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Abstract

Emotion Recognition in Conversation (ERC)
aims to identify the emotional states of speak-
ers in conversations. Existing ERC methods
perform either fast thinking or slow thinking
for emotion predictions. The former lacks in-
terpretability of emotion predictions, and the
latter focuses on emotion analysis at shallow
semantics. Such insufficient reasoning chains
fall short in capturing deep semantics within
conversations. To address these limitations,
we propose ERCThinker, a Fast-Slow think-
ing framework for the task of ERC. First, we
design different thinking strategies with fine-
grained emotion reasoning chains to capture
deep semantics that contain topic, discourse
structure, speaker characteristic, scene, and
emotion shift. Second, we develop an adaptive
thinking mechanism in both strategy-level and
utterance-level, guiding the model to dynam-
ically perform thinking switching across vari-
ous scenarios. Furthermore, we utilize Agent-
as-Judge to score reasoning chains as reward
signals for more accurate emotion predictions.
To support training, we construct EmotionCue-
CoT, the emotion reasoning dataset with su-
pervision in both explanation and judgment.
Extensive experiments on various ERC bench-
mark datasets demonstrate that ERCThinker
achieves state-of-the-art performance in both
explanation and judgment, making progress in
the realm of ERC.

1 Introduction

Emotion Recognition in Conversation (ERC) in-
volves identifying the speaker’s emotional state in
a conversation. This task is crucial for machines
to understand human-machine interactions in the
real world (Cowie et al., 2001), which is applied
in various potential applications, such as virtual as-
sistants (Chatterjee et al., 2021), customer service
(Shen et al., 2025a) and mental health monitor-
ing (Zhang and Tan, 2025). Faced with complex
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conversation scenarios, accurately identifying and
reasoning emotions is urgently needed.

Discriminative methods typically formulate the
ERC task as a classification problem, which are
roughly classified into four categories, including
Transformer-based methods (Chudasama et al.,
2022; Liu et al., 2023), Recurrent-based methods
(Lei et al., 2023b; Hu et al., 2023), GNN-based
methods (Shen et al., 2021; Li et al., 2024), and
LLMs-assisted methods (Lei et al., 2023a; Xue
et al., 2024; Li et al., 2025). Despite their impres-
sive performance, these methods provide emotion
labels without explicit rationales. This limits the
interpretability of emotion predictions.

In contrast to discriminative ERC methods that
follow fast thinking (Zheng et al., 2025) to provide
intuitive responses, recent generative ERC methods
adopt slow thinking (Deng et al., 2025) to generate
emotion reasoning chains and then derive emotion
predictions (Lian et al., 2025). Nevertheless, these
reasoning chains focus on shallow semantics (e.g.,
facial actions or vocal prosody) and under-exploit
deep semantics arising from conversational inter-
actions, such as topic, discourse structure, speaker
characteristic, scene, and emotion shift. Therefore,
we focus on equipping ERC models with diverse
thinking strategies that can produce fine-grained
emotion reasoning chains for both explanation and
judgment.

To address these limitations, we propose ERC-
Thinker, a novel Fast-Slow thinking framework for
emotion recognition in conversation. Specifically,
inspired by human cognitive behavior in conversa-
tional emotion recognition, we design two think-
ing strategies consisting of fast thinking and slow
thinking. The former refers to the direct answers
related to emotion labels, and the latter performs
fine-grained emotion reasoning chains for predict-
ing emotions. After then, to make the model switch
thinking strategies in coping with different conver-
sation scenarios, we introduce an adaptive thinking
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mechanism to incorporate both strategy-level and
utterance-level information into advantage estima-
tion. Finally, we introduce Agent-as-Judge that
scores reasoning chains as reward signals, effec-
tively guiding the model to capture the trajecto-
ries of emotion triggering. Additionally, we con-
struct high-quality chain-of-thought data via an au-
tomated pipeline that aggregates multi-dimensional
emotional cues (e.g., topic, speaker characteris-
tics, scene, discourse structure, and emotion shifts)
from multiple open-source datasets, and retains
LLM-generated rationales with high self-reported
confidence. Overall, ERCThinker significantly im-
proves reasoning efficiency and token utilization
while preserving strong task performance.

The primary contributions of this work can be
outlined as follows:

* We propose ERCThinker, a novel fast-slow
thinking framework for ERC. ERCThinker
uses an adaptive thinking mechanism to per-
form thinking strategy switching across var-
ious conversation scenarios, and introduces
Agent-as-Judge to refine emotion reasoning
chains for accurate emotion predictions.

* We construct EmotionCueCoT, an emotional
chain-of-thought that integrates multi-aspect
emotional clues, including topic, speaker char-
acteristics, scene, discourse structure, and
emotion shifts to enhance the interpretability
and coherence of emotion reasoning.

» Extensive experiments on different ERC
benchmark datasets demonstrate that the pro-
posed ERCThinker achieves state-of-the-art
results across evaluation metrics.

2 Related Works

2.1 Emotion Recognition in Conversation

In the era of large language models, emotion recog-
nition in conversation have increasingly adopted
instruction tuning paradigms (Lei et al., 2023a; Li
et al., 2025; Xue et al., 2024). Under such settings,
models are driven by instructions to capture emo-
tional cues in dialogue, which are then explicitly
injected into predefined templates to generate emo-
tion predictions (Fu et al., 2025; Tu et al., 2024;
Shen et al., 2025b).

However, these studies remain confined to a
pipeline of “clue extraction—template concatena-
tion—label output.” Emotional cues are merely ex-
ploited in a simplistic manner, lacking a mechanism

that couples these cues with an interpretable emo-
tion reasoning process. As a result, it is difficult to
effectively bridge the gap between “observed cues’
and the “rationale for emotion judgments,” which
limits the model’s ability to perceive deep semantic
structures in conversational text, thereby affecting
emotion prediction.

