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Abstract

Emotion Recognition in Conversation (ERC),
the task of identifying the emotion of each ut-
terance in a conversation, is crucial for human-
machine interaction. Existing LLM-based ERC
methods focus on standard prompting and slow
thinking for emotion analysis. However, they
suffer from the lack of human-like emotion
reasoning and discrimination between similar
emotions, thus limiting accurate emotion pre-
dictions. To this end, we present JoPR, jointing
perception-curriculum learning and emotional
reasoning for conversational emotion recogni-
tion. Specifically, we devise a multi-dimension
curriculum with long CoT fine-tuning to clone
human-like emotion reasoning. We further
design an emotion-specific reward function
in a novel reinforcement learning framework,
thereby enhancing the discernment between
similar emotions. We conduct extensive ex-
periments on three widely used benchmark
datasets, and the results demonstrate that our
JoPR achieves consistent and significant im-
provements over baselines.

1 Introduction

Emotion recognition in conversation (ERC) aims to
identify the emotion of each utterance within a con-
versation, which is a crucial task in the community
of natural language processing (NLP). The task
has received increasing attention due to its poten-
tial applications, such as mental health assessment
(Talati, 2023), personalized content recommenda-
tion (Song et al., 2024), socially adaptive robots
(Ackermann et al., 2025), and so on.

With the rapid development of large language
models (LLMs), researchers have exhibited the per-
ception and reasoning capabilities of large models
in the realm of ERC. For example, InstructERC
(Lei et al., 2023) leverages prompt tuning to incor-
porate speaker identity and conversational context.
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Conversation: LLM-based ERC Model

é

UL Well you paint

U2: Well I di

U3: Did she cry? (Excited)

U4: She didn't cry, but she was laughing a lotand ...... (?)

Figure 1: Comparison between previous ERC models
and our method. (a) Existing ERC methods achieve
emotion perception. (b) Our method performs deep
thought process over context, speaker, and the distinc-
tions between similar emotions, to facilitate accurate
emotion reasoning and perception.

BiosERC (Xue et al., 2024) enhances emotional
understanding by generating speaker biographical
knowledge. LaERC-S (Fu et al., 2025) dynami-
cally integrates commonsense knowledge. Despite
their impressive performance, they still struggle to
accurately provide the boundary between similar
emotion labels.

Recent advancements in language reasoning
models (LRMs), such as ol (Jaech et al., 2024) and
DeepSeek R1 (Guo et al., 2025), have attracted an
enormous amount of attention from both classifica-
tion and reasoning. Their success stems primarily
from slow thinking (De Neys, 2023). Advanced
methods leverage reinforcement learning (RL) with
reward functions to guide models for slow thinking,
thus yielding impressive performance in complex
reasoning tasks (Chen et al., 2025; Xiang et al.,
2024; Zhu et al., 2025; Tang et al., 2025). However,
such attempt for the task of ERC remain under-
explored. Therefore, utilizing reinforcement learn-
ing with emotion-specific reward function is poten-
tial for accurate emotion predictions.

In this paper, we introduce JoPR, a novel frame-
work that joints perception-curriculum learning and
emotional reasoning for conversational emotion
recognition. JoPR combines curriculum learning
(CL) with RL to alleviate the confusion between
similar emotion labels in a human-like reasoning
manner. First, we use supervised fine-tuning (SFT)
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to inject emotion-specific structured reasoning and
long chain-of-thought (CoT) capability into the
model. After then, leveraging direct preference
optimization (DPO) to achieve the consistency be-
tween emotion reasoning and answers. Finally, we
employ group-relative policy optimization (GRPO)
with emotion-level reward to guide the model in
freely exploring unseen scenarios. In addition, we
propose a multi-dimensional difficulty measurer to
guide an easy-to-hard perception curriculum learn-
ing process, thereby emulating the human cognitive
mechanism of stable and progressive learning.

We conduct experiments on three widely bench-
mark datasets, i.e., IEMOCAP, EmoryNLP and
MELD. The results show that our method leads
to significant improvements compared to baseline
model, achieving increases of 3.61% on IEMOCAP
(Busso et al., 2008), 2.70% on MELD (Poria et al.,
2018) dataset and 3.12% on EmoryNLP (Zahiri and
Choi, 2018). We further conduct analyses to better
understand the efficacy of our method and uncover
several noteworthy findings. We find that this emo-
tion perception curriculum learning approach for
measuring sample difficulty is not only well-suited
for our own model but also yields improvements in
existing LLM-based ERC models, such as Instruc-
tERC and LaERC-S. This demonstrates the gener-
alizability of our method. Furthermore, the thought
process behind this grading reward function in rein-
forcement learning significantly enhances the abil-
ity to distinguish similar emotions when analyzing
the sources of those emotions.

