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Abstract

Zero-shot fine-grained emotion recognition
(FER) is pivotal for empathetic AI but remains
constrained by two inherent limitations in
retrieval-augmented in-context learning (ICL):
1) subtle emotional distinctions inject seman-
tic noise that blurs decision boundaries, and 2)
naive similarity-based retrieval often surfaces
counterproductive or antonymous demonstra-
tions. To address these, we propose EmoDap,
a Dual-Agent Prompt Retrieval framework for
zero-shot FER. EmoDap first constructs a high-
quality demonstration pool via self-consistency
pseudo-labeling and derives explicit emotion
prototypes through contrastive learning. Subse-
quently, a demonstration retriever and an emo-
tion predictor are jointly optimized via Group
Relative Policy Optimization (GRPO): the re-
triever learns to select examples that maximize
the predictor’s accuracy, while the predictor
leverages prototype guidance to dynamically
filter candidate emotions. Extensive experi-
ments across four benchmarks demonstrate that
EmoDap consistently outperforms state-of-the-
art baselines, establishing a robust paradigm
for zero-shot FER driven by open-source LLM
backbones.

1 Introduction

Fine-grained emotion recognition (FER) is foun-
dational to empathetic human-computer interac-
tion (Picard, 2000; Poria et al., 2017; Liu et al.,
2024c). Unlike coarse-grained recognition that
targets a small set of broad, semantically distinct
categories (e.g., Plutchik’s eight basic emotions
(Plutchik, 2001)), FER involves a dense label space
of 27-40 nuanced categories with high semantic
overlap and context-dependent intensity (Rashkin
et al., 2019; Demszky et al., 2020). This struc-
tural complexity amplifies decision-boundary am-
biguity, making zero-shot generalization—where
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Figure 1: Traditional methods struggle with emotional
interference and counterproductive retrieval, while our
EmoDap addresses these challenges.

models must classify unseen emotions without task-
specific supervision—substantially more challeng-
ing. While retrieval-augmented in-context learning
(ICL) (Wan et al., 2023; Yao et al., 2023; Liu et al.,
2024b; Wang et al., 2025b) has proven effective for
coarse-grained tasks by providing LLMs with rel-
evant demonstrations (Wang et al., 2023; Tak and
Gratch, 2023; Zhao et al., 2024; Tak and Gratch,
2024), it struggles to scale to fine-grained spaces
due to inherent retrieval misalignments.

As illustrated in Figure 1, existing ICL retrieval
strategies suffer from two critical limitations in
FER: First, Emotional Interference: The dense,
overlapping semantics of fine-grained emotions
cause similarity-based retrieval to surface demon-
strations of adjacent but distinct categories (e.g.,
ashamed vs. guilty, annoyed vs. furious). This
injects semantic noise into prompts, obscuring
discriminative features and confusing LLM deci-
sion boundaries. Second, Counterproductive Re-
trieval: Semantic similarity is fundamentally mis-
aligned with emotional relevance. Naive match-
ing frequently retrieves antonymous or contextu-
ally mismatched examples, actively misleading the
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LLM toward incorrect predictions.
To efficiently overcome these challenges and

improve the effectiveness of LLMs for zero-shot
FER, we propose the Dual-Agent Prompt Retrieval
(EmoDap) framework.

Specifically, before training, the absence of
golden demonstrations necessitates constructing a
high-quality and diverse demonstration pool (demo-
pool) in the pre-computation phase to mitigate inter-
ference caused by low-quality retrievals. Inspired
by self-consistency annotating (Xie et al., 2024),
we assign reliable pseudo-labels to unlabeled sam-
ples by leveraging the consistency of predictions
across multiple LLM inference iterations. We then
perform clustering and collect multiple category
centroids, ensuring they capture the core charac-
teristics and diversity of each emotion. Further-
more, to address the challenge of emotion interfer-
ence, we learn distinct prototype representations
for all given emotions based on contrastive learn-
ing. These prototypes provide explicit quantitative
guidance for originally black-box LLM reasoning,
serving a dual role in later stages: (i) compress-
ing the candidate label space, and (ii) acting as
the geometric basis of the reward signal during
joint training. Both the demo-pool and prototypes
are pre-constructed once and remain frozen during
training and inference.

Subsequently, we design and train a novel
prompt retrieval framework comprising two col-
laborative agents: a Demonstration Retriever
(Agentdemo) that retrieves the most suitable exam-
ples from the demo-pool for the input sentence, and
an Emotion Predictor (Agentemo) that constructs
prompts using these examples and incorporates pro-
totype guidance to make accurate emotion predic-
tions. These two agents are specifically designed
to address the two mentioned challenges. For
Emotional Interference (Challenge 1), Agentemo
first performs coarse filtering based on similarity
matching with emotion prototypes. This approach
provides dual benefits: the quantitatively learned
emotion prototypes offer reliable knowledge en-
hancement to Agentemo, while the reduced label
space after filtering enables more precise probabil-
ity predictions. For Counterproductive Retrieval
(Challenge 2), we jointly optimize Agentdemo and
Agentemo via Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), which samples a group
of retrieval trajectories, evaluates each with a fine-
grained, prototype-aware reward, and updates both
agents using relative group advantages. This en-

ables the retriever to dynamically learn demonstra-
tion selection policies that directly maximize the
predictor’s calibrated confidence, effectively align-
ing retrieval with downstream success.

Our key contributions are threefold:
• We introduce a prototype-guided filtering

mechanism that quantitatively compresses the can-
didate emotion space, effectively neutralizing se-
mantic interference from closely related categories.

• We propose a GRPO-optimized dual-agent
framework with a dense prototype-aware reward
to jointly optimize retrieval and prediction, re-
placing brittle similarity heuristics with learnable,
preference-driven policies.

• Extensive experiments on four benchmark
datasets demonstrate that EmoDap significantly
outperforms state-of-the-art baselines, establishing
a new standard for zero-shot FER.

2 Related Work

2.1 LLMs for Emotion Recognition

While LLMs exhibit strong capabilities in coarse-
grained emotion recognition (Tak and Gratch, 2024;
Zhao et al., 2023; Liu et al., 2024d), their direct
application to zero-shot fine-grained FER suffers
from significant performance degradation (Zhang
et al., 2024) and systematic over-prediction biases
(Niu and Provost, 2025). Recent efforts to miti-
gate these limitations via knowledge distillation
Niu and Provost (2025) or synthetic data augmen-
tation Shvets (2025) still underperform on com-
plex emotion taxonomies due to their reliance on
supervised fine-tuning. EICL (Ren et al., 2025)
replaces semantic-similarity retrieval with emotion-
similarity matching, yet its dependence on an ex-
ternal auxiliary emotion model severely restricts
zero-shot generalization.

2.2 Demonstration Retrieval in ICL

Retrieval-augmented ICL has largely superseded
manual prompt engineering by automatically con-
structing informative demonstrations from corpora
(Wan et al., 2023; Yao et al., 2023; Liu et al., 2024b;
Wang et al., 2025b). Conventional retrievers prior-
itize surface-level features such as semantic sim-
ilarity (Rubin et al., 2022; Li and Qiu, 2023; Li
et al., 2023), structural patterns (Levy et al., 2023;
Cai et al., 2023), or task-specific heuristics (Gonen
et al., 2023; Wang et al., 2025a). However, in fine-
grained FER, semantic proximity frequently mis-
aligns with emotional relevance, causing retrievers
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Figure 2: Overview of our EmoDap framework.

to surface antonymous or contextually confound-
ing examples that actively mislead LLM predic-
tions (Luo et al., 2024). This misalignment is ex-
acerbated in zero-shot settings, where the absence
of task labels prevents direct relevance filtering.
Consequently, effective demonstration selection re-
quires moving beyond static similarity metrics to-
ward preference-driven policies that explicitly opti-
mize retrieval for downstream prediction success.