2

2.2 Reasoning Models

Building on the dual-process view, System 1 sup-
ports fast and intuitive judgments, whereas System
2 enables slow and deliberative reasoning (Evans,
1984; Kahneman, 2003). Recent reasoning large
language models, such as DeepSeek-R1(Guo et al.,
2025) and OpenAl ol (Jaech et al., 2024), suggest
that explicitly strengthening reasoning can improve
performance across diverse tasks. These tasks in-
clude mathematical reasoning(Qiao et al., 2025;
Yang et al., 2025a), code generation(Yue et al.,
2025; Yang et al., 2025b), knowledge-intensive
question answering(Zhang and Zhao, 2025).

Despite these advances, transferring such capa-
bilities to conversational emotion understanding re-
mains challenging, as this task critically depends on
complex semantic structures in textual dialogues.
In particular, effective emotion recognition requires
the model to adaptively determine when fast intu-
itive inference suffices and when deeper delibera-
tive reasoning is necessary, based on the underlying
semantic content of the conversation. Motivated
by this gap, we investigate conversational emotion
recognition from a fast—slow thinking paradigm, en-
abling adaptive switching between System-1-style
efficient inference and System-2-style deep reason-
ing. This design allows the model to capture subtle
emotional cues more effectively while maintaining
controlled inference costs.

3 Method

We propose the ERCThinker framework to achieve
interpretable emotion recognition in conversations
via adaptive reasoning. We first construct Emo-
tionCueCoT, a reasoning dataset with semantic-
level emotional cues, and build a Llama3-8B-based
baseline by supervised fine-tuning with a fast—slow
thinking cold start. We then introduce reinforce-
ment learning with an adaptive strategy formula-
tion (strategy-level and utterance-level) to optimize
emotion-reasoning strategies and enhance reason-
ing capability. Finally, we adopt an dynamically
agent-based score mechanism to direct the model
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to the right reasoning process.

3.1 EmotionCueCoT Dataset
3.1.1 Dataset Collection

Existing emotion reasoning datasets are limited in
their ability to capture semantic-level emotional
cues. To enable model to better capture such
cues and to enhance interpretable dialogue emo-
tion recognition, we construct EmotionCueCoT, an
emotion reasoning dataset with multi-dimensional
semantic cues. It contains 25,086 reasoning in-
stances. Each instance is annotated with an emo-
tion label from seven common categories: happy,
sad, neutral, angry, surprise, fear, and disgust. The
dataset is derived from IEMOCAP (Busso et al.,
2008), MELD (Poria et al., 2018), and EmoryNLP
(Zahiri and Choi, 2018). By unifying three datasets
into a consistent dialogue schema, our composite
dataset spans diverse speakers and conversational
settings. It provides rich emotion cues and pairs
utterance-level emotion labels with emotion-centric
reasoning, enabling text-based ERC models to out-
put both predictions and cue-aware explanations.

3.1.2 Emotional Cues Extraction

As illustrated in Figure 1, accurate emotion un-
derstanding requires the integration of multiple se-
mantic emotional cues that are tightly grounded
in the conversational context. In this work, we
focus on several key cue types, including topic,
speaker characteristics, scene, discourse structure,
and emotion shifts across dialogue. These cues
capture complementary aspects of conversational
semantics and jointly support fine-grained emotion
reasoning. We adopt established and widely used
processing pipelines to extract each cue and incor-
porate them into the model in a unified manner.
To maintain clarity in the main text, we present
only a high-level description here, while detailed
implementations of cue extraction and modeling
are provided in the Appendix A.2.

3.1.3 The pipeline of dataset construction.

Compared with traditional manual annotation, au-
tomated annotation reduces costs and enables the
construction of large-scale datasets. Moreover, it is
not influenced by human bias. We designed a set
of templates that provide five types of emotional
cues to a large language model as prompt inputs to
DeepSeek-R1 (Guo et al., 2025), thereby inducing
a step-by-step reasoning process. During output
generation, we perform a self-evaluation (Shinn

et al., 2023) step to evaluate the model’s initial out-
put. The model assigns a confidence score ranging
from O to 5 to its own reasoning results. If the con-
fidence score falls below 4, the chain of thought
will be regenerated. (Prompt is in Figure 5)

3.2 Cold-start SFT for Fast-Slow Thinking.

To enable stable learning of fast- versus slow-
thinking output formats during the reinforcement
learning stage, we first perform a supervised fast-
slow thinking warm-up.

Each sample is scored along multiple di-
mensions, including slow-thinking criteria, fast-
thinking criteria, model confidence, and model
emotion prediction accuracy. The slow-thinking
criteria capture higher expressive and reasoning
complexity, covering expression length, causal/con-
trastive connectives (e.g., because, but, so), struc-
tural complexity (number of sentences/clauses),
coreference (e.g., he/she, this/that), metacognitive
markers (e.g., I thought carefully, maybe, reflection,
calm down, perspective taking), and the length
of utterance. In contrast, the fast-thinking crite-
ria characterize more direct, affective, and terse
expressions, including the density of strong emo-
tion words, punctuation (e.g., exclamation/question
marks), emojis, discourse particles/interjections,
and extremely short text. The formula for deter-
mining whether each sample requires fast or slow
thinking is as follows (Prompts are in Figs. 6— 8):

S; = Cislow _ Cifast — Accy, (1)

where C51°% and C! are the slow-/fast-thinking
scores, and Acc; is the prediction correctness.

