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Abstract Keywords

Fine-grained emotion recognition aims to identify the emotional
type in queries through reasoning and decision-making processes,
playing a crucial role in various systems. Recent methods use In-
Context Learning (ICL), enhancing the representation of queries in
the reasoning process through semantically similar examples, while
further improving emotion recognition by explaining the reasoning
mechanisms. However, these methods enhance the reasoning pro-
cess but overlook the decision-making process. This paper investi-
gates decision-making in fine-grained emotion recognition through
prototype theory. We show that ICL relies on similarity matching
between query representations and emotional prototypes within
the model, where emotion-accurate representations are critical.
However, semantically similar examples often introduce emotional
discrepancies, hindering accurate representations and causing er-
rors. To address this, we propose Emotion In-Context Learning
(EICL)!, which introduces emotionally similar examples and uses
a dynamic soft-label strategy to improve query representations in
the emotion reasoning process. A two-stage exclusion strategy is
then employed to assess similarity from multiple angles, further
optimizing the decision-making process. Extensive experiments
show that EICL significantly outperforms ICL on multiple datasets.
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! The model was developed on the high-availability platform SCITIX (SGP TECH PTE),
which provides cost-effective GPU resources. The code is available at EICL.
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1 Introduction

Emotions [1-3] play a critical role in shaping how people seek, in-
terpret, and respond to information. In applications such as search
engines [4, 5], recommender systems [6, 7], and mental health sup-
port [8, 9], user queries often contain not only explicit information
needs but also implicit emotional expressions. Accurately identi-
fying these emotional cues can enhance search relevance [10, 11]
and user satisfaction [12, 13]. To this end, the task of fine-grained
emotion recognition has emerged, aiming to classify the emotional
categories in queries through reasoning and decision-making pro-
cess [14, 15].

Early studies train small-scale models to adjust emotion reason-
ing and decision-making for specific datasets, achieving promising
results [16-20]. These methods are limited by model size and spe-
cific data, making them difficult to adapt to new data distributions
and unseen emotions [21-24]. Recent studies employ In-Context
Learning (ICL), which flexibly adjusts the reasoning and decision-
making process of large language models (LLMs) using only seman-
tically similar examples, thus enhancing the emotion recognition
and generalization [24, 25]. These methods rely on empirically
constructed examples and lack an understanding of ICL’s internal
mechanisms, limiting improvements in emotion recognition. Mean-
while, other studies explore ICL’s internal mechanisms, examining
how it integrates example information into query representations
from Bayesian [26-30], gradient [31-34], algorithmic learning [35-
38], and information flow [39] perspectives to facilitate emotion
reasoning, as shown in Figure 1(a). However, emotion recognition
involves both reasoning and decision-making processes, and these
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Query: One of the most feared creatures in the Midlands. (Ground Truth: Terrified)

Eq: In the car graveyard. It attacked us. | was frozen with fear. (Ly: Devastated)
E2: Weren't you scared of not going home last night? (Lz: Apprehensive)
E;: In the darkness he saw visions of a thousand-tongued fear. (Ls: Afraid)

| Priori Knowledge [Eily) (Eplo) (EsL
frozen with fear
AW,
oo of__ - Q‘CLO Which distribution?
jousans longuea fear| Ak
0000
Query 00 Alg, Algn
Reason with Learn with Adaptively |IAggregate & Distribute|
Prior knowledge Gradient Descent Select Algorithm Information

(a) Reasoning Mechanism of Previous Work

Query Representations

O Aljry Faithful
Joyful Furious O
e

Anx?ous __Afraid

Terlgied

+
Predict Emotion: Terrified

Map to the emotional prototypes within LLMs, decision-making
based on similarity.

(b) Decision Mechanism of our Work

Figure 1: The reasoning and decision-making mechanism of
in-context learning (ICL).

studies focus only on the reasoning process, i.e., how query repre-
sentations form, neglecting the decision-making process, i.e., how
query representations are transformed into final predictions.

In this paper, we investigate the decision-making mechanism in
ICL for fine-grained emotion recognition. Inspired by neuroscience
research on hidden representations in LLMs [40-42], we propose a
prompt-pair detection method to reveal that LLMs represent emo-
tion categories with specific hidden representations. In the ICL
decision-making process, the more similar a query representation
is to a category representation in LLMs, the more likely it is to pre-
dict the corresponding emotion, as shown in Figure 1(b). Viewing
category representations as emotional prototypes, this similarity
matching phenomenon suggests that ICL’s decision-making process
aligns with prototype theory [43-45].