In summary, our contributions are three-fold:

* We propose JoPR, a coarse-to-fine learning
framework (SFT-DPO-GRPO), which simul-
taneously introduces joint emotion perception
and human reasoning for conversational emo-
tion recognition.

* We progressively enhance human emotion rea-
soning capabilities by a GRPO approach with
emotion-level reward and propose a multi-
dimensional difficulty measurer to guide easy-
to-hard perception curriculum learning.

» Extensive experiments conducted on three
benchmark datasets IEMOCAP, MELD, and
EmoryNLP demonstrate that our method sig-
nificantly surpasses the previous methods.

2 Related Work

2.1 Emotion Recognition in Conversation

Previous approaches to ERC can be broadly classi-
fied into three categories: sequence-based methods,
GNN-based methods, and LLM-based methods.
Sequence-based ERC models (Majumder et al.,
2019; Ghosal et al., 2020; Hu et al., 2023) capture
emotional dynamics by modeling the temporal de-
pendencies between utterances using architectures
like RNNs or Transformers, often incorporating
speaker-aware context to enhance emotion recog-
nition. GNN-based ERC models (Ghosal et al.,
2019; Hu et al., 2021; Shen et al., 2021b; Feng
and Fan, 2025) construct dialogue graphs to cap-
ture inter-utterance and inter-speaker dependencies,
leveraging graph neural networks to integrate con-
textual and relational information for accurate emo-
tion recognition. LLM-based ERC models (Lei
et al., 2023; Fu et al., 2025; Xue et al., 2024; Zhang
et al., 2023b) leverage instruction tuning to inte-
grate context, speaker, and knowledge, enabling
LLMs to generate emotion.

Unlike previous work, ERC paradigms that di-
rectly map utterances to emotion labels, our reason-
ing model is designed to simulate the cognitive pro-
cess of emotion inference, thus offering enhanced
emotion perception and reasoning.

2.2 Curriculum Learning

Curriculum Learning (CL) (Wang et al., 2021) is
a training strategy for machine learning models
that mimics the human learning process, gradually
progressing from easy to hard data. This strategy
enhances the model’s comprehension capability.
Curriculum Learning (CL) offers significant advan-
tages across machine translation (Platanios et al.,
2019), reinforcement learning (Narvekar et al.,
2020), supervised learning (Wang et al., 2021).

In ERC task, both HCL (Yang et al., 2022) and
SPCL (Song et al., 2022) attempt to incorporate
curriculum learning, but they each assess sample
difficulty from a single perspective. HCL is trained
by increasing the number of samples with each
epoch, leading to slow convergence. SPCL uses
a fixed number of samples per round and focus-
ing solely on easy samples initially and difficult
samples later, which results in instability and sig-
nificant training bias when there is a large disparity
between difficult and easy sample distributions. To
address these issues, we propose an approach based
on a multi-dimension and dynamic curriculum.
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Figure 2: The overview framework of JoPR model.

2.3 Reinforcement Learning

The emergence of DeepSeek R1 (Guo et al., 2025),
featuring its groundbreaking Reinforcement Learn-
ing with Verifiable Reward (RLVR), has brought re-
inforcement learning (RL) to the forefront of LLM
research. RLVR’s rule-based reward design enables
efficient, reliable, and controllable model optimiza-
tion. Building on this paradigm, recent applica-
tions such as SQL-R1 (Ma et al., 2025), VideoChat-
R1 (Li et al., 2025), and R1-Searcher (Song et al.,
2025) have achieved notable progress in reasoning,
multimodal perception, and autonomous informa-
tion retrieval through tailored RL or GRPO-based
training strategies. However, they suffer from the
lack of human-like reasoning. And slow thinking
for the task of ERC remain under-explored.

3 Method

Our method primarily consists of three parts as
show in Figure 2: Emotion long chain-of-thought
instruction tuning, Human-preference alignment
via DPO, GRPO with emotion-level reward.

3.1 Defination

Emotion Recognition in Conversation (ERC)
is the task of identifying the emotional state
of a speaker within a conversational exchange.
Formally, given a conversation represented
as a sequence of utterance-speaker pairs,
{(u1, 81), (u2,$2), ..., (Un, Sn) }, where wuy is the
utterance and s; is the speaker at turn ¢, and a
predefined set of emotion labels £ (e.g., {excited,
frustrated, sad, neutral, angry, happy}), the goal is
to predict the emotion label e; € £ for each current
utterance ;.