We select the top 40% of samples ranked by the
final score as slow-thinking data. We represent
the slow-thinking format as “<think>...</think>
<answer>emotion label</answer>", and the fast-
thinking format as “<think> There is no
thinking process“</think> <answer>emotion la-
bel</answer>". Mixing the two formats yields the
final cold-start dataset, which is used to perform su-
pervised fine-tuning. This stage teaches the model
to (1) faithfully follow fast—slow output constraints
and (2) acquire an initial policy prior for switch-
ing between fast and slow modes, thereby enabling
more stable and controllable optimization in the
reinforcement learning stage.
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Data Collection

Emotional Cues

EmotionCuesCoT

Sources:
TEMOCAP/MELD/EmoryNLP

Example:
Conversation:

+ Speaker O: "Get the big pizza-
-and I put it in the pizza and
she ate so"

+ Speaker 1: "oh, I don't
remember. Everybody Says I
Love You with Drew
Barrymore...no you haven't
seen it? Okay"

+ Speaker 0:"American Pie?
Ah"

Objective:
<happy, sad, neutral, angry,

Topic

(Ordinary Life/School
Life/Tourism/Education &
Culture...)

Discourse Structure
(Identify which preceding
utterance it is most strongly
linked to. The relation types
include Comment, Elaboration,
Explanation... )

Speaker Characteristics
(Personality/Intent/Reaction/
Gender/...)

Scene

(Birthday surprise planning/
Wedding planning/Café
venting/...)

=)
&

o
Ce

<think> Given the topic (a recent,
successful proposal) and the scene (a Chuck
E. Cheese setting that creates comic
contrast), the emotional baseline skews
positive. This line directly answers the
preceding utterance—"Everybody Says I
Love You with Drew Barrymore... no you
haven't seen it? Okay."—where the movie-
reference detour doesn't connect and the
exchange briefly stalls. Speaker_0 then
reclaims the narrative by reenacting the
moment (“Barry what's this? ... I don't know.
She goes—"), using reported speech and
suspense to set up the next beat. Even
though the listener's reaction ranges from
shock to disbelief and includes some teasing
about how “lame" the venue is, Speaker_0
doesn't show defensiveness; he keeps the
pacing lively and playful. That emotional
turn—from a minor mismatch in the

S disgust:
urprise, fear, disgust> Emotion Shift

Emotion: happy

emotion...)

(turning-point trigger/pre-
shift emotion/post-shift

conversation back into energized, confident
storytelling about a happy event—supports a
happy interpretation rather than
embarrassment or irritation. </think>
<answer> happy </answer>

Figure 1: The pipeline of EmotionCueCoT dataset construction.

| ageeay | | agreay | | agreaye

[ Ait+Ai’tt I

1
: Policy Utterance-level Strategy-level [ Format Reward + Outcome Reward
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Agent-as-Judge

St utt

| Agent-as-Judge
I

Reference, Reward
Model ’?I{“ [[ Model %Ié’ [
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Strategy Select Dimensions:
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Model )
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l st(s)l I OSt(G)l g1 Strgctural 4
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. N , 9ot -
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! FastThinking | ! Slow Thinking | Output:

Structural, Evidence Recall, Contextual Fit

Score_1=(4+3)/n

Figure 2: The overview framework of ERCThinker.

3.3 Fast-slow Thinking for Emotion
Reasoning

In conversational emotion recognition, fast—slow
thinking is necessary because some emotional cues
are explicit and can be handled by immediate
strategy-based responses. However, others are im-
plicit, context-dependent, requiring deeper infer-
ence and self-verification. We combine fast and
slow thinking to not only reduce unnecessary com-
putational overhead but also enhance emotion un-
derstanding capability.

Strategy-level and Utterance-level Advantage
To enable both the ability to select appropriate
thinking strategies and the capacity to accurately
analyze the emotion expressed in each utterance
within those strategies, we propose an Adaptive Ad-
vantage mechanism that enables the model to adap-
tively choose between two thinking strategies (fast
and slow). The proposed method decomposes the
advantage signal at two levels, namely the strategy-

level and the utterance-level, and injects them into
a unified policy-optimization objective built upon
GRPO. The objective is defined as follows:

AP) | = B Do | )
2
At the strategy level, we introduce a strategy
advantage to quantify the relative utility of differ-
ent inference strategies. For each strategy k& €
{fast, slow}, let St; denote the set of rollout sam-
ples generated under strategy k& within the current
rollout group. We compute its average reward and
average output length as:

_ 1
rst, = ’T Z T4,

G mo(0j) St
maXm, E"N”Md |:Zjl 7r01d(f’la) (AJ}t +

3

“)

lStk, =
1€St

Here,

T is
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the reward assigned to the i-th rollout, and /; is the
generated token length of that rollout.

Based on these statistics, the strategy advantage
is defined in a conditional form:

7:St(i) - mcan({Ffash fslow})

ASt —
o Std({ffastv Fslow})
+ ﬂ _ tanh ZSta) B Ineall({zfastv Zslow})
Std({zfasta Zslow}) ’
(5)
= 1, std({rPM, ... r59Y) = o, ©
0, (1, iSO >0

This definition reflects an adaptive trade-off be-
tween effectiveness and efficiency: when fast and
slow exhibit a noticeable gap in sentiment predic-
tion accuracy, the model is guided to select the
strategy with higher average reward; when their
prediction quality is similar, the length-based term
encourages the more efficient fast strategy.