From the perspective of prototype theory, we identify a flaw in
ICL: During the reasoning process, semantically similar exam-
ples contribute little to building high-quality query representations
in emotion recognition. For example, given the query “I'm worried
about the upcoming major meeting.” the semantically similar ex-
ample “I'm anticipating the upcoming major meeting.” shares only
semantic content and contributes little to emotion reasoning. In con-
trast, the emotionally similar example “The eve of a major event often
causes anxiety.” aligns with the query’s emotional tone, supplying
richer information for emotion reasoning and helping to foster a
high-quality query representation. During the decision-making
process, relying on similarity between query representations and
emotion prototypes amplifies errors when those representations are
inaccurate. Semantically similar examples offer little for emotion
reasoning, making it hard to form emotionally precise query repre-
sentations. Under the similarity matching mechanism, the model
compares these flawed representations with the LLM’s internal
emotion prototypes to infer the query’s emotion. Since the query
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representations lack emotional precision, the resulting similarity
scores are unreliable, leading to incorrect judgments.

To address this issue, we propose a simple yet effective Emotion
In-Context Learning method (abbreviated as EICL) for fine-grained
emotion recognition. It introduces emotionally similar examples
and uses a dynamic soft-label strategy to accurately depict their
emotions, enhancing emotion reasoning and forming high-quality
representations. Additionally, it use a two-stage exclusion strategy
to assess similarity from multiple angles, optimizing the decision-
making process. We perform experiments with five LLMs across
four fine-grained emotion datasets: EDOS [46], Empathetic Dia-
logues [47], EmpatheticIntent [48], and GoEmotions [49]. The re-
sults show that EICL significantly outperforms ICL in fine-grained
emotion recognition.

To sum up, our contributions are as follows:

(i) We introduce a prototype theory perspective to explain ICL’s
decision-making mechanism, highlighting its reliance on
similarity matching between queries and emotional proto-
types in LLMs, and addressing the gap in previous work that
focused only on the reasoning process.

(if) We propose EICL, offering a comprehensive reasoning and
decision-making approach by using emotionally similar ex-
amples and a dynamic soft-label strategy to improve emotion
reasoning, while optimizing decision-making through a two-
stage exclusion strategy.

(iii) Extensive experiments and analysis show that the proposed
method outperforms ICL on multiple datasets.

2 Related Work

In this paper, we introduce a prompt-pair detection method inspired
by neuroscience-based prompting to examine the decision-making
process of in-context learning. Drawing on these insights, we re-
fine our in-context learning approach for fine-grained emotion
recognition.

2.1 Neuroscience-based Prompting Methods

Driven by neuroscience advances, recent research [40, 41] treats
LLM’s internal parameters as neural nodes and probes their activa-
tions to understand or steer model behavior. Neuroscience-based
Prompting Methods [42, 50, 51], valued for their simplicity and
generality, have been applied across diverse tasks. Zou et al., [50]
use paired positive and negative prompts to extract concept vectors
and steer outputs toward honesty, detoxification or ethical framing.
Turner et al.,, [51] apply contrastive prompting to derive steering
vectors that modulate topic and sentiment through targeted in-
terventions in hidden layers. Liu et al., [42] leverage prompts to
capture honesty and confidence signals and then use these signals
to retrieve and generate trustworthy responses. Leong et al., [52]
control the toxification direction and manipulates information flow
within attention layers to remove toxic content. These studies all
use prompting to create stable concept representations, which are
then leveraged to guide LLM behavior on specific tasks, yielding
strong and versatile performance. Unlike prior methods that ap-
ply concept representations to task-specific control, we use the
extracted representations to examine LLM decision behaviors and
reveal their internal mechanisms.
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2.2 In-Context Learning methods

Basic In-Context Learning. In-Context Learning (ICL) enhances
LLMs’ performance by learning from constructed examples, avoid-
ing the time and computational costs of fine-tuning. One ICL ap-
proach improves LLMs by decomposing reasoning steps of exam-
ples into sub-steps, enabling the model to complete tasks by fol-
lowing these steps [53-55]. This method has shown strong results
in tasks like arithmetic [56], commonsense [53], and symbolic rea-
soning [57], but requires manual construction and is not always
applicable to tasks that can’t be easily decomposed. Another ap-
proach, retrieval-based ICL, addresses this by retrieving relevant
examples from training datasets. It focuses on examples similar
to the query in terms of words [58-60], semantics [61-64], struc-
tures [65], or other relevant aspects [66—68]. Most methods rely on
the semantic similarity between the query and examples.

In-Context Learning on Emotion Recognition. ICL on fine-
grained emotion recognition can be categorized into heuristic-based
ICL and exact-based ICL. Heuristic-based ICL enhances emotion
recognition by adjusting the reasoning and decision-making pro-
cesses of LLMs using semantically similar examples [24, 25]. While
heuristic-based ICL relies on empirically constructed examples, it
lacks an understanding of ICL’s internal mechanisms, limiting its
effectiveness. In contrast, exact-based ICL analyzes the reasoning
process from multiple perspectives, such as Bayesian [26-30], gradi-
ent descent [31-34], algorithmic learning [35-38], and information
flow [39], to improve query representations and emotion reasoning.
However, while these studies explore reasoning, few address the
internal mechanisms of decision-making based on these represen-
tations. Unlike previous work on reasoning and mechanics, we
explore ICL’s decision-making, emphasizing similarity matching.
We then propose emotion in-context learning to enhance ICL’s
performance in fine-grained emotion recognition.