3 Methodology

3.1 Task Formulation
We formulate zero-shot FER as a cross-label-space
classification task. Let Ds and Dt denote the
source and target datasets with disjoint emotion
sets Ys = {ys1, ..., ys|Ys|} and Yt = {yt1, ..., yt|Yt|} (
Ys∩Yt = ∅). We follow the transductive zero-shot
setting, where unlabeled target-domain samples
are accessible during training. Ys is restricted to
Plutchik’s eight basic emotions1 (Plutchik, 2001)
that are easier to collect, while Yt comprises com-
plex, unseen categories. Given a test sentence
x ∈ Dt, the goal is to predict y ∈ Yt using an
LLM-based predictor:

y = P(Temo(x,Yt, S)), (1)

where S denotes the retrieved in-context demon-
strations and Temo is the prompt template. In the

1namely, Joy, Sadness, Anger, Fear, Trust, Disgust, Sur-
prise, and Anticipation

zero-shot setting, golden demonstrations are un-
available; thus, S must be constructed from an
unlabeled corpus Du for prediction.

3.2 Precomputation

The overview of our EmoDap2 framework is shown
in Figure 2. Prior to dual-agent training, we execute
two one-time precomputation steps to establish a
high-quality demonstration pool and explicit emo-
tion prototypes.

3.2.1 Demonstration Pool Curating
To mitigate retrieval of low-quality examples, we
curate a diverse demonstration pool Ddemo from Du

via self-consistency pseudo-annotation and cluster-
ing. Following Xie et al. (2024), each sample in
Du undergoes M independent LLM inference runs;
the majority-voted label serves as the pseudo-label,
yielding D̃u. Then, we encode pseudo-labeled
demonstrations in D̃u via a frozen sentence en-
coder (using the [CLS] token) and apply K-means
per emotion. This process naturally mitigates an-
notation noise: centroids anchor to prototypical
instances, while noisy or atypical samples are rel-
egated to the periphery. Because clustering oper-
ates on general semantic embeddings rather than
emotion-specific features, the resulting K centroids
inherently preserve contextual diversity, ensuring
the pool spans a broad spectrum of intra-class vari-
ations. For each centroid we take its nearest sample

2Available at https://github.com/KunPunCN/EmoDap
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sy,k as the representative, and aggregate them into
the final pool:

Ddemo = {sy,k | y ∈ Ys ∪ Yt, k ∈ [1,K]}. (2)

3.2.2 Emotion Prototype Learning
To address Challenge 1 (emotional interference),
we learn explicit prototype representations that an-
chor each emotion in a continuous space. We em-
ploy a shared prototype encoder Enc(·) to map
emotion definitions (from the Oxford English Dic-
tionary) to vectors vy = Enc(y) (vy ∈ Rd), using
the [CLS] token of the last hidden layer. Similarly,
given a sentence xj ∈ Ds with its ground-truth la-
bel y∗j , we obtain its representation hj = Enc(xj)

(hj ∈ Rd). Then, inspired by infoNCE (Oord et al.,
2018), we define a contrastive loss:

Lproto = −
B∑

j=1

log
e
cos(hj ,vy∗

j
)/τ

∑
y∈Ys

ecos(hj ,vy)/τ
, (3)

where cos(·) denotes cosine similarity, τ is temper-
ature, and B is batch size. By minimizing Lproto,
we pull sentences closer to their ground-truth emo-
tion prototypes while repelling representations of
confusable categories, thereby yielding highly dis-
criminative prototypes that serve as semantic an-
chors for each emotion.

After training the encoder, for unseen emotions,
prototypes are derived solely from textual defi-
nitions without any labeled instances, preserving
the strict zero-shot constraint on Yt. In addition
to deriving the emotion prototypes V = {vy},
we also map all demonstrations in Ddemo into the
shared prototype space: Hdemo = Enc(Ddemo)
(Hdemo ∈ R|Ys∪Yt|×K×d). This enables the agent
to directly judge the emotional intensity across dif-
ferent demonstrations.

3.3 Dual-Agent FER

With Ddemo, Hdemo and V frozen, we fine-tune a
dual-agent architecture comprising an Emotion Pre-
dictor (Agentemo) and a Demonstration Retriever
(Agentdemo) via GRPO (Shao et al., 2024) to re-
solve Challenge 2 (counterproductive retrieval).

3.3.1 Agent Collaboration
Given input x, Agentemo first computes its candi-
date emotion set via prototype similarity:

Ycand = Top-ρ({cos(Enc(x),vy)|y ∈ Ys ∪ Yt}).
(4)

This dynamic filtering compresses the label space,
reducing decision-boundary ambiguity for down-
stream prediction. Then Ycand is passed to
Agentdemo, which retrieves the most relevant
demonstration per candidate emotion from Ddemo
via a template Tdemo(x,Ycand,Ddemo) instructing
it to select the most relevant sentence from Ddemo
for each emotion in Ycand given x (full template in
Appendix A.3).

Rather than directly generating the selected
demonstration, Agentdemo determines the specific
choices by maximizing embedding alignment:

zy = argmaxk≤K(cos(hagent,h
y,k
demo)), (5)

where hagent ∈ Rd is the [CLS] token of
Agentdemo’s last hidden layer, and hy,k

demo ∈ Hdemo.
The resulting z = {zy|y ∈ {Ys ∪ Yt}} contains,
for each candidate emotion, the index of its most
relevant demonstration. The final retrieved demon-
strations S = {s1, s2, ..., s|z|} are obtained by in-
dexing into Ddemo using z: S = Ddemo[z]. With the
retrieved S and Ycand, Agentemo outputs calibrated
emotion probabilities {(yk, pk)} via a template
Temo(x,Ycand, S) that asks the model to choose
from Ycand given x and S in the format “emotion:
probability%” (full template in Appendix A.3).
The emotion with the highest probability is selected
as the final prediction y′.

3.3.2 GRPO Formalization
We formulate the joint training of Agentdemo (θ1)
and Agentemo (θ2) using GRPO, which samples a
group of candidate trajectories, computes a dense
prototype-aware reward for each, and optimizes
both agents via relative advantages.

Joint Group Sampling. For a given input sen-
tence x, the retriever πθ1 samples a group
of G demonstration index sequences Z =
{z(1), z(2), ..., z(G)}. Each z(g) retrieves a demon-
stration set S(g) = Ddemo[z

(g)], which is then fed
into the predictor πθ2 . Conditioned on (x, S(g)),
πθ2 outputs a calibrated probability distribution
over the candidate emotion space Ycand : O(g) =

{(y(g)k , p
(g)
k )}|Ycand|

k=1 . The complete rollout for group
g is denoted as ξ(g) = (z(g),O(g)).

Prototype-Aware Reward. To provide fine-
grained supervision that captures subtle emotional
nuances, we design a continuous reward function
evaluating the semantic alignment between the pre-
dicted distribution and the ground-truth emotion
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y∗. Leveraging the pre-learned emotion prototypes
V = {vy} from Section 3.2.2, the reward for tra-
jectory ξ(g) is computed as:

r(g) =

|Ycand|∑

k=1

cos(vy∗ ,vy
(g)
k

) · p(g)k . (6)

This formulation yields a density-aware reward: it
penalizes retrievals that drift toward semantically
distant categories, while rewarding those that con-
centrate probability mass on prototypes geometri-
cally close to y∗. With r(g), both agents are jointly
optimized using the standard GRPO objective (de-
tails in Appendix A.3).