3.2 Emotion Long CoT Instruction Tuning

To inject emotion domain-specific reasoning knowl-
edge and facilitate learning the thinking for-
mat, an instruction tuning phase. We distilled
high-quality structured thought processes from
the DeepSeek-R1-Distill-Qwen-32B (Team, 2024)
model (prompts refer to the Appendix A.1). We
decompose reasoning into three steps, includ-
ing historical context, speaker information, and
similar emotion decision making. The desired
format includes “<think> chain of thought
</think><answer> emotion label</answer>".
This thought process is then used as the training
target to fine-tune large language model, thereby
imbuing it with the ability to think.

3.3 Human-preference Alignment via DPO

To align the model with human reasoning, we fine-
tune JoPR using Direct Preference Optimization
(DPO) (Rafailov et al., 2023) on a curated set of
preference pairs. Each data pair consists of a model-
generated wrong output ¥y~ and a human-preferred
correct output 4y, where 3~ is the reasoning trace
generated without the ground-truth emotion label,
whereas yT is generated with it. Specially, we
extract instances of model-prone thinking errors
from the emotion CoT model, which mainly origi-
nate from hallucinated, inaccurate, and biased rea-
soning. Then, we use a large language model to
annotate the correct reasoning processes, which
are subsequently reviewed and corrected by five
human experts as human-validated preferred out-
puts. Consistent with the DPO objective (Rafailov
et al., 2023), the model is trained to increase the
likelihood of ™ directly, eliminating the need for
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an explicit reward model. The corresponding loss
function is formulated as:

L(0) = ~Eggye ) {log a(a (lorr Tt ) _ o0 ”'“““”))} (1)

S mo(yTle) mo(y~[z)

Here, the term inside the logarithm represents the
log-ratio of likelihoods between the current policy
g and a fixed reference policy 7. The loss drives
the model to assign higher likelihood to the human-
preferred response y™* than to the less-preferred
response Y, thereby aligning the model’s output
with human preferences.

3.4 GRPO with Emotion-Level Reward

This section consists of two parts: Perception Cur-
riculum Learning and GRPO Training. By first
employing curriculum learning to progressively ac-
quire knowledge from easy to hard, followed by
GRPO to reinforce exploration with hierarchical
rewards, the model can consolidate its foundation
while more efficiently learning fine-grained emo-
tion reasoning. The approach gradually shifts from
easy to difficult samples to ensure stable learning
and prevent divergence caused by drastic distribu-
tion changes during training.

(a) Perception Curriculum Learning In emotion
recognition in conversation, we define samples
with easily confusable emotions as difficult sam-
ples. To better differentiate these similar samples,
we adopted a Perception Curriculum Learning
(PCL) process, progressing from easy to hard.
This process primarily includes two parts: multi-
dimension difficulty measurer and a dynamic cur-
riculum strategy.

Multi-dimension Difficulty Measurer. Inspired
by the Mixture-of-Experts (MoE) paradigm (Ma-
soudnia and Ebrahimpour, 2014), we develop multi-
expert models through LLM fine-tuning to serve as
a sample difficulty measurer (prompts refer to the
Appendix A.2). As shown in Table 1, we eval-
uate sample difficulty scores based on five dis-
tinct dimensions: context (situational details in-
fluencing emotion), speaker (individual character-
istics and background), commonsense (incorporat-
ing knowledge to understand emotions), linguis-
tic features (discourse structural information), and
interpretability. The five dimensions are derived
from psychological perspectives on emotion assess-
ment.(Lazarus, 1991). Specifically, the difficulty
score d for a given sample is formalized as follows:

1

JjeE

Here E is the set of experts, and c¢; denotes the
confidence score of the j-th expert, defined as the
softmax probability assigned to the true class. A
higher d indicates experts are less confident to clas-
sifing the sample into the true emotion.
Dynamic Curriculum Strategy. After scoring the
difficulty of samples across the entire training set,
we employ the Efraimidis—Spirakis Weighted Ran-
dom Sampling Algorithm (Efraimidis and Spirakis,
2008) to dynamically select samples in training
epoch. This enables a stable and adaptive sam-
pling mechanism to construct a series of subsets
that gradually transition from easy to hard.

First, we normalize the difficulty scores using the
following transformation to mitigate the impact of
extreme values and ensure stable sample selection.

- d—
di _ W Hd
0d

3)

where d; is the raw difficulty score of sample ¢, and
Wd, 04 denote the mean and standard deviation of
the difficulty scores. We set the sample’s weight w
using the following formula:

wgt) = sigmoid (—Ji (11— ;)”’) 4)
where d; denotes the difficulty score of sample 4. T
is the total number of training steps, and -y controls
the rate of transition. (1 — %) gradually decays
from 1 to O as training progresses, modulating the
influence of difficulty. Consequently, easier sam-
ples are more likely to be selected early in training,
while harder samples are increasingly incorporated
in later stages, enabling a smooth and adaptive
curriculum learning effect. Specifically, for each
sample ¢, we compute a random key:

®
g = pl/w (5)

where r; € (0, 1] is uniformly sampled, and wgt)
is computed as in Equation (4). We then select
the m samples with the highest key values to form
the training data. This ensures that the probability
of selecting a sample is proportional to its current
weight, enabling a smooth and adaptive curricu-
lum learning process throughout training. The cur-
riculum learning is illustrated in line 1-8 of Algo-
rithm 1.
(b) GRPO Training

Group Relative Policy Optimization. Given
an input dialogue, GRPO samples G reasoning
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Dimension

The conceptual meaning in emotion recognition

The corresponding domain in psychology

Emotions are context-dependent. For example, the expression

Context ‘fine’ may convey anger, helplessness, or calmness in different
situations.
Speaker Speaker identity and intent
Reasoning about the speaker’s emotional responses using com-
Commonsense

monsense knowledge
Linguistic Feature

Interpretable Explainability of Emotion Perception

Discourse structural information conveys emotional cues

Pragmatics

Social Cognition
Psychological Emotion Reasoning

Psycholinguistics
Metacognition

Table 1: Sample Difficulty Evaluation System

Algorithm 1 Perception Curriculum Learning for

ERC
Inputs: Dyin: training data with L samples, R: total
epochs, M context encoder, £: emotion label set, EXPERTS =
{E1,E2,...,E5}
Output: Mplicy: optimized model

1: for each sample x; € Dinin do

2 di e 27 [Bi(wi) # vil
3: end for

4: d < Normalize(d)
5: for epoch k = 1to R do
6.
7

8
9

T+ k ~

w® = Sigmoid (—d. 1- %)W)

Sample subset Dy < Sampling_ (D, w)
for each batch B € Dy, do

10: py — FormatPrompt(B)

11: Opolicy — Generate(py, Mpoticy)

12: rp < LooseRewardFunction(opolicy )

13: lgrpo <— GRPOLossFunction(opolicy, b, Mre )
14: Backward (lgrpo)

15: Update model Mpoiicy

16: end for

17: end for

18: return Micy

processes {0;} | from 7, , and computes their
rewards {r; }. The relative quality is normalized as:
A — T — mean({rj}). ©
std({r;})
To constrain deviation from 7., GRPO maxi-
mizes:

max, Bourgs [0 2248 A] = BDkcs(molimer) - (7)

where [ controls the regularization strength.

Emotion-level rewards.
The Reward Function R includes format, output
length, and emotion grading reward, defined as:

R= Rformat + Rlen + Rgrading )

(1) Format Reward. We use a format reward (R¢ormat)
to enforce structured outputs verified by regex.

1 b
R format =

if format is correct (9)
0, if format is incorrect

Arousal

happy

frustrated

excited

Negative ——> Positive

angry

neutral

sad
\, y
T

Valence

Figure 3: Valence-Arousal Diagram of Emotional Dis-
tribution.

(2) Output Length Reward. To limit overly long
or irrelevant responses, we apply a length-based
penalty, where r; = len(o;) represents the word
count of the ¢-th response.

Rlen (07) =

{1 if ; < 200 (10)

20 if r; > 200

(3) Emotion Grading Reward. As shown in Figure 3,
the hierarchical reward mechanism is inspired by
the Valence-Arousal model in psychology (Rus-
sell, 1980), a classical two-dimensional framework,
also known as the Circumplex Model of Affect
for representing emotions. In this model, each
emotion is positioned within a Valence—Arousal
space, where the spatial distance between emo-
tions reflects their degree of similarity. Building
on this idea, the proposed grading reward func-
tion provides fine-grained, continuous, and emo-
tionally sensitive feedback signals by assigning
higher rewards to predictions that are closer to the
ground-truth emotions in this affective space. Such
a design enables the model to better capture subtle
emotional distinctions and handle fuzzy boundaries
in multi-level affective expression tasks.
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1, if Apred € Co(Ag)

R 0.5, if Aprea € C1(Agt) (11)
EdE 0 0,95, if Apred € Ca(Ag)
0, otherwise

where Apeq denotes the predicted emotion label,
Ag denotes the ground-truth emotion label, and
Ci(Ag) denotes the set of emotions that are at
the i-th distance level from Ay (based on the
provided emotion distance hierarchy). For exam-
ple, when the ground-truth label is Ay = happy,
the corresponding emotion distance tiers are de-
fined as: Co(happy) = {happy}, Ci(happy) =
{excited}, Ca(happy) = {neutral}, and others are
{angry, frustrated, sad}. The detailed settings are
provided in Table 6-8.