3 Investigating Decision-Making in ICL

Previous methods explore the internal reasoning mechanism of
In-Context Learning (ICL), showing that semantically similar ex-
amples help form higher-quality query representations in the hid-
den layers of large language models (LLMs), promoting emotion
reasoning [26, 27, 31, 35, 36, 39]. However, how these query repre-
sentations map to emotion categories remains unclear. Recently,
the linear representation and superposition hypotheses [40, 41]
suggest that specific hidden representations in LLMs represent dis-
tinct concepts, with LLMs moving closer to these representations
when expressing them. This phenomenon offers a new perspective
on the decision-making process in ICL. To this end, we propose
a prompt-pair detection method to extract category-related repre-
sentations from LLMs’ hidden representations and investigate the
relationship between query and category representations during
decision-making.

3.1 Prompt-pair Detection Method

The prompt-pair detection method aims to extract stable category
representations. To achieve this, we collect representations of emo-
tion categories in different semantic contexts and extract stable
representations from them.

2505

CIKM °25, November 10-14, 2025, Seoul, Republic of Korea

Table 1: Positive Prompts for the category c;.

From the perspective of the emotion [Emotion c;], infer the
dialogue. Dialogue Context: [Sample s;].
Output Format: ‘Emotion: [the inferred emotion]’

Specifically, for an emotion category c;, we select M samples from
a set S that conveys the corresponding emotion. For each sample
sj € S, we construct a positive prompt P* and a negative prompt
P~. The difference between the positive and negative prompts
is that the positive prompt uses the target emotion category c;,
whereas the negative prompt randomly selects a category from
the complete emotion category set C in the datasets. The positive
prompt is shown in Table 1. Both prompts are then fed into LLMs
to predict the emotion category of the sample. During category
prediction, we adopt a curriculum learning strategy that guides
the LLMs to generate the corresponding tokens step by step, as
formalized below:

y7 = LLM(y;|P*, y%,), (1)
Yr =LLM(y; |1P7 y<y), ()

where yf and y; represent the tokens generate by the LLM at
timestep ¢, respectively. y%, and y_, represent the tokens gener-
ated before time step ¢ using the positive and negative prompts,
respectively.

As LLMs are required to produce grammatically, semantically,
and emotionally coherent content, their hidden states encode both
contextual information (e.g., syntax and semantics) and emotional
information. To decouple emotion for category prediction, we con-
struct prompt pairs that share all context but differ only in the
emotion, then subtract the hidden state of the negative prompt
from that of the positive prompt to remove shared contextual infor-
mation and isolate the emotion. Concretely, at each time step ¢, we
extract the hidden representations hlt’,:j and hi; for the positive
and negative prompts, respectively, and compute their difference
! following established

to obtain the category representation h; .

methods [42, 50, 51]. We have:
B bt b

t,sj t,sj t,s;’

®)
where hlt’sj, b+, sj, and Rb=t, sj € RY. b+, sj and Rb=, sj denote
the hidden representations at time step t for token s; under the
positive and negative prompts, respectively, and hi) s; is the resulting
category representation. / indicates the [-th layer of the LLM.

We then collect all category representations derived from each
sample into the set Séi and apply principal component analysis
(PCA) to extract their first principal component. Through this ex-
traction, we obtain a common and stable representation Héi eRr?
of category c; across different samples. We have:

H., = PCA(SL). ()

3.1.1 Category Representation Visualization. Representations pro-
duced by neuroscience-based prompting methods are stable and
robust [42, 50, 51]. As a neuroscience-based prompting method, our
prompt-pair detection method inherits these advantages when con-
structing the category representation Héi. Nevertheless, we further
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validate them using Llama3.1g;, on the ED dataset [47]. We average
Héi layer by layer to obtain H,.

Heatmap for Llama3.1_8b on ED

— |
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|mpressed. 0.2
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hopeful
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impressed
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9
=
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.
=
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Figure 2: Heatmap of category representations.

Based on the representations H¢;, we compute cosine similari-
ties between category vectors and normalize the scores to [0, 1],
as shown in Figure 2. The results reveal that categories of similar
emotions yield higher similarity scores, while dissimilar ones yield
lower scores. Overall, these results confirm the validity of our cate-
gory representations and lay a solid foundation for the following
investigation.

(a) Results on GE
—— Phi-3.5
—— Llama3.1_8b
—— Mistral-Nemo

Emotion Probability (%)

h Desgendiné Emotional Similarity

(b) Results on EDOS
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(c) Results on ED
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Figure 3: Emotion probability as similarity decreases.
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3.2 Investigating Decision-Making with
Prototype Theory

Based on these representations, we further explore whether ICL
aligns with specific category representations during the decision-
making process.