Specifically, the utterance advantage measures,
within a rollout group, how an individual instance
performs relative to the group average. It is defined
as:

rft(i)—mean<{rft(l) ..... rét(c) })

Finally, the token-level update uses the com-
bined advantage:

AUtt _

it

)

A = AT+ A @®)

thereby enabling strategy selection and utterance
emotion prediction optimization to proceed jointly
under a unified learning framework. Strategy-level
advantage allows the LLM to dynamically choose
the most suitable thinking strategy by balancing
efficiency (shorter reasoning when performance is
similar) and effectiveness (higher-reward modes
when performance differs), with a tanh-bounded
advantage to stabilize training under large length
variations.

Process Reward with Agent. Our reward func-
tion consists of three components: the answer re-
ward r{, the format reward rlf , and the process
reward rf . The overall reward r; is as follows:

agrd + af’r’f,
ri =
agrd + afrif + aprt, ifSt(i) = slow.

if St(¢) = fast,

€))

Notably, conversational inputs vary substantially
in semantic complexity and structural dependency.

Table 1: Evaluation Indicators and Dependency Hierar-
chy. The description is in Appendix.

ID Parent Metric Type Abbreviation
1 — Structural ST.
2 1 Evidence Recall ER.
3 2 Factual Alignment FA.
4 2 Conflict Check CC.
5 2 Logical Structure LS.
6 3 Comprehensive Coverage CoC.
7 3 Fine-Grained Coverage FC.
8 5 Answer Consistency AC.
9 5 Language Quality LQ.
10 6 Conciseness CO.
11 7 Logical Rigor LR.
12 4 Intensity Match IM.
13 4 Internal Consistency IC.
14 4 Contextual Fit CF

As a result, a single, fixed reasoning trajectory is
not universally suitable. Instead, the model should
select an appropriate reasoning path conditioned
on the current context. As illustrated in Figure 2,
we adaptively activate different groups of evalua-
tion dimensions to guide and assess the reasoning
process.

Concretely, we adopt a two-stage, agent-based
evaluation pipeline consisting of dimension selec-
tion and scoring. First, we synthesize prior criteria
and, tailored to the characteristics of conversational
emotion recognition, define a set of 14 interdepen-
dent evaluation dimensions organized into a depen-
dency hierarchy (Table 1). The hierarchy enforces
that selecting a child dimension requires prior se-
lection of its parent, which supports a logically con-
sistent and progressively refined assessment. Next,
for each input instance, we prompt an evaluator to
select a context-relevant subset of dimensions. The
generated reasoning is then scored on each selected
dimension using a 0-5 scale, and the overall quality
score is computed as the average of the selected-
dimension scores. This adaptive design alleviates
the limitations of fixed-dimension evaluation and
improves assessment effectiveness (Prompt is in
Figure 4).

Specifically, when cues are explicit and ambigu-
ity is low, we adopt a lightweight path, prioritizing
Concisenness and Language Quality to avoid un-
necessary verbosity and improve readability. When
the dialogue exhibits emotional conflicts or prag-
matic reversals, we switch to a verification path,
placing greater emphasis on Conflict Check, Inter-
nal Consistency, and Contextual Fit to suppress mis-
judgments and ensure alignment with the conversa-
tional context. When evidence is dispersed across
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Models Reasoning

Emotion Recognition 1

Emotion Reasoning 1

IEMOCAP MELD EmoryNLP Avg. ST. AC.

FA CC. CoC. Avg.

General Large Language Models

Llama3-8B (Grattafiori et al., 2024) v 55.94
Qwen2.5-7B (Yang et al., 2024) v 57.66
Ministral-3-8B-Reasoning (Rastogi et al., 2025) v 60.35
GLM-4.1V-9B-Thinking (Hong et al., 2025) v 55.30
GPT-40 (Hurst et al., 2024) v 59.97
DeepSeek-R1 (Guo et al., 2025) v 66.93

53.69 42.19 50.61 4.02 235 279 1.68 295 276
57.34 45.38 53.46 396 251 285 157 284 275
57.64 44.53 54.17 426 271 3.16 1.65 3.11 298
62.17 43.14 5354 372 280 322 1.60 289 285
61.36 46.08 5580 4.15 273 3.19 1.69 335 3.02
60.82 44.69 57.48 430 287 349 197 344 321

Emotion Large Language Models

InstructERC (Lei et al., 2023a) X 63.06 66.35 44.35 5792 - - - - - -
LaERC-S (Fu et al., 2025) X 65.27 66.01 44.53 58.60 - - - - - -
BiosERC (Xue et al., 2024) X 64.13 65.99 44.01 58.04 - - - - - :
CoE (Shen et al., 2025b) v/ 65.01 64.03 44.29 5778 3.2 276 256 116 201 232
Emotion-LLaMA (Cheng et al., 2024) v/ 57.55 49.23 39.21 48.66 2.18 122 127 117 171 151
R1-Omni (Zhao et al., 2025) v 55.76 50.13 41.02 4897 220 121 125 118 169 151
Ours v 74.17 66.48 49.86 63.50 439 320 3.64 210 349 3.36

Table 2: Model performance is compared from two perspectives. Emotion recognition is evaluated by weighted-F1
(%), whereas reasoning quality is rated on the full test set using five 5-point criteria: Structural (ST.), Answer
Consistency (AC.), Factual Alignment (FA.), Conflict Check (CC.) and Comprehensive Coverage(CoC.). The best
scores are bolded, respectively. Details of the compared methods can be found in the Appendix A.1.

multiple clues, we employ an integration path, em-
phasizing Complete Coverage, Fine-grained Cover-
age, and Logical Rigor so the model can aggregate
evidence and provide step-by-step, well-supported
explanations.

4 Experiments

4.1 Experiments Set up

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).