4 Experimental Setup

4.1 Datasets and Evaluation Metrics

Datasets. We conduct experiments on the follow-
ing three benchmarks: IEMOCAP (Busso et al.,
2008), MELD (Poria et al., 2018), EmoryNLP (Za-
hiri and Choi, 2018). IEMOCAP is a prominent
resource for emotion recognition research. Each
utterance is annotated with one of six emotion la-
bels: excited, frustrated, sad, neutral, angry, and
happy. MELD is a multi-party conversation cor-
pus from the TV show Friends. Each utterance has
been annotated with one of seven emotion classes:
neutral, surprise, fear, sad, joyful, disgust, and
anger. EmoryNLP dataset is also from the TV
series Friends. EmoryNLP utilizes a set of seven
emotion categories: neutral, joyful, peaceful, pow-
erful, scared, mad, and sad.

Evaluation Metrics. Following previous works
(Lei et al., 2023; Yang et al., 2022; Hu et al., 2023),
we choose the weighted average F1 score (w-F1)
as the evaluation metric.

4.2 Compared Methods

We compare our method with the following repre-
sentative non-LLM-based methods and LLM-based
methods, as Table 2 shows.

4.3 Implementation Details

In our experiments, we use Llama3-8B (Dubey
et al., 2024) as our foundational model. For all
experiments in this paper, we identify the best-
performing model checkpoint based on the develop-
ment set results, then use this selected checkpoint

for final evaluation and reporting on the test set.
In hyperparameter setting, we set learning rate to
2e-4. We set the group size for GRPO to 8. We
implement all experiments with PyTorch (Paszke
et al., 2019) on 80G Nvidia A800 GPUs. More
details can be found in Appendix A.3.

5 Experimental Results

Methods ‘ IEMOCAP MELD EmoryNLP
non-LLM-based Methods
DialogueGCN (Ghosal et al., 2019) 64.18 58.10 -
COSMIC (Ghosal et al., 2020) 63.43 65.03 38.49
SKAIG (Li et al., 2021) 66.96 65.18 38.88
DialogXL (Shen et al., 2021a) 66.20 62.41 34.73
SPCL' (Song et al., 2022) 69.56 67.24 40.13
HCLT (Yang et al., 2022) 65.31 66.18 42.01
CauAlIN (Zhao et al., 2022) 65.01 64.89 37.87
DualGATs (Zhang et al., 2023a) 67.68 66.90 40.29
MKFM (Tu et al., 2023) 68.08 65.50 39.76
MFAM (Hou et al., 2023) 70.16 66.65 41.06
CEPT (Gao et al., 2024) 70.53 67.51 -
EACL (Yu et al., 2024) 70.41 67.12 40.24
PEMV (Lin et al., 2025) 70.65 67.95 40.97
LLM-based Methods

BiosERC (Xue et al., 2024) 69.02 68.72 41.44
InstructERC (Lei et al., 2023) 71.39 69.15 41.37
LaERC-S (Fu et al., 2025) 72.40 69.27 42.08
Baseline 69.95 68.02 39.23
Our method 73.56 70.72 42.35

Table 2: Performance comparison between our method
and existing ERC methods on three datasets. The p-
values are all below 0.05 by using pairwised t-test to-
wards our method and the baseline. The best results are
bolded. Our evaluation metric is weighted-F1. Base-
line refers to supervised fine-tuning a large model to
output chain of thought and emotion label. The methods
marked with t are our reproduced findings.

5.1 Main Results

In Table 2, we can note that our method achieves
the best results and outperforms all the com-
pared methods across three widely used datasets.
This illustrates the superiority of our proposed
method for the task of ERC. Specifically, Com-
pared with the LaERC-S, our method achieves
1.16%, 1.45%, 0.27% gains of weighted-F1 on
IEMOCAP, MELD, and EmoryNLP, respectively.
Additionally, our method outperforms our con-
structed baseline (Baseline refers to supervised
fine-tuning a large model to output cot and the
emotion label.) by 3.61%, 2.70%, and 3.12% on
the three datasets. This strong performance across
three benchmark datasets highlights the efficacy of
our method and its potential to advance emotion
recognition in conversation.
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Models IEMOCAP MELD EmoryNLP
Baseliney jama3-sb 69.95 68.02 39.23
OuI‘Smeﬂ}gb 73.56 70.72 42.35
Baseliner jama2-7o 70.23 67.51 38.23
Ourspiama2-7b 72.51 69.03 41.98
Baselineqwen2.5-70 66.71 67.23 37.12
Oursqwen2.5-7 70.36 68.51 40.52

Table 3: Experimental results on Llama3-8B, Llama2-
7B, Qwen2.5-7B.