Previous research [39] suggests that ICL consolidates important
information at the critical time step t;, where the hidden repre-
sentation determines the prediction outcome. For instance, in the
emotion recognition task, when the generated response is “Emo-
tion: sad,” the hidden representation information at the time step
of generating the “:” determines the prediction as “sad.” Therefore,
at this step, we compute the dot product between the query hidden
representation H' ! and the category representation Héj, we have:

L
_1 1 4l
oh—Z;H -HL, 6)

where cj and L are an emotion category in the dataset and the
number of LLM layers, respectively.

We conduct experiments using Phi-3.5-mini, Mistral-Nemo, and
Llama3.1g; on the EDOS [46], Empathetic-Dialogues (ED) [47]and
GoEmotions [49] datasets. Figure 3 shows the results, where the
x-axis represents emotion categories sorted by dot product (similar-
ity) in descending order, and the y-axis represents the probability
of predicting each emotion. The results show that as the similarity
decreases, the probability of predicting the emotion also decreases.
From the perspective of prototype theory [43-45], treating cate-
gory representations as prototypes, we find that the closer a query
hidden representation is to the emotional prototype, the higher the
probability of predicting the corresponding emotion. This suggests
that ICL’s decision-making process is driven by similarity
matching, consistent with prototype theory.

4 Methodology

4.1 Preliminaries

Problem Formulation. We formalize the task as follows: Given a
query g;, the goal is to construct an effective prompt that guides
the large language model (LLM) to accurately predict the emotion
category cg;.

Overview. The proposed EICL is an in-context learning method
supported by an emotion auxiliary model. As shown in Figure 4,
EICL consists of two steps: (i) Emotion Reasoning (in Section
4.2): Tt retrieves emotionally similar samples to aid reasoning and
applies a dynamic soft-label strategy to improve query representa-
tions in emotion reasoning process. (ii) Emotion Decision (in Sec-
tion 4.3): It divides emotion categories into primary and secondary
candidates, prompting the LLM to prioritize primary candidates
during decision-making, while considering secondary candidates
afterward. This reduces decision errors caused by relying solely
on similarity. Note that this method method requires no training
and relies on a pre-trained model RoBERTa,;, with emotional
capabilities to complete the task (for details, see Section 5).
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Query: One of the most feared creatures in the Midlands. Few who have seen it have lived to describe it.

\ " \

‘ Emotionally Similar Examples {Example‘ All'1 know is that} i [ Query & Demonstrations

‘ Romeo ... from me. :

I1AIl I know is that Romeo was shot five feet from Input Label ! '

p : g : [ Large Language Model |

1 me. | mean, | was so scared. Label: Terrified \ o o o o o o
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Figure 4: Overview of EICL. It retrieves emotionally similar examples and uses a dynamic soft-label strategy to accurately
depict their emotions, enhancing query representations in the emotion reasoning process. A two-stage exclusion strategy is
then applied, prioritizing primary emotion candidates to avoid decision errors from relying solely on similarity, ensuring

accurate decision-making.

4.2 Emotion Reasoning

We retrieve emotionally similar examples and use a dynamic soft-
label strategy to accurately depict the emotions they contain,
thereby enhancing emotion reasoning in LLMs.

4.2.1  Emotion-Similar Example Retrieval. Previous ICL methods re-
trieve semantically similar prototypes, yet these can be emotionally
misaligned or even contradictory to the query, degrading predic-
tion accuracy [69-71]. To address this, we employ an auxiliary
emotion model to retrieve emotionally congruent examples. Specif-
ically, we map each test query gq; € D;esy and each training sample
Sm; € D¢rain into emotion vectors using RoBERTa¢,0, compute
their cosine similarity op;, rank all samples by o,,, and select the
top-k; as the emotion-similar examples s;. We have:

0g; = ROBERT Gemo(qi), Uy, = ROBERT Gemo (Sm;), (6)
om; = Cosine(vg;, vp,,), Mi € ng, (7)
sj = Topy, (01,02, ....,0m;), Jj € [L k1], 8)

where vg;, 07, € Réemo denote the emotion vectors of query g;
and sample s;,,, respectively. Topy returns the top-k; most similar
samples, with ki as a hyperparameter. depm,o is the hidden-layer
dimension of the emotion auxiliary model RoOBERT demyo- g is the
size of the training set.

4.2.2  Dynamic Soft-Label Strategy. Emotions in linguistic expres-
sion are inherently complex and multifaceted [72-74]. Existing ICL
methods [61, 62] assign only a single, deterministic emotion label to
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each example, oversimplifying this nuance. Consequently, ICL fails
to incorporate genuinely emotion-aligned examples into its reason-
ing, resulting in inaccurate query representations. To address this
issue, we use a dynamic soft-label strategy to assign specific labels
to examples, accurately depicting their emotions to aid emotion
reasoning. Specifically, we first employ the emotion auxiliary model
to predict the emotions e;,,. and their corresponding probabilities
Py, for each sample sp,,; we then select the top kz emotions with
the highest probabilities. The formal definition is as follows:

Dy, = ROBERT Gemo (Sm,). ©)
ey Pr = Topi, (€ pim,), (10)

where an,»Pz € P,k € [1,ky], elsC € C, my € ng. P and C represent
the model’s predicted probabilities and the set of emotion categories.
Topy, is a ranking function that selects the top k; optimal emotions
by their probabilities. ky is a hyperparameter.