4 Experiments

4.1 Settings
Datasets. We evaluate on four fine-grained
emotion benchmarks: Empathetic Dialogue
(ED) (Rashkin et al., 2019), GoEmotions
(GE) (Demszky et al., 2020), Empathetic Intents
(EI) (Welivita and Pu, 2020), and EDOS (Welivita
et al., 2021). Following the zero-shot protocol, we
partition labels into seen (Plutchik’s 8 basic emo-
tions) and unseen (complex emotions), excluding
neutral classes. Unseen labels are split into vali-
dation/test sets at a 1:2 ratio. Dataset statistics are
summarized in Table 1.

Implementation & Metrics. We initialize the
sentence and prototype encoder with all-mpnet-
base-v2 (Reimers and Gurevych, 2019), and adopt
Llama3-8B (Grattafiori et al., 2024) and Qwen3-8B
(Yang et al., 2025) as LLM backbones. Pseudo-
labels are generated by GPT-4o-mini (OpenAI,
2024) with M=5 and K=8. We set τ=0.05,
batch size B=16 for Lproto, and prototype filtering
ρ=0.4, GRPO group size G=8 for the dual-agent
stage. Both agents are jointly optimized with LoRA
(r=16, α=32) for 3 epochs on a single A100 GPU
(batch size 4). We report accuracy, macro-F1, and
weighted-F1 (wF1), averaged over 3 random seeds.
Detailed GRPO implementation, hyperparameter
sensitivity, and component sensitivity are provided
in Appendix A.3, A.4, and A.5.

Baselines. We compare three paradigms: (1)
Prototype-based classifiers: Learn emotion-
specific prototype embeddings via contrastive loss
(Eq. 3), then perform nearest-neighbor classifi-
cation. Implemented with RoBERTalarge (Liu
et al., 2019), MPNet (Song et al., 2020), and

Dataset ED GE EI EDOS

#E #S #E #S #E #S #E #S
train 8 4,891 8 7,077 8 28,744 8 1,439
dev 8 1,306 6 951 8 6,464 10 452
test 16 2,584 13 3,202 16 12,779 22 952
Du / 12,911 / 16,408 / 76,926 / 5,616

Table 1: Statistics of datasets. #E and #S denote the
number of emotions and samples, respectively.

TACO (Gong et al., 2025). (2) LLM-based meth-
ods: Use both open-source (Llama3-8B, Qwen3-
8B) and commercial (GPT-4o-mini, DeepSeek-V3
(Liu et al., 2024a), Claude-3.7-sonnet (Anthropic,
2024)) LLMs, using golden demonstrations while
maintaining the same prompt template with us.
More LLMs are in Appendix A.6. (3) Automatic
prompt engineering & ICL retrieval: APE (Zhou
et al., 2023), OPRO (Yang et al., 2024), MoT (Li
and Qiu, 2023) and EICL (Ren et al., 2025). All
of them are implemented with Qwen3-8B and con-
struct demonstrations from the same unlabeled cor-
pus to ensure fairness, their details are provided in
Appendix A.2.

4.2 Main Results

Table 2 presents the comprehensive performance.
Built on Qwen3-8B, EmoDap consistently outper-
forms all baselines across four datasets; it surpasses
the strongest LLM baseline (Claude-3.7-sonnet)
by an average of 3.26% in accuracy, 2.55% in
macro-F1, and 3.35% in wF1. With Llama3-8B,
EmoDap remains highly competitive against com-
mercial LLMs. Notably, all LLM baselines rely
on golden demonstrations, whereas EmoDap op-
erates solely on pseudo-labeled ones, highlighting
the framework’s robustness under strict zero-shot
constraints. Integrating prototype guidance with
dual-agent retrieval yields consistent gains over
LLM-only prompting (achieving an average wF1
improvement of 5.16% with EmoDapQwen3-8B com-
pared to using Qwen3-8B alone), confirming that
quantitative emotion anchoring effectively compen-
sates for fine-grained decision ambiguity. Com-
pared to automatic prompt engineering methods,
APE/OPRO/EICL all rely on annotated feedback
while MoT lacks emotion-aware alignment, lim-
iting their zero-shot effectiveness. EmoDap cir-
cumvents these by leveraging prototype theory to
constrain LLM reasoning, achieving superior gen-
eralization without task-specific supervision.
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Method ED GE EI EDOS
ACC. F1 wF1 ACC. F1 wF1 ACC. F1 wF1 ACC. F1 wF1

Prototype-based
RoBERTalarge 30.34 24.50 30.27 20.63 16.94 20.05 19.48 15.86 19.39 16.55 14.12 16.77
MPNet 31.78 25.22 31.45 21.56 17.99 21.11 20.70 17.29 21.43 17.66 15.08 16.91
TACO 33.23 27.65 34.02 24.41 20.14 23.97 24.21 20.18 22.70 19.24 17.53 20.80
LLM-based
Llama3-8B 64.04 61.18 62.73 48.31 42.43 48.26 40.01 38.98 39.82 43.85 41.40 41.44
Qwen3-8B 70.12 70.39 70.94 52.65 46.50 56.05 40.58 39.96 41.33 43.12 42.89 43.08
GPT-4o-mini 69.39 65.18 69.16 54.62 42.05 55.38 38.23 39.77 40.49 42.54 40.06 41.43
Deepseek-V3 70.90 67.52 71.21 55.95 45.57 56.63 39.81 41.25 42.03 42.64 41.62 42.30
Claude-3.7-sonnet 74.33 74.21 73.98 58.15 47.79 58.47 40.91 44.85 42.57 44.82 45.27 43.63
Automatic prompt engineering
APE 69.96 69.51 69.01 51.67 45.96 55.84 40.62 39.61 40.54 43.10 41.65 41.82
OPRO 69.39 69.31 69.60 51.09 45.82 55.37 40.05 39.46 39.09 43.53 42.61 42.36
EICL 69.85 69.64 69.52 51.56 45.01 55.29 40.51 39.67 40.02 44.02 42.81 42.28
MoT 69.03 69.32 68.86 51.17 45.60 55.14 39.75 39.44 39.10 43.74 42.90 41.70
EmoDapLlama3-8B 72.14 72.41 72.53 53.85 46.88 54.31 42.79 39.52 43.02 47.27 46.67 46.29
EmoDapQwen3-8B 76.45 76.37 76.46 59.63 51.10 61.62 45.79 46.57 45.99 49.37 48.29 47.98
EmoDap-OODLlama3-8B 71.58 71.79 71.80 53.10 46.43 53.72 42.18 39.05 42.29 46.59 46.10 45.66
EmoDap-OODQwen3-8B 75.83 75.64 75.82 59.39 50.57 61.19 45.29 46.03 45.47 48.70 47.81 47.31

Table 2: Main results on 4 datasets. The best results are in bold, while the second best are underlined.

Out-of-Domain Robustness. We evaluate an
OOD setting where the source dataset Ds for pro-
totype learning is replaced by randomly sampled
data from the other three benchmarks. As shown
in Table 2 (EmoDap-OOD), performance drops by
only 0.4%–0.7%, while still significantly outper-
forming all baselines. This confirms that emotion
prototypes capture generalizable semantic anchors
rather than dataset-specific artifacts, demonstrating
the strong generalization capability of our frame-
work that can be readily extended to new domains.