Evaluation Metrics. Following previous works
(Lei et al., 2023a), we choose the weighted aver-
age F1 score (w-F1) as the emotion recognition
evaluation metric. Reasoning quality is scored by
DeepSeek on a 5-point scale. We assess reasoning
quality across all samples using Structural and An-
swer Consistency as core dimensions. For samples
with explicit cues and low ambiguity, we addition-
ally consider Factual Alignment to verify the cor-
rectness of factual grounding. For samples involv-
ing emotional reversals or internal contradictions,
we introduce Conflict Check as an extra dimen-
sion to ensure consistency in the reasoning process.
For samples that require support from multiple dis-
persed cues, we activate Comprehensive Coverage
to encourage multi-evidence, chain-based argumen-
tation.

Implementation Details. We use Llama3-8B as
our backbone. During supervised fine-Tuning, we
set the batchsize as 8, a learning rate of 2e—4. Dur-

ing reinforcement learning, we set batchsize as 16,
and generate G = 8 candidate responses per input.
We implement experiments on 80G Nvidia A800
GPUs.

4.2 Main Results

We introduce the main experiments from three per-
spectives, including general reasoning large lan-
guage models, emotion large language model with
and without reasoning ability. We evaluate all
models from two complementary angles: emotion
recognition weighted-F1 and reasoning quality. For
fairness, all comparisons are conducted under the
same input and identical evaluation metrics.
Compared with general reasoning LLMs. The
results show that although general LLMs exhibit
strong generic capabilities, their performance on
both metrics lags behind emotion-specialized mod-
els. This gap can be attributed to their difficulty in
capturing task-relevant emotional cues.
Compared with emotion LL.Ms without rea-
soning capability. Conventional text-based emo-
tion classifiers methods (InstructERC, LaERC-S,
BiosERC) can achieve strong w-F1 in practice, but
most of them lack reasoning capability. This lim-
itation hinders their understanding of challenging
samples, thereby constraining their overall emotion
recognition performance.

Compared with emotion LLMs with reason-
ing capability. In the video-based and audio-
based emotion domains, several methods (Emotion-
LLaMA, R1-Omni) have successfully incorporated
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Conversational Emotion Recognition (w-F11)

Emotion Reasoning

Variations  Experiment Setting
IEMOCAP MELD EmoryNLP  Avg. Scoref Token Len|
Baseline 1  SFT-Fast 68.50 63.22 48.23 59.98 - 8.42
Baseline2  SFT-Slow 72.51 65.13 49.07 62.24 3.01 238.61
Baseline 3  SFT-Fast-Slow 72.80 65.73 49.23 62.59 3.19 50.23
(a) Reward Model
Vi GRPO-Fast-Slow-w/o-outcome reward 72.59 65.11 47.71 61.80 3.12 41.05
V2 GRPO-Fast-Slow-w/o-format reward 72.20 65.32 47.65 61.72 3.09 40.16
V3 GRPO-Fast-Slow-w/o-process reward 72.89 66.16 48.23 62.43 3.15 42.13
V4 GRPO-Fast-Slow 74.17 66.48 49.86 63.50 3.36 38.94
(b) Thinking Strategy

V5 GRPO-Slow 73.56 66.35 49.50 63.14 3.07 235.63
Vo6 GRPO-Fast 69.95 64.83 48.90 61.23 - 8.53

Table 3: Ablation study on reward function and thinking strategy for conversational emotion recognition and
emotion reasoning on the overall test set. V1-V4 are built upon Baseline 3. V5 is built upon Baseline 2. V6 is built

upon Baseline 1.

emotion reasoning mechanisms. However, when
evaluated using semantics-oriented criteria, these
approaches exhibit limited capability and generally
underperform text-based methods. This is because
their emotion recognition improvements largely
stem from shallow multimodal manifestations (e.g.,
facial expressions), which are inherently coarse-
grained and fail to capture complex linguistic phe-
nomena.

Additionally, compared with CoE, which mainly
constructs supervision by post-hoc filtering gener-
ated rationales and thus cannot optimize reasoning.
Our method uses GRPO with a adaptive fast-slow
thinking schedule to directly control reasoning be-
havior and jointly improve prediction accuracy and
explanation quality under unified reward learning.

4.3 Ablations

SFT vs. GRPO As shown in Table 3, SFT
mainly relies on static supervision. SFT-Fast per-
forms worse, while SFT-Slow improves recognition
but generates overly long reasoning. The hybrid
SFT-Fast-Slow offers a trade-off, yet it remains
limited by the “supervision-as-target” paradigm
and cannot jointly optimize accuracy and reason-
ing quality.

In contrast, GRPO explicitly shapes the model’s
reasoning behavior through reward-driven pol-
icy optimization, leading to more consistent im-
provements and better efficiency. For exam-
ple, GRPO-Fast-Slow (V4) consistently outper-
forms the strongest SFT baseline (Baseline 3) by
+1.37/+0.75/+0.63 on three datasets, respectively.
While also yielding higher-quality reasoning (Score
3.35) with more concise outputs (Token Len 38.94).

These results indicate that GRPO can simultane-
ously enhance emotion recognition performance
and reasoning quality while effectively controlling
reasoning length, thereby demonstrating a clear
overall advantage over SFT.

Effect of Reward. We further analyze the con-
tribution of different reward components by ablat-
ing outcome-, format-, and process-level rewards
(V1-V3). Removing the outcome reward (V1) low-
ers CER performance, showing that supervising
the final emotion prediction is important for stable
optimization. Removing the format constraint (V2)
also hurts performance, indicating that structured
outputs help regularize training and reduce noisy
exploration.

