target sentences)
and A; non-target (average activation for non-target
sentences), respectively. On this basis, we de-
fine the activation difference D; to quantify the
response specificity of neuron i:

|Az tar - A — ‘

,target i,non—target

D; = " (7
all

where A, denotes the average activation for all
sentences. A larger D; indicates that neuron % pos-
sesses a stronger ability to discriminate between
target and non-target sentences.

Subsequently, we perform core neuron selection.
By setting an activation threshold 7, we select the
top 10% of neurons ranked by D; to construct a set
S of target neurons that are significantly activated
only in target sentences, ensuring that subsequent
masking operations focus on critical neurons. Then
we perform dynamic masking by applying attenu-
ated masking to neurons in set S. The activation
value of the neuron after masking is as follows:

! 1
— ” 1_
Ny, =Ny X (1 —a X Zma) ®)

where « denotes the attenuation coefficient, which
is used to flexibly adjust the masking intensity.

To further ensure the reliability of the masking
effect, we introduce a feedback optimization mech-
anism for iterative adjustment. The first step is
accuracy monitoring. We calculate the task accu-
racy AcCCyqap after adaptive masking and conduct

a quantitative comparison with the original accu-
racy AcCorigin before masking. The second step
is dynamic parameter adjustment. If AcCydapt >
AcCorigin, We increase the core neuron selection
threshold 7 and the attenuation coefficient « to
enhance the intensity of the masking operation.

3.3 Neuron Steering

The core objective of controllable neuronal ma-
nipulation is to achieve the controllable output of
emotions and rhetorical devices by precisely regu-
lating the activation states of emotion and rhetoric
neurons. Concurrently, we investigate the intrinsic
correlation between emotion and rhetoric, and val-
idate the enhancing effect of rhetoric neurons on
emotion recognition tasks.

Rhetoric and emotion neuron steering. Based
on the identified set of core target neurons, we ex-
tract the activation values of the neurons within
this set to construct a functional vector V. =
[Msy s Msgy -y Mg, ).k denotes the number of neu-
rons in the core neuron set, and ng, represents the
original activation value of the ¢-th neuron in the
set. When a non-target-type sentence is input, we
apply activation to all neurons in the core target
neuron set within the FFEN layer of the model to
induce the model to generate a target-type output.

ng, =ns, + 0 X 7, 9

where 7/, denotes the modulated activation value
of the neuron s;, n, is the original activation value
of this neuron when a non-target sentence is input,
ns; represents the average activation value of the
neuron s; under the input scenario of target sen-
tences, and /3 is the activation intensity coefficient.
Finally, we validate the manipulation effect by
comparing the model’s classification results of non-
target sentences before and after manipulation. If
the model classifies sentences originally predicted
as the non-target category into the target category
after manipulation, it demonstrates the effective-
ness of the neuronal manipulation.
Rhetoric neurons assisted emotion recognition.
To validate the auxiliary enhancement effect of
rhetoric on emotion recognition, we take metaphor
as an example for illustration. First, we extract
metaphor-selective neurons in a given FFN layer
(width d), represented as an index set Zpen C
{1,...,d}. For each neuron index i € Zyeta, W€
record its average activation under metaphorical
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Figure 4: Distribution of emotion and rhetoric neurons.
Method Emotion Rhetoric
Happiness Sadness Anger Fear Surprise Disgust Metaphor Hyperbole Humor Sarcasm

Zero +5.46 +4.32 +7.92 +1.22 -2.85 +3.47 +3.37 +4.49 +10.67 -4.17
Mean +6.79 -1.13 +5.84 +5.37 -3.59 +5.62 +5.62 +2.25 +7.23 -5.78
Adaptive -9.25 -8.63 -10.14 -7.85 -11.42 -14.26 -7.29 -13.48 -4.28 -10.61
Cross-Dataset
Zero +3.24 +5.11 +4.39 +2.37 -3.72 +1.68 +5.64 +5.28 +9.31 -3.95
Mean +4.61 -1.18 +4.79 +5.28 -4.11 +4.65 +6.14 +3.71 +7.58 -5.73
Adaptive -7.31 -6.83 -10.25  -6.37 -12.39  -11.65 -6.79 -14.27 -5.96 -11.63

Table 1: Comparison results of different masking methods (accuracy change AACC (%)).

inputs, calculated as follows:

(10)

where a; ; denotes the activation of the i-th FFN
neuron in the ¢-th metaphor sample, and Tinetn
is the number of metaphor samples. We store
these values as a metaphor feature library Feta =
{ai,meta}ielmem .