Setting IEMOCAPMELDEmoryNLP
Our method | 7356 |70.72| 4235
(a) Long CoT Instruction Tuning (sft)

w/o sft | 69.11 |66.62| 37.13
(b) Human-preference Alignment via DPO (DPO)

w/o DPO | 7133 |69.69| 40.10
(c) Perception Curriculum Learning (PCL)

w/o Context Analyzer 72.89 ]70.01 41.89
w/o Speaker Analyzer 72.03  ]169.89 42.21
w/o Commonsense Analyzer 71.82  ]69.56 41.35
w/o Linguistic Analyzer 71.58 169.33 | 41.01
w/o Interpretable Analyzer 71.31 | 69.15| 4023
w/o PCL 71.11 ]69.50 | 41.11
(d) GRPO with emotion-level reward (GRPO)

w/o Format Reward 72.01 69.82 41.56
w/o Output Length Reward 72.75 170.01 41.82
w/o Emotion Grading Reward 71.89 | 69.65 41.41
w/o GRPO 70.24 | 68.52| 39.89

Table 4: Ablation results on reinforcement learning and
perception curriculum learning.

5.2 Results on Different LLMs

To demonstrate the generalizability of our method
across different models, we further conduct experi-
ments on open-source models of comparable scale,
including the representative LLMs: LLaMA3-8B,
LLaMAZ2-7B, and Qwen2.5-7B. As shown in Ta-
ble 3, our method consistently outperforms the
baseline across three datasets, highlighting its
model-agnostic nature and effectiveness.

5.3 Ablation Study

We conduct ablation experiments: removing the
following module:

Effect of Long CoT Instruction Tuning. Remov-
ing SFT leads to a substantial performance drop
across all datasets, indicating that SFT is essential
for the model to internalize reasoning patterns en-
coded in chain-of-thought instructions.

Effect of Human-preference Alignment. With-
out DPO, performance also degrades notably,
demonstrating that aligning model outputs with
human-preferred reasoning improves both reason-

ing quality and downstream emotion classification.
Effect of Perception Curriculum Learning. We
conduct two ablations on the multi-dimension mea-
surer and dynamic curriculum strategy. In rows
1 to 4 of Table 4 (c), we sequentially remove the
difficulty measurer for each dimension. The per-
formance decreases, demonstrating that a multi-
dimension difficulty measurer improves curriculum
learning by capturing diverse data aspects, reduc-
ing bias, and boosting the model’s generalization
and ability to distinguish similar emotions. To val-
idate the effectiveness of the dynamic curriculum
strategy, we remove this module and observe im-
pacts on training. This suggests that the sampling
method for the samples affects subsequent rein-
forcement learning training.

GRPO with emotion-level reward. In GRPO, we
conduct ablation experiments on three different re-
ward functions as shown in Table 4 (d). Removing
any reward function degrades performance, con-
firming that each one guides the model toward more
effective learning and decision-making. Among
these, the Emotion Grading Reward shows the most
significant performance drop, suggesting that it is
more effective than the other two in guiding the
model towards making correct decisions when han-
dling similar emotions. Completely removing the
GRPO module results in performance decreases
of 3.32%, 2.20%, and 2.46% on the three datasets,
leading to substantial performance drops. This indi-
cates that the GRPO strategy, with its "generation +
selection + optimization" fine-tuning approach, can
significantly enhance the model’s understanding of
emotions.

5.4 Analysis of Perception Curriculum
Learning

| IEMOCAP | MELD | EmoryNLP

InstructERC 71.39 69.15 41.37
+PCL 72.03 69.89 41.39
LaERC-S 72.40 69.27 42.08
+PCL 72.72 69.53 42.18
Our Method 71.11 69.50 41.11
+ SPCL 71.53 69.99 41.21
+HCL 72.21 69.75 41.67
+PCL 73.56 70.72 42.35

Table 5: Performance comparison with other curriculum
learning methods across datasets.

(a) Generalizability To evaluate the generaliz-
ability of our curriculum learning, we integrate
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(a) Difficult Sample Accuracy (b) Emotion-Level Reward sensitivity

Figure 4: (a) is improvement accuracy on difficult sam-
ples. (b) An experiment of Emotion-Level Reward sen-
sitivity on IEMOCAP.

(2) IEMOCAP (b)MELD

Figure 5: Matrix of datasets.The first line is baseline.
The second line is JoPR.