Notably, removing the process-level reward (V3)
leads to a substantial decline in emotional reason-
ing quality scores and a decrease in CER perfor-
mance compared to the full model. We hypothesize
that, in the absence of adaptive process supervision,
the model is more likely to converge to a single,
rigid reasoning pattern, making it difficult to dy-
namically switch reasoning paths across dialogues
with varying semantic characteristics. As a result,
the selection and organization of critical cues be-
come less targeted, ultimately impairing overall
performance.

Effect of Thinking Strategy As shown in Ta-
ble 3, integrating fast and slow thinking in a uni-
fied manner achieves a more favorable trade-off
between performance and efficiency. Although
employing slow thinking alone (V5) yields com-
petitive emotion recognition performance, it sub-
stantially increases the length of reasoning traces,
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Settings (o weights in Eq. (9)) IEMOCAP MELD EmoryNLP Avg.
Slow: (ag, af, ) = (0.4,0.2,0.4), Fast: (o, ap) = (0.8,0.2) 73.56 66.36 49.72 63.21
Slow: (v, of, o) = (0.25,0.25,0.5), Fast: (o, o) = (0.75,0.25) 73.93 66.38 49.77 63.36
Slow: (g, af, rp) = (0.45,0.1,0.45), Fast: (aq, af) = (0.9,0.1) 74.17 66.48 49.86 63.50

Table 4: Sensitivity analysis on fast—slow thinking parameters.

Impact of Data Amount in RL
63.5 63.6

Impact of G

625 62.02 632
b
2615 61.33

60.5 $0.25 62.84; 6,

10% 50% 75% 100%
Data Amount

Figure 3: The impact of G and data amount in RL.

resulting in higher computational overhead. In con-
trast, relying solely on fast thinking (V6) incurs
minimal reasoning cost but tends to overlook crit-
ical cues in complex emotional scenarios, lead-
ing to limited performance. By comparison, the
combined fast—slow thinking strategy (V4) con-
sistently improves performance on three datasets
while maintaining relatively compact reasoning
lengths. These results indicate that the integra-
tion of fast and slow thinking enables the model to
better adapt to variations in conversational seman-
tic complexity and, consequently, enhances both
emotion recognition and reasoning quality.

Computational overhead and efficiency. The
results reveal a clear efficiency—depth trade-off:
slow thinking greatly increases token length and
overhead for only moderate gains, whereas fast
thinking is cheap but less effective. GRPO-Fast-
Slow offers the best balance, improving perfor-
mance with compact reasoning and far lower token
cost than pure slow reasoning.

4.4 Parameter Sensitivity Analysis

Analysis of Reward. Table 4 indicates that model
performance is somewhat sensitive to the alloca-
tion of the o weights in Eq. (9), and that relatively
balanced weighting across objectives is typically
more effective than either uniform averaging or
overly conservative settings. We find that assigning
a lower weight to the format reward leads to better
performance, suggesting that the model is not short
of signals for format compliance during training.
Therefore, the reward design should prioritize pro-
cess reward and outcome rewards.

Analysis of RL data amount. In Figure 3, by

varying the amount of RL training data, the left
plot shows a clear positive correlation between RL
data size and weighted F1. Performance steadily
improves and is nearly monotonic as more sam-
ples are used. Notably, even a very small RL set
(e.g., 10% samples) brings noticeable gains, indi-
cating that policy optimization can benefit from
limited but informative feedback. As the data scale
increases, improvements become more stable and
consistent, suggesting that broader trajectory cov-
erage enhances optimization stability and model
generalization.

Analysis of GG. In Figure 3, the right plot shows a
non-monotonic dependence on the hyperparame-
ter G: performance improves as GG increases from
small values, peaks at an intermediate range, and
then degrades when GG becomes larger. This behav-
ior is consistent with a bias—variance trade-off in
the RL procedure. When G is too small, the learn-
ing signal may be under-expressed, yielding insuf-
ficient optimization pressure, whereas an overly
large G can amplify update noise and induce train-
ing instability. Therefore, G serves as a key con-
trol knob that must be tuned to balance learning
strength and stability.

5 Conclusion

In conclusion, ERCThinker advances conversa-
tional emotion recognition by unifying inter-
pretable fast—slow reasoning with accurate predic-
tion. By introducing fine-grained reasoning chains
that model topic, discourse structure, speaker traits,
scene context, and emotion shifts, the framework
captures deeper conversational semantics than prior
fast-only or shallow slow approaches. Its adaptive
switching at both strategy and utterance levels en-
ables efficient allocation of reasoning depth to di-
verse scenarios. In addition, the Agent-as-Judge
provides process-aware rewards that refine expla-
nations and stabilize learning. Experiments across
multiple benchmarks confirm consistent gains in
accuracy and reasoning quality.
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Limitations

This work has several limitations. First, to ensure a
fair comparison between open-source and closed-
source LLMs, we evaluated publicly available mod-
els only through direct inference rather than fine-
tuning. As a result, we did not report fine-tuning
results on mainstream open-source models, such as
7B-scale LLMs, which may limit the completeness
of the assessment of open-source models’ emo-
tional reasoning capability. Second, our definition
of fast thinking is relatively simplified and mainly
based on surface-level cues such as punctuation,
emojis, and sentence length. While this design
improves feasibility, it may overlook cases where
short sentences still contain complex emotions and
require deeper analysis. Such simplification may
introduce classification bias and should be further
refined in future work.
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A Appendix

A.1 Baseline Details

InstructERC (Lei et al., 2023a). This framework
reformulates emotion recognition in conversation
by transitioning from a discriminative to a genera-
tive paradigm, utilizing a retrieval template mod-
ule and multi-task emotion alignment to integrate
multi-granularity dialogue supervision into LLMs.
LaERC-S (Fu et al., 2025). This framework
leverages the extensive world knowledge of LLMs
through a two-stage learning paradigm to explic-
itly model interlocutor mental states and behavioral
characteristics, facilitating more precise reasoning
of emotional dynamics within complex conversa-
tional contexts.