Then, when performing the emotion recognition
task, we extract emotion-selective neurons as an-
other index set Zemo C {1, ..., d} in the same FFN
layer, and denote the activation of neuron ¢ as a;.
We fuse neuron activations by element-wise injec-
tion. The final fused activation value of the emotion
neuron is calculated as follows:

Vi € Temo, (1)

G joint = Qi + W * Gj metas

where w € [0, 1] controls the injection strength.
Note that the index ¢ refers to the same hidden unit
in the same FFN layer for both a; and @; meta-

4 Experiments

4.1 Experimental Setting

We conduct evaluations on five widely used emo-
tion and rhetoric datasets, namely DailyDialogue
(emotion) (Li et al., 2017), TroFi (metaphor) (Birke
and Sarkar, 2006), HYPO (hyperbole) (Troiano
et al., 2018), ColBERT (humor) (Annamoradnejad

and Zoghi, 2024), and IAC-v2 (sarcasm) (Oraby
et al., 2016). In terms of evaluation metrics, we
adopt Acc to assess the model’s performance.

4.2 Localization and Distribution of Emotion
and Rhetoric Neurons

In Figure 4, we visualize the layer-wise distribu-
tion of the localized emotion- and rhetoric-selective
neurons and analyze their activation patterns across
model layers. For Llama-3.1-8B, both emotion and
rhetoric neurons exhibit distinct top-layer aggrega-
tion: activation remains consistently low across the
first 25 layers, surges sharply, and peaks at the top
layers. This distribution suggests the model relies
more on top-layer semantic integration to repre-
sent and process emotions and rhetoric. In contrast,
emotion neurons in Llama-3.1-70B show dual-end
concentration, with high activation in both top and
bottom layers. This indicates that as model scale
increases, emotional representation is no longer
confined to upper-layer semantic integration, bot-
tom layers also participate in early capture and
initial processing of emotion information.

4.3 Impact of Different Masking Methods

Setting. To validate the functional relevance of
the localized target neurons, we keep the LLM pa-
rameters frozen and evaluate task accuracy under
activation-level masking interventions. We opti-
mize the adaptive masking policy (including the
core-neuron selection threshold and attenuation co-
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efficient o) on the development split of the original
dataset, and report results on the original test set
and five cross-datasets (IEMOCAP (Busso et al.,
2008), LCC (Mohler et al., 2016), HYPO-L (Zhang
and Wan, 2022), FunLines (Hossain et al., 2020),
MUStARD (Castro et al., 2019)). We compare
three masking methods: Zero masking (forced ze-
roing), Mean masking (mean substitution), and our
adaptive masking.

Analysis. Experimental results in Table 1 show
that adaptive masking consistently reduces accu-
racy on both the original test set and cross-datasets,
providing evidence that the localized neuron sets
are causally relevant to model decisions under our
intervention scheme. In contrast, Zero masking
exhibits a counterintuitive trend where accuracy in-
creases post-masking, which we conjecture stems
from functionally complementary neuron clusters
within the model. Mean masking fails to induce
notable accuracy drops in most tasks: mean substi-
tution does not truly disrupt core neurons’ specific
functional representations, leaving residual seman-
tic encoding intact and enabling the model to infer
via residual features.

4.4 Rhetoric Neurons Assisted Emotion
Recognition

We inject rhetoric neurons into emotion texts to
investigate their auxiliary enhancement on emo-
tion recognition, with results in Figure 5. Four
typical rhetorical types exert positive effects on
most emotion categories, verifying the potential
of rhetoric neurons to boost emotion recognition
performance. Metaphor neurons yield particularly
prominent improvements for fear, as metaphors
strengthen perception of emotions via concrete ex-
pressions. Hyperbole neurons exert positive effects
across all emotions, aligning with their inherent
trait of amplifying emotion intensity. Humor neu-
rons negatively impact emotions like happiness and
surprise, as humor’s playful tone dilutes their orig-
inal emotion concentration, but still benefit some
emotions (e.g., anger, fear). Sarcasm neurons most
significantly promote sadness, attributed to expres-
sive compatibility between sarcasm’s implicit criti-
cism and sadness’s restrained traits, enhancing the
model’s recognition of this emotion.

loHap 00Sad 00Ang

U0Fea DoSup UODig
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Figure 5: Experimental results of injecting rhetoric neu-
rons into emotion recognition task.
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Figure 6: Comparison results of different layers of mask-
ing.

4.5 Impact of Masking Across Different
Layers

In Figure 6, we explore the impact of neuron mask-
ing across different layers on task prediction out-
comes. We find that all layer masking induces the
most significant performance degradation across all
emotion and rhetoric tasks. This indicates that the
functional representations of emotion and rhetoric
neurons are not confined to a single layer but in-
stead rely on cross-layer synergistic interactions.
Beyond all layer masking, top layer masking exerts
the most pronounced performance impairment on
emotion and rhetoric tasks, outperforming mid and
bottom layer masking in terms of prediction accu-
racy reduction. This observation aligns with the
distribution characteristic that emotion and rhetoric
neurons exhibit higher activation intensity in the
top layers. Since the top layers aggregate a larger
number of emotion and rhetoric neurons, masking
these layers deprives the model of effective seman-
tic encoding support for emotion and rhetoric. This
further validates the hierarchical distribution char-
acteristics and functional relevance of emotion and
rhetoric neurons in the model’s architecture.
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4.6 Neuron-level Steering of Emotion and
Rhetoric Predictions