4.3 Ablation Study

Table 3 isolates the contribution of each compo-
nent. Dual-agent decomposition is critical: col-
lapsing to a single agent reduces wF1 by 3.43%,
as a unified model struggles to simultaneously opti-
mize retrieval strategy and semantic classification.
Removing GRPO fine-tuning degrades demonstra-
tion quality, confirming that preference alignment
is necessary for learning effective selection poli-
cies. Disabling self-consistency annotation lowers
pseudo-label reliability, while replacing K-means
with random sampling reduces contextual diversity,
both hurting performance. Removing the prototype
filter forces the predictor to handle dense emotional
interference alone, causing a 6.25% wF1 drop, val-
idating its role in compressing the candidate space.

Retrieval Policy Ablation. To further analyze
the contribution of Agentdemo, we keep the
trained Agentemo frozen and replace only the
demonstration-selection rule, while still using the

Method ACC. F1 wF1
EmoDapQwen3-8B 57.81 55.58 58.01

w/ single-agent 55.19 51.39 54.58
w/o GRPO fine-tuning 55.44 52.67 54.71
w/o self-consistency 55.01 51.55 54.36
w/o K-means 55.47 52.43 54.44
w/o prototype 51.88 48.80 51.76

Retrieval policy variants (Agentemo frozen):
Agentdemo← adversarial† 50.06 48.10 50.21
Agentdemo← random 55.30 52.03 54.62
Agentdemo← centroid 55.31 52.53 54.63
Agentdemo← nearest-NN 55.56 52.73 54.66
Agentdemo← oracle∗ 59.33 56.97 59.51

Table 3: Averaged ablation results. Random: uniform
sampling; Centroid/Nearest-NN: closest to class cen-
troid or query (standard similarity retrieval); Adver-
sarial†: most query-similar demonstration outside the
candidate class (worst-case lower bound); Oracle∗: ex-
haustive search for the same-class demonstration max-
imizing predictor confidence (empirical upper bound).
Per-dataset results in Appendix Table 11.

same Ddemo. We compare five strategies that
span a wide spectrum of retrieval quality (Table 3,
lower part). Three observations follow. (i) Sim-
ilarity is not enough: random/centroid/nearest-
NN retrievers cluster within 0.04% wF1 of one
another, confirming that surface-similar demon-
strations carry little discriminative signal in fine-
grained settings. (ii) Counterproductive retrieval
is real: the adversarial retriever drops 4.4% wF1
below random, directly evidencing Challenge 2,
since a similarity-maximizing but emotion-blind
policy actively misleads the predictor. (iii) Clos-
ing the oracle gap: the trained Agentdemo recovers
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Reward variant ACC. F1 wF1
Confidence-only (py∗ ) 55.62 53.18 55.83
Cosine-only (top-1 weighted) 53.91 51.48 54.07
Prototype-aware (ours) 57.81 55.58 58.01

Table 4: Reward ablation, averaged over four datasets.
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Figure 3: Shared-reward training dynamics on ED. Blue:
joint prototype-aware reward r(g) (Eq. 6); orange (right
axis): KL to the reference policy. Lines: mean over 3
seeds; bands: ±1 std.

∼69% of the gap between nearest-NN (54.66%)
and the oracle (59.51%), demonstrating that joint
GRPO optimization learns substantially more than
what cosine similarity can express. Substitution-
robustness is deferred to Appendix A.7.

Reward Function Ablation. The GRPO reward
in Eq. 6 couples predictor confidence p(g)k with pro-
totype similarity cos(vy∗ ,vy

(g)
k

). To verify that this
coupling, rather than either ingredient alone, drives
the gain, we compare three variants while keeping
every other component fixed: Confidence-only
(r(g)=p

(g)
y∗ , hard-label likelihood); Cosine-only

(r(g)=cos(vy∗ ,vŷ(g)) with ŷ(g)=argmaxk p
(g)
k ,

scoring only the top-1 prediction); and our full
Prototype-aware form (Eq. 6).

Table 4 shows that confidence-only loses 2.18%
wF1, since a hard-label reward cannot distinguish
“confidently wrong on a near-synonym” from “con-
fidently wrong on an unrelated emotion”. Cosine-
only is even worse (−3.94%), because collapsing
the distribution onto its top-1 discards the very
information GRPO uses to differentiate trajecto-
ries within a group. The full prototype-aware re-
ward consistently dominates across all three met-
rics, confirming that the soft, distribution-weighted
coupling is what turns prototype geometry into an
effective training signal.

4.4 Training Dynamics
We analyze the joint optimization from two comple-
mentary angles: (i) whether a single shared reward
suffices to coordinate both agents, and (ii) how the
retriever’s selection criterion evolves.

Figure 4: Retrieval–prediction alignment on ED. Predic-
tor confidence and query–demo cosine similarity co-rise
initially and decouple after ∼600 steps.
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Figure 5: Confusion matrices on the ED dataset.
Heatmap intensity shows confusion strength, with the
diagonal set to zero.

Shared-Reward Convergence. A defining prop-
erty of our joint optimization is that Agentdemo and
Agentemo are driven by a single prototype-aware
reward r(g) (Eq. 6): the same scalar credits both
retrieval and prediction, binding the two agents
into one cohesive policy rather than two competing
objectives. Figure 3 shows the smoothed shared
reward on ED (3 seeds, window 50): it rises mono-
tonically from ∼0.45 to ∼0.72 in two phases (fast
warm-up before ∼600 steps, slow refinement af-
ter), with the cross-seed std shrinking from 0.027
to below 0.01 at convergence and the KL to πref
plateauing near 0.05. The absence of oscillation
or seed divergence verifies that one shared reward
is sufficient to coordinate the dual-agent system
without auxiliary per-agent objectives.

Retrieval–Prediction Alignment. To examine
how the retriever drifts away from similarity heuris-
tics during training, we track two quantities along
GRPO updates on ED (Figure 4): predictor con-
fidence on the ground-truth emotion conditioned
on the retrieved demonstration, and cosine similar-
ity between the query embedding and the retrieved
demonstration. The two curves co-rise during the
first ∼600 steps, when the retriever is still anchored
on similarity, and then decouple: cosine similarity
plateaus and slightly declines while predictor confi-
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Figure 6: Combined heatmap of the confusion matrix
(lower/blue) and cosine similarity (upper/red) for com-
plex emotions in the EDOS dataset.
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Figure 7: t-SNE visualization of emotion prototype
embeddings in the ED dataset.

dence keeps climbing, the signature of preference-
driven retrieval that occasionally trades surface sim-
ilarity for downstream prediction quality.

4.5 Qualitative Analysis & Interpretability

Confusion Mitigation & Prototype Correlation.
Figure 5 shows that EmoDap systematically sup-
presses inter-class leakage on ED, particularly for
challenging pairs (e.g., impressed vs. proud) that
frequently mislead conventional models. We at-
tribute this to prototype-guided filtering and contex-
tually aligned demonstration retrieval. To quantify
the tie between prototype geometry and residual
errors, Figure 6 overlays the normalized confusion
intensity with prototype cosine similarity on EDOS:
emotion pairs with higher prototypical similarity
(e.g., encouraging vs. hopeful, sentimental vs. nos-
talgic) exhibit stronger residual confusion, and vice
versa, confirming that prototype quality dominates
the framework’s residual discriminative limits. Ex-
tended confusion analyses across all four datasets
and a per-emotion gain breakdown are provided in
Appendices A.8 and A.9.

Prototype Geometry. We visualize the geomet-
ric structure of learned prototypes via t-SNE on

Model Cost Time ACC. wF1
Deepseek-V3 0.6$ 0.32×5 sec 52.33 53.04

Claude-3.7-sonnet 9.8$ 0.34×5 sec 54.55 54.66
Qwen3-8B 0$ 0.31×5 sec 51.62 52.85

EmoDap (Ours) 0$ 0.74 sec 57.81 58.01

Table 5: Comparison of call costs (per 1000 instances)
and inference time (per instance) under one-shot and
self-consistency baselines, averaged over four datasets.