PCL into two representative LLM-based ERC mod-
els, InstructERC and LaERC-S. As shown in Ta-
ble 5, consistent performance improvements are
observed across three datasets. Notably, the im-
provement on the IEMOCAP dataset is more pro-
nounced. We attribute this to the presence of numer-
ous emotion pairs with high similarity in both the
IEMOCAP and MELD datasets, such as happy vs.
excited and angry vs. frustrated. By leveraging the
stable progression provided by curriculum learning,
PCL effectively mitigates confusion between simi-
lar emotions, leading to enhanced performance.
(b) Stability We reproduce two representative cur-
riculum learning strategies, SPCL (Song et al.,
2022) and HCL(Yang et al., 2022), and integrate
them into our model to compare with our pro-
posed PCL approach. SPCL measures sample dif-
ficulty via distance to class centroids and intro-
duces data progressively from easy to hard, but
its single-perspective, rule-based evaluation lim-
its representational capacity. HCL extends this
idea to dialogue and utterance levels but often suf-
fers from instability as difficult samples surge late
in training. As shown in Table 5, our PCL con-
sistently outperforms both methods by combin-
ing their strengths to enhance difficulty evaluation
through multi-dimensional analysis and improve
stability with a dynamic sampling strategy. More
details can be found in Appendix A.4.

5.5 Analysis of Emotion-Level Reward

(a) Distinction Similar Emotion. We further eval-
uate performance on the top 10% of hard samples,
identified by the multi-dimension difficulty mea-
surer, which mainly come from easily confusable
similar emotions, with results shown in Figure 4(a).
JoPR achieves a significant improvement over the
baseline, with gains of 18.7%, 19.1%, and 14.1%
on the three datasets, respectively. This substan-
tial improvement demonstrates the superior perfor-
mance of our approach on challenging instances,
highlighting its effectiveness in capturing subtle
emotional distinctions and enhancing robustness in
fine-grained emotion classification.

(b) Emotion-Level Reward Sensitivity Analysis.
This experiment aims to assess the sensitivity of
the grading reward (Equation 11) to noise. As
Figure 4(b) shows, we randomly perturb a certain
proportion (0-40%) of emotion reward mappings
within the predefined reward matrix, such as swap-
ping the reward scores for “happy” and “excited’
and measure the resulting changes in weighted-F1
scores. Model performance gradually declines as
the perturbation level increases, from 73.56% at
0% noise to 56.8% at 40% noise, indicating sensi-
tivity to reward distortions and demonstrating the
rationality of this reward design.

(c) Visualization Analysis We analyze the model’s
prediction performance using the confusion ma-
trices in Figure 5. The matrices show the distri-
bution of predicted versus ground-truth emotion
categories. Notably, after incorporating the hierar-
chical reward via reinforcement learning, the model
demonstrates a clearer separation between similar
emotions, such as excited and happy. This im-
provement is reflected in the reduced off-diagonal
confusion between these categories, indicating that
the reward mechanism encourages more deliberate
and fine-grained reasoning

6 Conclusion

In conclusion, we propose JoPR, a framework that
combines perception-curriculum learning and emo-
tional reasoning for conversational emotion recog-
nition. By integrating chain-of-thought instruction
tuning, human-preference alignment, multi-view
curriculum learning, and tiered rewards, JoPR ef-
fectively distinguishes nuanced emotions. Exper-
iments on three datasets demonstrate its superior
performance and strong human emotion reasoning
capabilities.

38859



Limitations

Despite its effectiveness, JOPR has several limita-
tions. On the one hand, its reliance on long chain-
of-thought reasoning and multi-view curriculum
increases computational cost, which may hinder
real-time applications. On the other hand, JoPR’s
performance may still degrade in highly ambigu-
ous or contextually sparse conversations, indicating
room for further improvement in modeling subtle
emotional cues.
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A Appendix

A.1 Prompt for Emotion Long Cot
Generation

As shown in Figure 6, we use the prompt to distill
the DeepSeek-R1-Distill-Qwen32B (Team, 2024)
model and obtain high-quality reasoning processes.
The prompt content includes role-playing, context,
speaker and objective.

Prompt for Emotion Long Cot Generation.

Now you are expert of sentiment and emotional
analysis. The following conversation noted be-
tween ‘### ### involves several speakers. ###
{CONVERSATION} ### Based on the true emo-
tional label **{EMOTION_LABEL}** of this ut-
terance **<{ UTTERANCE }>**, output the thought
process behind obtaining this emotional label step by
step in no more than 200 words.

Figure 6: Prompt for Emotion Long CoT Generation.

A.2 Prompts for Difficulty Measurer

As shown in Figures 7-11, we fine-tune five sepa-
rate LLaMA3-8B models with prompts designed
for context, speaker, commonsense, linguistic fea-
tures, and interpretable, respectively, to serve as
difficulty measurers. In particular, the common-
sense extraction follows the approach proposed in
LaERC-S (Fu et al., 2025).

Prompt for evaluating from the context di-
mension.

Now you are expert of sentiment and emotional anal-
ysis. The following conversation noted between ‘###
### involves several speakers.

### ( CONVERSATION } ### Pay attention to Con-
textual Factors and select the emotional label of {UT-
TERANCE} from <happy, sad, neutral, angry, ex-
cited, frustrated >:

Figure 7: The prompt for evaluating from the context
dimension.