Subsequently, we generate dynamic soft labels by combining
predicted emotions with ground-truth labels, weighted by a hyper-
parameter «, so we have:

Ky
: *
. l—akz_"lpz 1felsc=e

pi= ; (11)
api Others, k € [1, k3]
where e* is the ground truth label.
By combining emotions e; with their corresponding probabil-
ities p;, we obtain the dynamic soft label I, for the sample sy, .

Incorporating the sample s;,; and its dynamic soft labels Ip,;, we
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derive the example d,y;. Then we concatenate the example dy, to
obtain the examples dg, for query g;.

Im; = (e1,p1) @ (e2,p2) @ ... ® (eg, i), (12)
dm; = (Smys Iy ), (13)
dg, = (d1 ©d2 @ ... ® dy,), (14)

where @ represents the concatenation operator.

4.3 Emotion Decision

Based on our findings in Section 3.2, ICL decides by measuring
the similarity between the query representation and the LLM’s
internal emotion prototypes. However, when the query represen-
tation is emotionally inaccurate, relying solely on similarity may
lead to errors. To address this issue, we propose a two-stage exclu-
sion strategy that prioritizes certain emotion categories in emotion
prediction, followed by others. This strategy considers both high
similarity and prioritized emotion categories, mitigating errors
caused by relying solely on similarity.

4.3.1 Candidate Emotion Division. Our strategy begins by divid-
ing the emotion categories into primary and secondary emotion
candidates. To achieve this, we apply the emotion auxiliary model
to predict the query’s emotions. We then select the top k3 emo-
tions with the highest probabilities and consider them as primary
emotion candidates, which we place in the primary emotion set
Spes- The remaining emotions are considered as secondary emotion
candidates and are placed in the secondary emotion set Sges, S0 we
have:

em = TOPk3 (eqppqi), (15)
em € Spes, €n € Sses, (16)
Sses U Spes =C, Sses N Spes =0, (17)

where em, en, eq; € C,pg; € P. e, and pgy, are the emotion cate-
gories and probabilities predicted by the emotion auxiliary model
for the query g;, respectively. e, and e, represent the primary and
secondary emotions, respectively. Topy, is a selection function that
selects the k3 emotion categories with the highest probabilities.

4.3.2  Two-stage Exclusion Strategy. Based on the above, we pre-
dict fine-grained emotions using a two-stage exclusion strategy.
Specifically, we prompt LLMs to process the query and examples,
prioritizing emotions from the primary emotion set Spes before
considering others. This strategy considers both the primary emo-
tion categories and their similarity to prototypes, increasing their
prediction probability and reducing decision errors. The prediction
process is defined as follows:

cq; = LLM(qi, dg;, Spes, Sses)- (18)

5 Experiments

Emotion Auxiliary Models and Datasets. To validate the pro-
posed method, we conduct experiments using two emotion auxiliary
models, RoBERTa,; and RoBERTage, on four fine-grained emotion
datasets: EDOS [46], Empathetic-Dialogues (ED) [47], EmpatheticIn-
tent (EI) [48], and GoEmotions (GE) [49]. For convenience, we re-
fer to the emotion auxiliary models and datasets as RoOBERTaemo
and Dyype, where emo € EI,GE and type € EI, GE,ED,EDOS.
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Note that our goal is to verify the performance of EICL without
fine-tuning, so the emotion auxiliary model used during reason-
ing should not have been fine-tuned on the respective dataset, i.e.,
emo # type. Simultaneously, the emotion categories predicted by
the emotion auxiliary model do not fully align with those of the
datasets, rendering the exclusion strategy inapplicable. To address
this issue, we adjust the datasets according to the emotion aux-
iliary model. For example, for the RoBERTa,; emotion auxiliary
model [48] and the GoEmotions dataset, we first identify the emo-
tion categories they share. Then, we select data from GE that falls
within these common emotion categories for experimentation. After
this adjustment, the available datasets for the RoOBERTa,; emotion
auxiliary model are GE, ED, and EDOS, with 19, 32, and 41 emotion
categories, respectively. For the RoBERTag, 2 emotion auxiliary
model, the available datasets are EI, ED, and EDOS, with 19, 17, and
19 emotion categories, respectively.

Evaluation Metrics. We evaluate the methods using accuracy and
macro-F1 (F1). Accuracy (Acc) measures the proportion of correctly
predicted samples. F1 is the harmonic mean of precision and recall,
considering both metrics. It accounts for each class’s F1 score and
is robust to class imbalance.

Baselines. To validate EICL, we conduct experiments on sev-
eral large language models, including Phi-3.5-mini, Mistral-Nemo,
Llama3.1gy,, Claude-Haiku, and ChatGPT-Turbo. For each model, we
construct zero-shot learning (Z-shot) and in-context learning (ICL)
as baselines.The zero-shot baseline considers only the query, while
the in-context learning baseline includes examples semantically
related to it.