Predictor 1-shot + EmoDap retr. ∆
Llama3-8B 48.06 52.43 +4.37
Qwen2.5-7B 51.24 55.34 +4.10
GPT-4o-mini 51.62 55.26 +3.64
DeepSeek-V3 53.04 56.75 +3.71

Table 6: Cross-predictor transfer of the Qwen3-8B
trained Agentdemo (averaged wF1, %).

the 16 unseen emotions of ED (Figure 7). Emotion
clusters are clearly separated, and previously con-
fusable pairs (e.g., impressed vs. proud, sentimen-
tal vs. nostalgic) occupy distinct regions, providing
a geometric explanation for the confusion-matrix
mitigation reported below. A detailed case study
of demonstration retrieval on a hard instance is
provided in Appendix A.10.

4.6 Efficiency and Transferability

Inference Efficiency. Table 5 compares API cost
and inference latency. Baselines employing self-
consistency voting require five LLM calls per in-
stance (0.32–0.37× 5 sec), whereas EmoDap ap-
plies self-consistency only during precomputation,
achieving lower latency (0.74 sec) and zero API
cost with open-source backbones.

Cross-Predictor Transferability. To test
whether Agentdemo learns Qwen3-8B–specific
habits or a universal notion of demonstration qual-
ity, we freeze the retriever trained with Qwen3-8B
and pair it with four unseen predictors, comparing
against each predictor’s cosine-similarity 1-shot
baseline averaged over the four benchmarks.
Table 6 reports a consistent ∼4% wF1 gain across
all four predictors, comparable to the 5.16% wF1
in-distribution gain on Qwen3-8B. This indicates
that Agentdemo captures predictor-agnostic demon-
stration quality and can be trained once on a small
LLM and reused as a drop-in module for stronger
but costlier predictors.

5 Conclusion

In this paper, we present EmoDap, a GRPO-
optimized dual-agent framework for zero-shot FER.
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By jointly learning a prototype-guided emotion
predictor and a preference-driven demonstration
retriever, EmoDap effectively mitigates semantic
interference and counterproductive retrieval. Com-
prehensive evaluations across four benchmarks es-
tablish consistent gains over strong baselines, vali-
dating our approach as a robust, zero-shot paradigm
for affective NLP. Future work will extend this
framework to multimodal emotion understanding.

6 Acknowledgements

This research is supported by the National
Key R&D Program of China (Grant No.
2023YFC3303800) and the National Natural Sci-
ence Foundation of China (Grant Nos. U25B2029
and 62322202).

7 Limitations

We identify four limitations in our work.
First, our approach is limited to single-modality

text analysis, whereas real-world emotional expres-
sion often involves multiple modalities, such as
memes, which imposes constraints on practical ap-
plications.

Second, our emotion prototypes are derived from
Oxford English Dictionary definitions, which may
reflect Western-centric affective categorizations.
We acknowledge that automated emotion recogni-
tion should not replace professional psychological
assessment, and future work will validate EmoDap
across multilingual and culturally diverse corpora
to mitigate demographic bias.

Third, the dominant residual error mode is pro-
totype collapse on near-synonym pairs. A manual
audit of 100 random EmoDap errors on ED at-
tributes 43% of failures to emotion pairs whose
definitions overlap heavily (e.g., sentimental vs.
nostalgic, apprehensive vs. hopeful), so Ycand re-
tains both and the geometric guidance flattens. This
matches the small per-class gains for these pairs
in Appendix A.9 and points to richer (e.g., multi-
modal or contextually grounded) prototypes as a
concrete next step.

Fourth, both the prototype filter and the demon-
stration pool are built from sincere, literal expres-
sions, leaving EmoDap blind to sarcasm and figu-
rative language (29% of audited errors); a sarcasm-
aware reranker or non-literal augmentation of the
demonstration pool would be required to close this
gap. A small share of remaining errors stems from
over-aggressive ρ filtering and noisy ground-truth

labels, with the full breakdown in Appendix A.11.
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A Appendix

A.1 Prototype Learning for Zero-Shot
Classification

Cognitive models posit that categories form around
a central anchor point (Hampton, 2006), a principle
that extends to semantic spaces: texts expressing
Angry, for instance, cluster around a statistical pro-
totype, reducing classification to prototype com-
parison. For unseen emotions lacking labeled data,
prior work (Lampert et al., 2014) shows that mod-
els can infer prototypes from textual descriptions
alone, enabling zero-shot classification. Despite
wide adoption (Ji et al., 2021; Xu et al., 2023), gen-
eralization remains limited; recent methods such
as TACO (Gong et al., 2025) improve prototype
quality via cluster-guided contrastive learning on
supervised emotions, but their transfer to unseen
emotions is unverified.

A.2 Datasets and Baseline
Datasets
We evaluate on four benchmarks:

• Empathetic Dialogue (ED) (Rashkin et al.,
2019): two-speaker conversations with 32 emo-
tions (8 basic + 24 complex).

• GoEmotion (GE) (Demszky et al., 2020): Red-
dit comments with 27 emotions plus neutral. Since
its label set covers only 6 of Plutchik’s basic emo-
tions, we map the two closest alternatives (Ap-
proval→Trust, Optimism→Anticipation) and ex-
clude neutral, yielding 8 basic + 19 complex.

• Empathetic Intents (EI) (Welivita and Pu,
2020): an ED extension with 32 emotions (8+24).

• EDOS (Welivita et al., 2021): curated from
OpenSubtitles (Lison et al., 2018), 40 emotions
(8+32) plus neutral.

ED and GE are the largest and most challenging
FER benchmarks, preprocessed following (Chen
et al., 2023; Zhang et al., 2024); EI and EDOS are
from the empathetic-response domain.

Automatic Prompt Engineering Baselines
We provide more details about the automatic
prompt engineering and ICL demonstration re-
trieval approaches here:

• APE (Zhou et al., 2023) uses an LLM to generate
candidate prompts, evaluates their performance on

Algorithm 1 EmoDap Training and Inference
Require: Training set Ds, unlabeled corpus Du, emotion

sets Ys,Yt, cluster size K, filtering ratio ρ, group size
G, KL coefficient β.

Ensure: Optimized joint parameters Θ = {θ1, θ2} and pre-
dictions y′ for inputs x.
// Stage 1: Precomputation (Frozen)

1: D̃u ← SelfConsistencyAnnotation(Du,M)

2: Ddemo ← ClusteringAndSampling(D̃u,K)
3: V,Enc(·)← ContrastivePrototypeLearning(Ds,Ys)

// Stage 2: GRPO-Optimized Dual-Agent Training
4: for each epoch do
5: for batch (x, y∗) ∈ Ds do
6: Ycand ← Top-ρ({cos(Enc(x),vy) | y ∈ Ys∪Yt})

// Agentemo filtering
7: Sample Z = {z(1), . . . , z(G)} ∼ πθold

1
(· | x)

8: for g = 1 to G do
9: S(g) ← Ddemo[z

(g)]

10: O(g) ← πθ2(x, S
(g), Ycand) // Agentemo rollout

11: r(g) ←∑
k cos(vy∗ ,v

y
(g)
k

) · p(g)k // Eq. 6

12: end for
13: A(g) ← GroupNormalize({r(g)}Gg=1)
14: Update Θ = {θ1, θ2} via∇ΘLGRPO(Θ) (Eq. 8)
15: end for
16: end for

// Stage 3: Inference
17: Ycand ← Top-ρ({cos(Enc(x),vy)})
18: z∗ ← argmaxz πθ1(z | x, Ycand), S∗ ← Ddemo[z

∗]
19: y′ ← argmaxπθ2(x, S

∗, Ycand)
20:
21: return y′

a training set, and applies a Monte Carlo search to
optimize for high-quality prompts.