We validate the controllable manipulation capabil-
ity of emotion and rhetoric neurons in Figure 7.
Specifically, we inject the functional features of
target neurons into non-target sentences, thereby
inducing the model to convert its predictions of
non-target types into target types. The manipula-
tion efficacy is quantified as the ratio of samples
predicted as the target class to the total number of
samples in the dataset. A higher ratio indicates that
more non-target instances are induced to be clas-
sified as the target class, thus reflecting a stronger
controllable manipulation capability. When ma-
nipulating emotion neurons, the coverage rate of
all emotion categories is significantly improved af-
ter the injection of target neuron features. This
indicates that modulation of the activation states
of emotion neurons can effectively enhance the
model’s perception of target emotion features. Sim-
ilarly, the controllability verification yields excel-
lent results in the rhetoric neuron manipulation task.
This demonstrates that the injection of functional
features of rhetoric neurons can precisely guide the
model to capture the semantic expression patterns
of target rhetorical devices. It also successfully in-
duces non-target rhetoric sentences to be classified
as the target rhetoric category.

5 Related Work

5.1 Emotion Neurons

The exploration of emotion neurons aims to un-
cover the internal representation mechanisms of
emotional information in LLMs, providing theoret-
ical support for the fine-grained steering of emo-
tion understanding and generation (Smith and Kor-
nelsen, 2011; Jayasinghe et al., 2025; Wang et al.,
2025; Zheng et al., 2025a). Existing studies (Liao

et al., 2025; Huangfu et al., 2025) mostly focus on
optimizing external emotion-related tasks. With
the advancement of interpretability research, the
exploration of internal mechanisms at the neuronal
level has gradually emerged as a research hotspot
(Zhang et al., 2025b; Tak et al., 2025). The con-
cept of emotion neurons originates from Radford
et al. (2018), referring to a set of neurons in the
model that exhibit selective responses to specific
emotions. Lee et al. (2025) validate the existence
of emotion neurons in Llama-series models, find-
ing that their distribution varies with model scale.
Di Palma et al. (2025) demonstrate that linear clas-
sifiers can achieve high-accuracy emotion recogni-
tion via probing techniques.

5.2 Rhetorical Models

Research on rhetorical processing revolves around
two core tasks: recognition (Yang et al., 2025a;
Cocchieri et al., 2025; Zhang et al., 2025a) and gen-
eration (Stowe et al., 2021; Zhong et al., 2024; Goel
et al., 2025). In rhetorical recognition tasks, feature
engineering and fine-tuning of pre-trained models
are the mainstream technical approaches. Saravia
et al. (2018) achieve rhetoric type classification us-
ing contextual semantic features yet lack in-depth
analysis of the underlying encoding mechanisms
of rhetorical information in the model. Rajaku-
mar and Boicu (2025) demonstrate the advantage
of lightweight models in balancing efficiency and
performance for practical deployment, but they do
not provide an explanation for the internal opera-
tional principles of rhetorical representations. In
rhetorical generation tasks, Deng et al. (2023) pro-
pose prompt reformulation to optimize the model’s
comprehension of ambiguous queries. Benara et al.
(2024) introduce a question-answering embedding
approach that enables modeling of semantic repre-
sentations associated with rhetorical expressions.

6 Conclusion

In this paper, we systematically explore emotion
and rhetoric neurons in LLMs, addressing key gaps:
inadequate exploration of rhetorical neurons, am-
biguous emotion-rhetoric associations, and unre-
liable causal validation with traditional masking
methods. Via a synergistic framework integrat-
ing neuron recognition, adaptive causal validation
masking, and controllable causal intervention, we
uncover their distribution and functional mecha-
nisms, establishing a reliable system for causal
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validation and regulation. Experiments show our
adaptive masking resolves counterintuitive draw-
backs of traditional methods, yielding a robust tool
for neuronal causal attribution. Neuro modulation
enables directed induction of emotional and rhetori-
cal outputs and emotion-task performance gains via
rhetoric neurons, laying a theoretical and technical
foundation for fine-grained LLM steering.

Limitations

Despite uncovering the internal neural mechanisms
underlying emotion and rhetoric processing and
advancing the interpretability of Large Language
Models (LLMs), this study is not without limita-
tions. First, the research scope is confined to 6
basic emotion categories and 4 core rhetorical de-
vices; future work may extend to complex emo-
tional states and diverse rhetorical forms. Second,
neuronal manipulation in the current framework
relies on static functional vectors, so context-aware
dynamic adjustment strategies could further en-
hance manipulation precision.
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