BiosERC (Xue et al., 2024). This framework en-
hances emotion classification by utilizing LLMs to
extract speaker "biographical information," inject-
ing these high-level personality traits and charac-

teristics as supplementary contextual knowledge to
model complex emotional interactions.

CoE (Shen et al., 2025b). This framework in-
troduces a multi-stage auxiliary learning strategy
that progressively integrates role-playing, speaker
identification, and emotion reasoning tasks to en-
hance a LLM’s capacity for interpreting complex
emotional clues and contextual dynamics within
conversational streams.

Emotion-LLaMA (Cheng et al., 2024). This
framework introduces a multimodal architecture
that integrates audio, visual, and textual modali-
ties via emotion-specific encoders and aligns these
features into a shared embedding space, utilizing
a modified LLaMA backbone through instruction
tuning to enhance fine-grained emotional recogni-
tion and reasoning.

R1-Omni (Zhao et al., 2025). This approach
introduces a Reinforcement Learning with Veri-
fiable Reward (RLVR) paradigm to optimize Omni-
multimodal large language models, enhancing the
interpretability of cross-modal feature contribu-
tions while simultaneously boosting recognition
accuracy and zero-shot generalization in complex
emotional contexts.

A.2 Cues Extraction Pipeline

We prioritize contextual cues that are most relevant
to conversational emotion understanding. Standard
processing pipelines are employed to extract the
following five types of cues:

* Topic Information: Each utterance is en-
coded using a pretrained language model, and
a continuous latent topic representation is
learned via a VAE-style objective. Attention
mechanisms are used to model topic transi-
tions across dialogue turns (Zhu et al., 2021).

* Speaker Characteristics: Following (Ghosal
et al., 2020), we encode each utterance with
a pretrained speaker characteristic inference
model to derive latent representations cap-
turing speaker intent, effects, and reactions.
These are incorporated into downstream mod-
els as structured semantic features.

* Discourse Structure: We apply deep sequen-
tial discourse modeling (Shi and Huang, 2019)
to induce explicit discourse dependency trees
for each conversation, enabling identification
of the specific preceding utterance to which
each utterance responds.
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¢ Scene Information: As in (Shen et al.,
2025b), scene context, including location and
environmental descriptions annotated at the
beginning of each dialogue segment, is parsed
and directly incorporated into the model input.

* Emotion Shifts: A binary label is assigned
to each pair of adjacent utterances to indicate
whether their emotion labels differ, following
the emotion shift detection approach of (Gao
et al., 2022).
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ID

Parent Dimension

Description

10
11
12

13
14

NS 8]

EENE e V)]

A~ B

Structural

Evidence Recall
Factual Alignment

Conflict Check
Logical Structure
Comprehensive Coverage

Fine-Grained Coverage
Answer Consistency
Language Quality
Conciseness

Logical Rigor

Intensity Match

Internal Consistency
Contextual Fit

Follows a common reasoning structure (e.g., specific-to-general, sequen-
tial, or conclusion-supported-by-analysis).

Extracts at least one concrete cue from the input utterance.

The cited cue aligns with the true emotion and avoids speculation or
fabrication.

None of the cited cues contradict the true emotion.

Clearly links evidence to the conclusion without structural gaps or jumps.
Uses multiple distinct and meaningful emotional cues to support the final
judgment.

Closely ties reasoning to verbatim phrases or precise details from the
utterance.

Ends with a single, clear emotion word that matches the preceding
reasoning.

Uses fluent, natural, and grammatically sound language.

Is brief and avoids redundancy or irrelevant content.

Every reasoning step is grounded in explicit evidence or cited cues.
The expressed emotion intensity (e.g., “very angry” vs. “a little upset™)
matches that of the utterance, helping distinguish similar emotions.
Contains no self-contradictory statements within the reasoning.

Takes into account speaker identity, setting, and other contextual factors.

Table 5: Evaluation Dimensions and Dependency Hierarchy.
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Prompt for evaluating reasoning process.

You are an expert evaluator of emotion recognition reasoning. Assess how well the model-generated explanation (in
* <think>...</think>") justifies its predicted emotion label (in * <answer>...</answer>"), using the ground-truth answer,
reference explanation, and any provided metadata.

Rate each selected dimension on a **1-5 scale**:

- **5%*: Better than reference

- *¥*4%%: On par with reference (minor factual issues allowed)

- *¥*3%*: Weak reasoning or structure; multiple factual errors affect *only* Factual Alignment
- *¥#%%: Trrelevant, hallucinated, or no real reasoning

- *¥*1**: Severely flawed reasoning

### Context
**Reference Explanation:** {gt_reasoning}

### Evaluation

#### Conversation

{conversation }

#### Speaker and Sentence
{speaker} : {sentence}
Ground-Truth Answer:{gt_answer}

Model Explanation:

#### Thought

<think>{thoughts } </think>
<answer>{predict_answer }</answer>

### Evaluation Indicators (with dependency hierarchy)
{evaluation_indicators }

### Output Instructions

Select **exactly five metrics** from the **Type** column in the Evaluation Indicators table that best reflect the
strengths and weaknesses of **this specific model explanation™*.