• OPRO (Yang et al., 2024) optimizes prompts by
leveraging historical iteration data (performance,
patterns) and LLM reasoning to guide refinements.

• MoT (Li and Qiu, 2023) first pre-processes unla-
beled data to build memory, then retrieves the most
useful memories at the inference stage.

• EICL (Ren et al., 2025) leverages dynamic emo-
tion labels and uses an exclusionary prediction strat-
egy to filter out irrelevant emotional categories.

For a fair comparison, it should be mentioned
that these retrieval-based methods share a common-
ality with EmoDap: both construct demonstrations
by retrieving from the same set Ddemo.

A.3 GRPO Training Details

Our EmoDap framework’s pseudo algorithm is
shown in Algorithm 1.

Prompt Templates. The two prompt templates
used in Section 3 are:
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Tdemo(x,Ycand,Ddemo) = Given the sentence:
{x}\n. For each emotion in {Ycand}, please
select the most relevant sentence from the
demonstration pools: {Ddemo}.

Temo(x,Ycand, S) = Given a sentence, please
determine the emotion it conveys.\n Here
are demonstrations of these emotions:{S}.\n
Please understand the meaning of each
emotion through these demonstrations.\n
Sentence: {x}\n Choose your answer
from {Ycand}.\n Output format: emotion:
probability%.

Gradient Pathway. Although the final re-
trieval zy = argmaxk cos(hagent,h

y,k
demo) is non-

differentiable, gradients to θ1 flow through the
standard policy-gradient pathway: at training time,
hagent is conditioned on the autoregressive token se-
quence generated by πθ1 under Tdemo, and a group
of G trajectories {z(g)} is obtained by token-level
stochastic sampling from πθ1 . The GRPO surro-
gate then back-propagates the relative advantage
A(g) to all sampled tokens of πθ1 , while πθ2 re-
ceives gradients from its own emitted probability
tokens that produce O(g). The argmax over cached
Hdemo acts only as an inference-time index lookup
and is bypassed in gradient computation.

GRPO Objective. GRPO eliminates the need for
a separate value network by normalizing rewards
within the sampled group. The relative advantage
for each trajectory is:

A(g) =
r(g) − mean({r(i)}Gi=1)

std({r(i)}Gi=1) + ϵstab
, (7)

where ϵstab ensures numerical stability. Both agents
are jointly optimized by maximizing the standard
GRPO clipped surrogate objective:

LGRPO(Θ) = Ex,{ξ(g)}∼πΘold

[
1

G

G∑

g=1

min
(
ω(g)A(g),

clip
(
ρ(g), 1− ϵ, 1 + ϵ

)
A(g)

)

− β DKL
(
πΘ ∥ πΘref

)]
.

(8)

where Θ = {θ1, θ2}, ω(g) = πΘ(ξ(g)|x)
πΘold (ξ

(g)|x) is the

importance sampling ratio, and πΘref is a frozen
reference policy initialized from πΘold . The KL
penalty regularizes both agents, preventing re-
trieval degeneracy and maintaining calibrated prob-
ability outputs during prediction. Through itera-
tive updates, the dual-agent system learns a co-
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Figure 8: Hyperparameter sensitivity.

Model ACC. F1 wF1 APCD
GPT-4o-mini 57.81 55.58 58.01 1.47

w/ GPT-3.5-turbo 57.33 54.61 57.56 1.40
w/ Qwen2.5-7B 57.48 55.22 57.74 1.42

Table 7: The impact of different LLMs as pseudo-
annotators, where APCD denotes average pairwise co-
sine distance.

hesive strategy where Agentdemo strategically se-
lects demonstrations that maximize Agentemo’s
prototype-aligned prediction confidence.

In the dual-agent framework, we set the GRPO
group size G = 8. The KL regularization coeffi-
cient is set to β = 0.02, with clipping parameter
ϵ = 0.2. Both Agentdemo and Agentemo are jointly
optimized via the GRPO objective (Eq. (8)) for 3
epochs on a single A100 GPU (80GB) with a batch
size of 4. The reference policy πΘref is initialized
from the base model and updated at the end of each
epoch to stabilize training.

A.4 Hyperparameter Sensitivity
Figure 8 analyzes sensitivity to cluster size K
and filtering threshold ρ. Performance peaks at
K = 8; smaller K restricts demonstration diver-
sity, while larger K introduces redundancy. The
optimal threshold is ρ = 0.4: lowering ρ severely
compromises recall of the ground-truth emotion,
whereas higher ρ admits distractor categories that
dilute prediction confidence. These results indi-
cate that moderate candidate compression balances
recall and precision with computational efficiency.

A.5 Component Sensitivity Studies
We further dissect three input-side design choices
that determine the quality of the prototype space
and the demonstration pool: (i) the LLM pseudo-
annotator, (ii) the sentence encoder used to em-
bed prototypes and queries, and (iii) the prototype
source, i.e., the textual definition from which each
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emotion’s anchor is derived. All results are aver-
aged over the four datasets.

LLM annotator. The quality of pseudo-labels
conditions both the demonstration pool and the
GRPO reward signal. We replace the default GPT-
4o-mini with two weaker alternatives (GPT-3.5-
turbo and Qwen2.5-7B) and report the resulting
end-to-end performance and the average pairwise
cosine distance (APCD) of the demonstration pool
in Table 7. APCD is computed as

APCD =
2

n(n− 1)

n−1∑

i=1

n∑

j=i+1

(1− cos(hi, hj)) ,

(9)
where hi, hj are the prototype-encoder represen-
tations of two clustered samples; APCD ranges
in [0, 2], with larger values indicating greater se-
mantic dispersion. Two observations stand out:
(1) end-to-end wF1 varies by only 0.45% across
the three annotators, indicating that K-means clus-
tering effectively filters out low-quality pseudo-
labels; (2) the diversity of the resulting pool (APCD
∈ [1.40, 1.47]) is essentially insensitive to the anno-
tator, because the unlabeled corpus is large enough
that any reasonable annotator can recover a diverse
demonstration set.

Sentence encoder. The encoder Enc(·) shapes
the geometry of the prototype space and is there-
fore a key knob in EmoDap. We replace the de-
fault all-mpnet-base-v2 with two popular alterna-
tives, SimCSE-RoBERTalarge (Gao et al., 2021) and
E5-base (Wang et al., 2022), retrain only the con-
trastive prototype objective Lproto while keeping
the dual-agent stage identical, and re-evaluate end-
to-end. Table 8 reports both downstream wF1 and
the prototype-space silhouette score (Rousseeuw,
1987), which measures how compactly each emo-
tion clusters around its prototype (higher = better).
Two observations follow. (i) All three encoders
yield comparable end-to-end performance, con-
firming that EmoDap’s gain stems from the dual-
agent retrieval–prediction loop rather than encoder-
specific embeddings. (ii) The default mpnet at-
tains the best balance between silhouette (0.31) and
downstream wF1 (58.01%), justifying our choice.

Prototype source. EmoDap derives each emo-
tion prototype from its Oxford English Dictionary
(OED) definition. To probe whether this choice is
essential, we replace the OED definition with two
alternative textual sources of comparable length,

Sentence Encoder Sil.↑ ACC. wF1
all-mpnet-base-v2 (ours) 0.31 57.81 58.01
SimCSE-RoBERTalarge 0.27 57.12 57.40
E5-base 0.29 57.35 57.61

Table 8: Effect of the sentence encoder on the prototype-
space silhouette score and the downstream end-to-end
performance, averaged over four datasets.