Prompt for evaluating from the speaker di-
mension.

Now you are expert of sentiment and emotional anal-
ysis. The following conversation noted between ‘###
### involves several speakers.

### {CONVERSATION} ### Pay attention to
Speaker Identity and Personality and select the emo-
tional label of {UTTERANCE} from <happy, sad,
neutral, angry, excited, frustrated >:

Figure 8: The prompt for evaluating from the speaker
dimension.

A.3 Implementation Settings.

We provide additional experimental settings. For
the long cot instruction tuning, we set the learning
rate as 2e-4 and batch size as 16. The model is
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Emotion Reward =1 Reward = 0.5 Reward = 0.25 Reward =0

happy happy excited neutral angry, frustrated, sad
excited excited happy neutral angry, frustrated, sad

neutral neutral - happy, excited, angry, frustrated, sad
angry angry frustrated neutral happy, excited, sad
frustrated frustrated angry neutral happy, excited, sad

sad sad - neutral happy, excited, angry, frustrated

Table 6: Grading reward for IEMOCAP dataset.

Emotion Reward =1 Reward =0.5 Reward =0.25

Reward =0

surprise surprise neutral angry, joyful fear, disgust, sad

angry angry neutral - joyful, surprise, fear, disgust, sad
neutral neutral - - joyful, surprise, fear, disgust, angry, sad
joyful joyful neutral - surprise, fear, disgust, angry, sad
sad sad neutral angry joyful, surprise, fear, disgust

fear fear neutral angry, sad, surprise joyful, disgust

disgust disgust neutral angry sad, surprise, joyful, fear

Table 7: Grading reward for MELD dataset.

Prompt for evaluating from the common-
sense dimension.

Now you are expert of sentiment and emotional anal-
ysis. The following conversation noted between ‘###
### involves several speakers.

##H {CONVERSATION} #it#
Pay attention to { COMMON-
SENSEI1}{COMMONSENSE2}...{ COMMONSENSE9
and select the emotional label of {UTTERANCE}
from <happy, sad, neutral, angry, excited, frustrated

>

Figure 9: The prompt for evaluating from the common-
sense dimension.

trained for 15 epochs. For the DPO, we set the
learning rate as 4e-4 and batch size as 8. For the
GRPO, we set the learning rate as 4e-4 and batch
size as 8. In curriculum learning, we set m as 1000
and ~ as 1.0.

A.4 Effect of Dimensionality Num on
Difficulty Measurer.

In Figure 12, we analyze the effect of varying the
number of dimensions on performance using a line
chart and observed that five dimensions (context,
speaker, commonsense, linguistic features, and in-
terpretability) yield the best results. These five di-
mensions were subsequently used to assess sample
difficulty, indicating their complementary contribu-
tion to the evaluation.

Prompt for evaluating from the linguistic

features dimension.

Now you are expert of sentiment and emotional anal-
ysis. The following conversation noted between ‘###
### involves several speakers. ### { CONVERSA-
TION } ### Pay attention to Linguistic Features and
select the emotional label of {UTTERANCE} from
<happy, sad, neutral, angry, excited, frustrated >:

Figure 10: The prompt for evaluating from the linguistic
features dimension.

A.5 Template for Context-Guided Emotion
Label Modification

In the SFT stage, the model first predicts an initial
emotion label for the target utterance. In the re-
inforcement learning stage, we further require the
model to determine, based on the dialogue context,
whether this initial label should be modified. If so,
it outputs the revised label, otherwise it retains the
original prediction.
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Emotion Reward =1 Reward =0.5 Reward = 0.25 Reward =0

Joyful Joyful - Neutral Powerful, Mad, Peaceful, Sad, Scared
Powerful Powerful Joyful, Neutral Mad Peaceful, Sad, Scared

Mad Mad Neutral Joyful, Powerful Peaceful, Sad, Scared

Peaceful = Peaceful Neutral, Joyful - Sad, Scared, Powerful, Mad

Neutral Neutral - - Peaceful, Joyful, Sad, Scared, Powerful, Mad
Sad Sad Mad, Scared Neutral Joyful, Peaceful, Powerful

Scared Scared Mad, Sad Neutral Joyful, Peaceful, Powerful

Table 8: Grading reward for EmoryNLP dataset.

Prompt for evaluating from the interpretable
dimension.

Now you are expert of sentiment and emotional anal-
ysis. The following conversation noted between ‘###
### involves several speakers.

### { CONVERSATION } ### Pay attention to Cause,
analyze step by step and select the emotional label
of {UTTERANCE} from <happy, sad, neutral, angry,
excited, frustrated >:

Figure 11: The prompt for evaluating from the inter-
pretable dimension.
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Figure 12: Experiment of dimensionality on difficulty
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