Implementation Details. In our experiments, we use two emotion
auxiliary models, RoBERTa,; and RoBERTage, both with a hidden-
layer dimension of demo=768. The former is applied to the GE,
ED, and EDOS datasets, while the latter is used for EI, ED, and
EDOS. During the construction of example-label pairs, we set the
example number to k1=5 and the weight for soft labels to a=0.2.
The values of ky (the number of soft labels) and k3 (the number
of primary emotion candidates) vary based on the data, emotion
auxiliary models, and LLMs. A detailed analysis of these factors is
provided in Section 6.2.

6 Results and Analysis

6.1 Main Results

Tables 2 and 3 show the results with ROBERTa,; and RoBERTage
as auxiliary models, respectively. The results demonstrate that ICL
outperforms Z-shot across most metrics, indicating that semanti-
cally similar examples benefit emotional reasoning. Additionally,
EICL outperforms both ICL and Z-shot on most metrics, primarily
due to emotion-similar examples, dynamic soft-label strategies, and
the two-stage exclusion strategy, all of which improve emotional
reasoning and decision-making.

However, some anomalies are observed: (i) In datasets like GE
(in Table 2) and EDOS (in Table 3), ICL performs worse than Z-shot.
This is due to the models’ weaker emotional capabilities. For in-
stance, Llama3.1g;, struggles to interpret emotions accurately, even

Zhttps://huggingface.co/mrm8488/roberta-large-bne-finetuned-go_emotions-es
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Table 2: Results on the datasets when using the emotion auxiliary model RoBERTa,;.

Dataset Phi-3.5-mini Mistral-Nemo Llama3.1g, Claude-Haiku ChatGPT-Turbo
- — Z-shot ICL EICL | Z-shot ICL EICL | Z-shot ICL EICL | Z-shot ICL EICL | Z-shot ICL EICL
EpOs ACC | 3430 0.4 52.36] 3360 4043 56.15] 2083 2187 39.30( 2579 3679 54.23] 3460 39.14 54.45
F1 40.81 46.55 55.97| 36.33 4547 60.13| 24.86 29.56 48.38| 25.10 38.61 52.78| 34.14 40.04 54.37
gp Acc| 200 3733 4281] 3724 3764 435 | 3503 3750 4083 4173 4947 53.98 3640 4287 51.56
F1 28.27 3950 42.81| 34.80 38.47 43.78| 29.93 3992 43.45| 36.70 47.01 49.20| 29.82  41.43 49.32
Ge Acc| 2786 3756 3875 2823 40.03 36.02 | 36.07 1748 30.56 | 27.65 3660 38.05[ 3317 4137 46.10
F1 21.29  27.04 31.22| 23.17 28.11 29.88| 27.32 19.40 35.86| 27.67 33.04 36.80| 29.70 32.81 37.19
Table 3: Results on the datasets when using the emotion auxiliary model RoBERTag.
Dataset Phi-3.5-mini Mistral-Nemo Llama3.1g, Claude-Haiku ChatGPT-Turbo
— — | Z-shot ICL EICL | Z-shot ICL EICL | Z-shot ICL FEICL | Z-shot ICL EICL | Z-shot ICL EICL
EDOs ACC | 5220 5397 54.85| 5510 49.18 62.92 36.69 3215 27.74| 4287 5573 62.16] 5472 5699 60.4
F1 | 36.88 3233 54.81| 7587 29.55 76.37| 39.16 57.11 58.08| 37.83 5290 57.74| 50.66 5433 57.0
gp Acc| 4447 4933 51.33[ 4886 4177 50.06| 4593 4157 3222| 5322 6181 62.08) 57.62 5818 60.85
F1 | 21.89 2994 68.89| 51.80 17.32 67.12| 20.64 1879 47.06| 51.81 58.88 57.99 | 5537 56.27 57.65
gy Acc | 4716 5869 60.62 5395 6230 6255 3831 5102 59.56 53.64 67.85 66.16 | 5781 6149 63.05
F1 | 4815 4555 80.46| 78.06 7849 80.75| 17.49 2060 59.01| 50.57 64.81 62.04| 5424 5528 59.91

when beneficial examples are provided. (ii) EICL performs poorly
on certain datasets. Llama3.1g; and Claude-Haiku, in particular,
perform below baselines. This is primarily due to these models’
difficulty in recognizing certain emotions, as their inherent lim-
itations cannot be fully overcome, even with effective strategies
and examples (detailed explanation, see Section 6.3). In contrast,
models like Phi-3.5-mini and ChatGPT-Turbo, with stronger emo-
tional perception, benefit more from the proposed methods. (iii) On
the GE dataset, EICL on models like Mistral-Nemo and Llama3.1g;,
shows lower accuracy. This is primarily due to the dataset’s bias,
where the “neutral” category comprises 1606 samples out of 3442,
accounting for 46.65% of the total data. In such a biased dataset, the
F1 score is more reliable, and our method outperforms the baseline
on this metric, demonstrating the effectiveness of the proposed
method.