- Only include a metric if it is meaningfully applicable (e.g., skip *Fine-Grained Coverage* if no exact quotes appear).
- **Respect dependency rules**: selecting a child node requires including all its ancestors (e.g., choosing *Logical
Rigor* (ID 11) implies including *Fine-Grained Coverage* (7), *Factual Alignment* (3), and *Evidence Recall* (2)).
- Use the **exact Type names** (e.g., * "Factual Alignment"") as keys—**not placeholders or IDs**.

- If the groundtruth is conflicting with the predict answer, the thinking process you need to evaluate is not good.

S
{{
"comment": "2-3 sentences explaining why these specific Type-named metrics were chosen based on the actual
content, structure, and alignment of the model’s reasoning.",
"selected_metrics": {{
"<Type_Name>": int,
"<Type_Name>": int,
"<Type_Name>": int,
"<Type_Name>": int,
"<Type_Name>": int

N \} \}

Figure 4: The prompt for evaluating reasoning process.
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Prompt for generating emotion reasoning process.

Now you are an expert in emotional discourse analysis.You are analyzing a conversation characterized by the following
dimensions:

- topic: {topic}

- discourse structure: {discourse_structure}

- speaker characteristics: {speaker_characteristics}

- scene: {scene}

- emotion shift: {emotion_shift}

### Conversation:
conversation

### Task
Your task is to provide a detailed reasoning explanation of how the speaker’s emotions evolve, leading to the specific
shift labeled as emotion.

### Analysis guidelines

- Simulate a human reader’s critical thinking. Let the emotional interpretation emerge gradually through observation and
analysis.

- Weave the speaker’s characteristics and the scene’s atmosphere into your narrative to justify the emotional intensity.
- Explain how the specific discourse structure and the progression of the topic trigger the emotional change.

- Explicitly reference or quote key phrases from the conversation to ground your reasoning in the actual text.

- Ensure the explanation is a cohesive, well-structured piece of writing between 80 and 250 words.

Figure 5: The prompt for generating emotion reasoning process.

Prompt for scoring fast-thinking characteristics of a sample.

You are an expert evaluator assessing whether a given utterance exhibits characteristics of fast thinking—immediate,
affective, and intuitive expression. Score the sample on a 1-5 scale for each criterion below, based solely on the
utterance and its conversational context.

### Evaluation

#### Conversation

{conversation}

#i### Speaker and Sentence
{speaker} : {sentence}
Ground-Truth Answer: {gt_answer}

### Fast-Thinking Indicators

Rate each dimension independently (1-5):

- Emotion Word Density: Frequency of strong emotion words (e.g., “angry”, “thrilled”, “devastated”)
- Punctuation Intensity: Use of exclamation marks (!), question marks (?), or multiple punctuation (!!)
- Emoji Usage: Presence and relevance of emojis (e.g., [laugh], [cry])

- Discourse Particles/Interjections: Words like “wow”, “ugh”, “hey”, “oh no”
- Brevity: Extremely short utterance (e.g., < 10 words or < 30 characters)

### Output Instructions
Provide a JSON object with exact keys as listed above. Use integers 1-5 only.

INENEN

{

json

"Emotion Word Density": int,
"Punctuation Intensity": int,

"Emoji Usage": int,

"Discourse Particles/Interjections": int,
"Brevity": int

Figure 6: Scoring prompt for fast-thinking characteristics.
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Prompt for scoring slow-thinking characteristics of a sample.

You are an expert evaluator assessing whether a given utterance exhibits characteristics of slow thinking—deliberate,
reflective, and cognitively complex reasoning. Score the sample on a 1-5 scale for each criterion below, based solely on
the utterance and its conversational context.

### Evaluation

#### Conversation

{conversation }

#i### Speaker and Sentence
{speaker} : {sentence}
Ground-Truth Answer: {gt_answer}

### Slow-Thinking Indicators

Rate each dimension independently (1-5):

- Expression Length: Number of characters / tokens (longer — higher score)

- Structural Complexity: Use of multiple clauses, compound/complex sentences

- Causal/Contrastive Connectives: Presence of words like “because”, “but”, “although”, “so”

- Coreference: Use of pronouns or demonstratives requiring inference (e.g., “he”, “this”)

- Metacognitive Markers: Phrases indicating reflection, uncertainty, or perspective-taking (e.g., “I think”, “maybe”,
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“from their view”, “calm down”)

### Output Instructions
Provide a JSON object with exact keys as listed above. Use integers 1-5 only.

INENEN

{

json

"Expression Length": int,

"Structural Complexity": int,
"Causal/Contrastive Connectives": int,
"Coreference": int,

"Metacognitive Markers": int

Figure 7: Scoring prompt for slow-thinking characteristics.

Prompt for emotion analysis with reasoning.

You are an expert in emotion recognition. Your task is to analyze the emotional state expressed by a specific speaker
in a given utterance, based on the full conversational context. Carefully consider the speaker’s words, implied tone,
interpersonal dynamics, and situational cues.

### Evaluation

#### Conversation

{conversation}

#### Speaker and Sentence

{speaker} : {sentence}

### Task

Based on the conversation above, analyze the emotion expressed in the sentence spoken by {speaker}. Choose **one**
emotion label from the following set: <{labels}>. Then, provide a brief reasoning for your choice, followed by your
confidence level in this prediction on a scale from O to 5, where: - 0 = completely uncertain or no basis for judgment, - 5
= extremely confident, with clear and unambiguous evidence.

### Output Format

You **must** output exactly in the following format—no additional text:

<think>{your concise reasoning here } </think> <answer>{selected emotion label }</answer> <confidence>{integer
from O to 5}</confidence>

Figure 8: Emotion analysis prompt with reasoning.
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