Prototype source ACC. wF1
Oxford Dictionary (ours) 57.81 58.01
WordNet glosses 57.43 57.66
GPT-4o-generated descriptions 57.18 57.34

Table 9: Effect of the textual source from which
each emotion prototype is derived, averaged over four
datasets.

keeping every other component fixed: (i) WordNet
glosses, and (ii) GPT-4o-generated 1–2-sentence
descriptions of each emotion (we paraphrase three
times per label and average the encoded prototype).
Results are summarized in Table 9. OED defi-
nitions yield the strongest performance, slightly
outperforming both lexical (WordNet) and LLM
sources. LLM-generated descriptions, despite be-
ing highly fluent, lag by ∼0.7% wF1, likely be-
cause they paraphrase common usage and there-
fore underweight the contrastive features that dis-
tinguish near-synonym emotions. Crucially, the
spread across all three sources is within 1.0% wF1,
indicating that EmoDap is robust to the prototype
source as long as it carries discriminative semantic
content; the dual-agent retrieval–prediction loop
compensates for moderate variations in prototype
quality.

A.6 Comparison with More LLMs

To assess scalability, we additionally evaluate
Qwen3-14B against leading commercial LLMs:
GPT-4o-mini, DeepSeek-V3 (Liu et al., 2024a),
Claude-3.7-sonnet (Anthropic, 2024), Gemini-
2.5-flash (Team, 2025), and GPT-4o (Hurst et al.,
2024). Results in Table 10 confirm our main find-
ings: EmoDap on Qwen3-14B yields consistent
and statistically significant gains over even the
strongest baseline (GPT-4o) across all datasets,
demonstrating its generalization. Detailed ablation
results are reported in Table 11.

A.7 Demonstration Substitution Robustness

To verify that Agentdemo’s choice is not arbitrary
among same-class candidates, we conduct a substi-
tution study on the ED test set: holding the predic-
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Model ED GE EI EDOS
ACC. F1 wF1 ACC. F1 wF1 ACC. F1 wF1 ACC. F1 wF1

GPT-4o-mini 68.66 64.44 68.48 53.80 41.34 54.60 37.58 39.05 39.73 41.71 39.25 40.75
w/ one-shot 69.39 65.18 69.16 54.62 42.05 55.38 38.23 39.77 40.49 42.54 40.06 41.43

Deepseek-V3 70.03 66.53 70.33 55.17 44.69 55.92 39.09 40.48 41.22 41.86 40.89 41.52
w/ one-shot 70.90 67.52 71.21 55.95 45.57 56.63 39.81 41.25 42.03 42.64 41.62 42.30

Claude-3.7-sonnet 73.26 73.48 72.53 57.87 46.27 58.22 39.93 43.63 42.11 44.52 43.87 42.93
w/ one-shot 74.33 74.21 73.98 58.15 47.79 58.47 40.91 44.85 42.57 44.82 45.27 43.63

Gemini-2.5-flash 74.52 74.97 74.01 58.67 48.39 58.97 41.24 45.31 43.33 45.26 45.82 44.44
w/ one-shot 75.28 75.50 75.45 59.94 48.64 60.50 42.13 45.99 44.36 46.79 46.25 44.98

GPT-4o 75.26 74.66 74.23 59.50 47.69 59.88 40.73 45.29 43.69 45.70 45.68 44.12
w/ one-shot 76.02 75.85 75.90 60.55 48.45 60.78 42.48 45.82 44.51 47.34 46.08 45.22

Llama3-8B 62.96 60.36 61.77 47.01 41.65 47.19 38.95 38.17 38.99 42.86 40.54 40.61
w/ one-shot 64.04 61.18 62.73 48.31 42.43 48.26 40.01 38.98 39.82 43.85 41.40 41.44
w/ EmoDap 72.14 72.41 72.53 53.85 46.88 54.31 42.79 39.52 43.02 47.27 46.67 46.29

Qwen2.5-7B 67.62 68.15 68.43 50.27 44.31 53.70 38.35 37.73 38.87 40.82 40.55 40.77
w/ one-shot 68.56 68.87 69.23 51.10 45.04 54.57 39.13 38.47 39.66 41.55 41.27 41.49
w/ EmoDap 74.42 74.37 74.57 58.18 49.55 60.09 44.38 44.16 44.47 47.90 46.82 46.41

Qwen3-8B 69.65 70.08 70.37 52.10 46.14 55.63 40.18 39.56 40.70 42.65 42.38 42.60
w/ one-shot 70.12 70.39 70.94 52.65 46.50 56.05 40.58 39.96 41.33 43.12 42.89 43.08
w/ EmoDap 76.45 76.37 76.46 59.63 51.10 61.62 45.79 46.57 45.99 49.37 48.29 47.98

Qwen3-14B 72.20 70.61 71.59 55.54 44.49 55.87 38.33 42.02 39.72 42.26 40.88 40.70
w/ one-shot 73.43 71.53 72.96 56.25 45.57 56.52 38.77 42.85 40.29 43.45 41.66 41.13
w/ EmoDap 78.04 77.41 77.71 62.33 50.54 62.58 44.84 47.24 45.34 48.28 47.29 46.81

Table 10: More results on 4 datasets. The best results are in bold, while the second best are underlined.

Model ED GE EI EDOS
ACC. F1 wF1 ACC. F1 wF1 ACC. F1 wF1 ACC. F1 wF1

EmoDapQwen3-8B 76.45 76.37 76.46 59.63 51.10 61.62 45.79 46.57 45.99 49.37 48.29 47.98
w/ single-agent 73.02 72.21 73.86 57.99 47.31 58.96 42.76 42.07 42.65 46.99 43.98 42.83
w/o GRPO fine-tuning 73.89 71.99 73.99 57.48 50.08 59.65 43.45 42.42 43.32 46.94 46.19 41.86
w/o self-consistency 73.66 71.23 73.84 57.68 48.52 59.08 42.35 42.20 43.02 46.34 44.23 41.51
w/o K-means 73.30 73.00 72.93 58.12 49.13 60.09 42.84 42.72 42.13 47.62 44.88 42.62
w/o prototype 70.45 68.47 71.41 54.59 45.71 56.49 39.27 39.33 39.52 43.21 41.70 39.62

Retrieval policy variants (Agentemo frozen):
Agentdemo← adversarial† 68.86 68.53 67.92 52.83 44.86 53.11 37.29 38.07 38.74 41.28 40.95 41.05
Agentdemo← random 72.63 72.56 74.15 58.10 48.98 59.44 43.57 41.79 42.12 46.91 44.79 42.77
Agentdemo← centroid 74.02 72.00 73.11 57.06 50.27 59.31 42.76 42.43 43.45 47.40 45.43 42.63
Agentdemo← nearest-NN 74.30 71.93 74.26 58.41 49.24 60.30 42.80 43.53 42.48 46.72 46.20 41.59
Agentdemo← oracle∗ 78.12 77.61 78.21 61.27 52.63 63.06 47.25 48.08 47.30 50.69 49.54 49.45

Table 11: Ablation study on four datasets.

tor fixed, we replace the EmoDap-selected demon-
stration with one of four alternatives and measure
the wF1 drop:

• Same-class 2nd best / Same-class worst: target-
class demonstrations ranked 2nd / last by predic-
tor confidence among the K candidates;

• Random other-class: uniformly drawn from a
non-target emotion;

• Adversarial other-class: non-target demonstra-
tion with the highest cosine similarity to the
query.