6.2 Analytical Experiments

6.2.1 Ablation Studies. Figure 5 presents ablation studies using the
RoBERTa,, emotion auxiliary model on the EDOS, and ED datasets.
Here, w/o EER, w/o DSL, and w/o TE represent the absence of
emotion-similar example retrieval (in Section 4.2.2), Dynamic Soft-
Label Strategy (in Section 4.2.1), and Two-stage Exclusion Strategy
(in Section 4.3), respectively.

The results show that removing all modules leads to a decline in
model performance, demonstrating the effectiveness of the modules.
For ChatGPT-Turbo, removing Emotion-Similar Retrieval (W/O
EER), the Two-Stage Exclusion Prediction Strategy (W/O TE), and
the Dynamic Soft-Label Strategy (W/O DSL) all result in significant
performance drops. This indicates that all three methods contribute
to enhancing EICL’s emotional reasoning and decision-making abil-
ities. For Claude-Haiku, removing Emotion-Similar Retrieval (W/O
EER) and the Two-Stage Exclusion Strategy (W/O TE) leads to a sig-
nificant decline in performance. However, removing the Dynamic
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Soft-Label Strategy (W/O DSL) causes only a minor decrease. This
suggests that Claude-Haiku already benefits from sufficient emo-
tional reasoning and decision-making capabilities through similar
examples and the two-stage exclusion strategy, while the dynamic
soft-label strategy also helps with query understanding to some
extent.

(a) ChatGPT-Turbo (b) Cluade-Haiku

B E-ICL B E-ICL

W/O DSL & TE W/O DSL & TE
B W/O DSL & EER B W/O DSL & EER
s W/O DSL s W/O DSL

Metrics
Metrics

F1 F1

(ED)

Acc F

1 F1
(EDOS) (EDOS)

(ED)

Acc
(ED)

Acc
(ED)

Acc
(EDOS) (EDOS)

Figure 5: Ablation Results for EICL on EDOS and ED Datasets.

6.2.2 Impact of Dynamic Soft Label Weights. We investigate the
impact of parameter @ on model performance. & determines the
weight of emotion probabilities predicted by the emotion auxiliary
model in dynamic soft labels. A higher « indicates greater influence
from the emotion auxiliary model. We consider two scenarios: one
where the emotion auxiliary model’s emotional capability exceeds
that of the LLM, and another where it is weaker. As shown in Figure
6a, when using a strong emotion auxiliary model, EICL is insensitive
to a since the model retrieves high-quality examples. However, with
a weaker emotion auxiliary model, EICL performance increases
initially and then decreases, as shown in 6b. This is mainly because
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Figure 6: Results across varying « values on RoBERTa,; and
RoBERTag,.

Table 4: Comparison between emotion auxiliary models and
LLMs.

LLMs EDOS ED EI
- Acc F1 Acc F1 Acc F1
Claude 0.38 5.80 -12.58 -11.74 -12.40 -8.90
GPT -1147 -7.02 -16.98 -1530 -16.57 -12.57
Phi 8.95 -6.75 3.83 -18.18 5.91 6.48
Mistral 11.85 32.24 8.22 11.73 12.71 36.39
Llama -6.56  -4.47 529 -1943 -293 -24.18
Claude 25.92 27.46 7.23 11.61 -2.87 -8.03
GPT 17.11 1842 1256 1849 -8.39 -10.06
Phi -17.41 -11.75 -19.96 -20.04 3.08 1.65
Mistral -18.11 -16.23 -11.72 -13.51 3.45 3.53
Llama -21.88 -27.7 -13.93 -1838 11.29 7.68

the emotional types generated by the emotion auxiliary models
are not accurate enough. Moderately considering these emotional
types can improve performance, while over-reliance on them may
be hindered by inaccurate judgments.

6.2.3 Impact of Dynamic Soft Label Numbers. We evaluate the
impact of the number of dynamic soft labels on EICL, with results
shown in Figure 7. The experiments are divided into two groups:
one where the emotion auxiliary model outperforms the LLMs, and
another where it underperforms them. Figure 7a depicts results
using stronger emotion auxiliary models, while Figure 7a shows
those with weaker models. Comparing the two groups, we observe
that as the number of soft labels increases: (1) The performance of
the stronger capability group initially decreases, then improves. (2)
The weaker capability group reaches a peak (or starts at a peak)
before declining. These findings suggest that a moderate number of
dynamic soft labels enhances emotion prediction. At the same time,
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Figure 7: Results based on different ky, where N is the number
of emotion categories in the dataset.

increasing the number of dynamic soft labels leads to a performance
drop, primarily because too many labels cause EICL to focus on
irrelevant emotions, hindering its ability to reason about important
emotions. Similarly, reducing the number of dynamic soft labels
also results in a performance decline, as too few labels prevent
EICL from deeply understanding the query with effective emotional
examples.

(a) Performance under different k3

80
—e— Claude Acc(EDOS) —=—  GPT Acc(EDOS)
Claude F1(EDOS) —=— GPT F1(EDOS)
701" —— Claude Acc(ED) —=— GPT Acc(ED)
4 —e— Claude F1(ED) —=— GPT F1(ED)
560
=
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N/4 2N/4 3N/4 N
%0 (b) Performance under different k3
—e— Claude Acc(ED) —=— GPT Acc(EDOS)
80 Claude F1(ED)  —=— GPT F1(EDOS)
—e— Claude Acc(GE) —=— GPT Acc(ED)
3 70 —e— Claude F1(GE) —=— GPT F1(ED)
g |
= 60] * —3
_—— T
—_ .
50 — s .

2N/4 3N/4 N
Figure 8: Results of EICL based on different k3, where N is
the number of emotion categories in the dataset.

6.2.4 Impact of Two-stage Exclusion Strategy. We evaluate the im-
pact of the number of candidate emotions (k3) on the two-stage ex-
clusion strategy. The experiments are also divided into two groups
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based on the emotional capability of the emotion auxiliary models:
Figure 8a shows results with a strong emotion auxiliary model,
while Figure 8b shows results with a weaker one. Most results
suggest that using a moderate number of emotions as candidates
yields optimal performance, highlighting the effectiveness of the
two-stage exclusion strategy. In some cases, using all emotions as
candidates leads to more accurate predictions, particularly when
the emotion auxiliary model’s performance is much lower, such as
being 15 points below the LLMs (see Section 6.2.5). In these cases,
EICL tends to exclude accurate emotions, causing the strategy to
fail.

6.2.5 Impact of Emotion Auxiliary Model Performance. Table 4
shows the performance of RoOBERTa,,, (Where emo € ge, ei) com-
pared to LLMs, with positive values indicating RoBERTae,, out-
performs LLMs, and negative values indicating the opposite. For
simplicity, models are referred to by their abbreviations. The first
set of results compares LLMs with RoBERTag,, while the second set
compares LLMs with RoBERTa,;. The results reveal that, in most
cases, the emotion auxiliary models perform significantly below the
LLMs; however, EICL can further enhance LLM performance. This
indicates that the proposed method does not require a powerful
emotion model, but only needs a model with moderate emotional
capability.
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Figure 9: Comparison of emotional capability between
smaller and larger LLMs on the EDOS dataset.

6.3 Emotional Capacity Analysis

6.3.1 Emotional Capacity Analysis of LLMs. LLMs are trained in di-
verse environments, such as different datasets and fine-tuning meth-
ods. This results in varying capabilities, particularly in emotional
perception. To explore this, we analyze the emotional capabilities
of smaller and larger LLMs.

Figure 9a illustrates the performance of smaller LLMs, showing
that Mistral-Nemo and Phi-3.5-mini perform notably well, while
Llama3.1g;, demonstrates weaker capabilities, excelling only in the
emotions of “ashamed,” “angry,” and “hopeful” Figure 9b presents
the performance of larger LLMs, indicating that ChatGPT-Turbo of-
fers a more comprehensive and balanced emotional capacity, while
Claude-Haiku shows advantages only in “confident” and “caring”
emotions. Overall, for similar LLMs, Llama3.1g;, and Claude-Haiku
display relatively weak emotional perception abilities. For larger
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LLMs, ChatGPT-Turbo has more comprehensive emotional capabil-
ity compared to Claude-Haiku.

VY
ngty
aa reeing

afraid

Figure 10: Comparison of emotional accuracy between EICL
and baselines on the EDOS and ED Datasets.

6.3.2 Emotional Capacity Analysis of EICL. We analyze the emo-
tional recognition accuracy of the Z-shot, ICL, and EICL methods,
with the results shown in Figure 10. Figure 10a shows the results for
Llama3.1gp, while Figure 10b shows the results for ChatGPT-Turbo.
According to the results, ICL shows a notable improvement over
Z-shot. Compared to the first two methods, EICL demonstrates
significant improvements in recognizing a wide range of emotions,
highlighting the effectiveness of the method.

7 Conclusion

In this paper, we have examined the decision-making mechanism
of in-context learning (ICL) in fine-grained emotion recognition
from a prototype theory perspective. We have demonstrated that
ICL’s decision-making aligns with prototype theory and shown that
semantically similar examples can cause errors in emotion reason-
ing and decision-making. Building on these insights, we have pro-
posed a new perspective with emotion in-context learning, which
enhances emotion reasoning with emotionally similar examples
and dynamic soft-label strategies, and optimizes decision-making
through a two-stage exclusion strategy. Experiments conducted on
four datasets demonstrate that our method significantly outper-
forms traditional ICL methods.

This work uses emotional prototypes within LLMs to explore
the decision-making mechanism of ICL in emotion recognition. Re-
search has shown that LLMs contain not only emotional prototypes
but also broader knowledge prototypes, allowing the proposed
method to be applied to other tasks [40-42]. To further investigate
ICL and LLMs’ internal mechanisms, we will explore and validate
them in more tasks in the future.
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