Table 12 shows that even substituting a same-
class but lower-quality demonstration causes a non-
trivial 2.5 wF1 drop, confirming Agentdemo’s intra-
class selection is meaningful and not interchange-
able with any same-label example.

Substitution wF1 ∆ vs. EmoDap
EmoDap (selected) 76.46 —
↪→ same-class 2nd-best 75.71 −0.75
↪→ same-class worst 73.92 −2.54
↪→ random other-class 71.05 −5.41
↪→ adversarial other-class 67.92 −8.54

Table 12: Demonstration substitution robustness on ED.
Replacing EmoDap’s choice with a worse same-class
centroid already costs 2.5+ wF1, confirming intra-class
selectivity.

A.8 Confusion Mitigation Visualization

To provide a more comprehensive evaluation of our
model’s performance, we present detailed confu-
sion analysis visualizations in Figure 9. The results
demonstrate a consistent and significant reduction
in classification confusion across all emotion cat-
egories in the four benchmark datasets. Notably,
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Figure 9: Confusion matrices on four datasets. Heatmap intensity shows confusion strength.

this improvement is not only universal (affecting all
emotion classes) but also particularly pronounced
for traditionally challenging emotion pairs that
were previously prone to misclassification (e.g.,
admiration vs. excitement or proud vs. impressed).
Further analysis reveals two key observations: (1)
Dataset consistency: The improvements remain ro-
bust across all four datasets, demonstrating the gen-
eralizability of our method. (2) Hard case improve-
ment: Previously ambiguous emotion pairs exhibit
the most substantial reduction in confusion, sug-
gesting that our approach effectively captures sub-
tle discriminative features. This systematic reduc-
tion in confusion underscores the effectiveness of
our proposed technique in enhancing fine-grained
emotion recognition performance.

A.9 Per-Emotion Improvement Breakdown

We further investigate which emotions benefit most
from EmoDap. For each unseen emotion y ∈ Yt

on ED, we compute (i) the per-class accuracy gain
∆ACC(y) of EmoDap over Qwen3-8B, and (ii)
the average cosine distance from vy to its near-
est neighbor in the prototype space, dmin(y). The
latter measures how isolated emotion y is in the
prototype manifold, where larger values indicate
cleaner separability.

Figure 10 reveals a clear positive correlation
(Pearson r = 0.67, p < 0.01): emotions whose
prototypes are well-separated from neighboring
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Figure 10: Per-emotion accuracy gain of EmoDap over
Qwen3-8B on ED, plotted against the prototype-space
isolation dmin. Pearson r = 0.67, p < 0.01: emotions
with cleaner prototype separation benefit more from
EmoDap.

categories enjoy substantially larger gains, while
geometrically entangled pairs (e.g., sentimental–
nostalgic, dmin=0.14) see smaller improvements.
This finding has two implications: (i) prototype
quality is the primary bottleneck of our frame-
work’s residual error, providing an actionable di-
rection for future work, e.g., richer prototype rep-
resentations from multi-modal cues; and (ii) our
gains are not uniform "free lunches" but principled
improvements concentrated in the regions where
prototype guidance is most informative.

A.10 Case Study
Figure 11 illustrates retrieval behavior on a nu-
anced instance (“Dad, what should I do? I love
him so much it’s frightening.”). DeepSeek-V3’s
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Emotions Ashamed Guilty
1. I can’t believe I lied to my mother. I stole money from my friend.
2. I felt really bad when I cheated on my math test. I accidentally threw out my co-worker’s lunch today

at work. I felt so bad.
3. I was ashamed when I decided to drop out of school. Last week, I was unfaithful to my wife. I feel bad

about it.
4. I mistakenly stepped on someone without saying

sorry, and she got furious; people attacked me, I felt
so bad.

When I mistakenly hit someone into the gutter with
a car that caused him to miss his interview.

Annoyed Furious
1. I was irked when I saw someone put a dent in my

door.
Someone cut me off in traffic today.

2. There is a fly in my room and it is annoying the heck
out of me!

When someone treated me badly and talked down to
me.

3. I am very irritated with people who want to make
everyone else miserable when they are.

Someone rear-ended me and wrecked my car.

4. My upstairs neighbor is making too much noise
with her heels; sometimes she wakes me up with
the noise.

I was watching my dad’s friend’s dog and when I
left him in his dog pen, he jumped out and made a
mess of my living room!

Table 13: Collected demonstrations for similar emotion pairs from the ED dataset.

Top-4 emotions:
1. **anxious** (at a loss because of loving too deeply)
2. **terrified** (the intensity of love is described as "frightening")  
3. **hopeful** (implied in seeking guidance and expressing deep love)  
4. **sentimental** (the emotional weight of "I love him so much")  
Final prediction: anxious

Sentence: Dad, what should I do? I love him so much it's frightening.



Deepseek-V3 

Prototype recalled top-4 emotions:
[terrified-0.51, embarrassed-0.41, apprehensive-0.37, anxious-0.15]

��������� retrieval: 
• why don 't you give me your number? I 'm not sure that my fiance 

would approve. (apprehensive)
• It 's so dark, I can 't see anything. (anxious)
�������� prediction: apprehensive

Our EmoDap



Nearest retrieval: 
• Joe? I don 't think we should have a child. (apprehensive)
• If it 's not too late ... because I love you ... and I want to marry you. 

(anxious)
Qwen3-8B prediction: anxious

w/ nearest demos.



Figure 11: Case study.

top-4 predictions omit the ground-truth (apprehen-
sive), revealing limitations in capturing delicate
emotional gradations. EmoDap successfully recalls
the correct label by leveraging prototype similarity
to filter candidates and retrieve contextually aligned
demonstrations. In contrast, nearest-neighbor re-
trieval surfaces semantically proximate but emo-
tionally mismatched examples, leading to incorrect
predictions. This case confirms that agent-driven,
preference-aligned retrieval substantially outper-
forms static similarity matching in zero-shot FER.

A.11 Failure Case Analysis

We complement the success case in Appendix A.10
with a failure analysis based on 100 randomly sam-
pled errors of EmoDap on ED. Errors cluster into
three patterns:

(i) Prototype collapse on near-synonym pairs

(43%). When two emotions share highly overlap-
ping definitions (e.g., sentimental vs. nostalgic),
their prototypes are insufficiently separated, and
the candidate set Ycand retains both, leaving the
predictor to disambiguate without further geomet-
ric guidance. This is the dominant residual error
and aligns with the per-emotion analysis in Ap-
pendix A.9.

(ii) Sarcasm and figurative language (29%).
Sentences expressing one emotion through the sur-
face form of another (e.g., ironic praise) defeat both
the prototype filter and the retriever, because the
demonstration pool, built from sincere expressions,
contains no aligned supervision. Multi-modal cues
or a sarcasm-aware reranker would be needed.

(iii) Over-aggressive candidate filtering (17%).
When ρ is set too low, the GT emotion is occasion-
ally pruned out of Ycand (a hard ceiling that no
downstream stage can recover from). The remain-
ing 11% are noisy ground-truth labels confirmed
by manual inspection. These observations directly
motivate our Limitations section and inform sev-
eral future directions, including richer prototype
representations and adaptive ρ scheduling.

A.12 Demonstration Pool Quality
To investigate the quality of the demonstration pool,
we present in Table 13 four examples for similar
emotion pairs from the ED dataset. These examples
were obtained by clustering the unlabeled corpora.
As the most representative samples at the cluster
centers, they show rich diversity in content and vari-
ation in length, thus effectively covering queries of
different contexts and sizes.
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