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Abstract001

Emotion Recognition in Conversation (ERC)002
aims to infer the emotions expressed in di-003
alogues, where a relatively stable dialogue-004
level affective context coexists with transient005
utterance-level dynamics. Prior work often em-006
phasizes either sequential modeling of local007
context or graph-based aggregation of global008
dependencies, leaving the interaction between009
global atmosphere and evolving utterance emo-010
tions under-explored. In this paper, we propose011
G2SERC, a graph-to-sequence framework that012
unifies relation-aware graph context encoding013
and sequential emotion decoding. G2SERC014
first builds a speaker-aware heterogeneous015
graph over conversation and employs a relation-016
aware graph encoder to derive dialogue-level017
affective context and speaker-level affective pri-018
ors. A coupled recurrent decoder then tracks019
utterance dynamics while updating speaker-020
specific affective states, enabling emotion pre-021
diction conditioned on both dialogue evolution022
and speaker trajectories. Extensive experiments023
show that G2SERC consistently outperforms024
strong baselines and achieves state-of-the-art025
performance. Additional analyses demonstrate026
improved robustness to local emotional pertur-027
bations and substantiate the benefit of integrat-028
ing global and speaker-aware signals. 1029

1 Introduction030

Emotion Recognition in Conversation (ERC) (Po-031

ria et al., 2019b; Fu et al., 2023) aims to identify032

the emotional states expressed throughout a dia-033

logue, and it is central to applications such as di-034

alogue systems (Jiao et al., 2020b; Gong et al.,035

2023), social media analysis (Kumar et al., 2015),036

and human-computer interaction (Hu et al., 2021b).037

Emotions in conversations exhibit structured varia-038

tions across contextual levels (Ai et al., 2025): a di-039

alogue often maintains a relatively stable, dialogue-040

level affective atmosphere that reflects the overall041

1The code is released at
https://anonymous.4open.science/r/cjkdgs29.

The presentation went really well today.

Yeah, the feedback was very positive.

I just realized I made a small mistake 
earlier.

It's fine, no one even noticed.

You're right, I was overthinking it.

Exactly, let's move on.

Latent dialogue-level context: Positive

[Local perturbation]

R
egularizing em

otional trajectory

Figure 1: An illustrative example showing that dialogue-
level affective context supports stable emotion predic-
tion under local emotional perturbations.

emotional tone of the interaction, while individual 042

utterances express transient emotions that evolve in 043

response to local contextual triggers. As illustrated 044

in Figure 1, a conversation may preserve a posi- 045

tive overall atmosphere even when individual utter- 046

ances temporarily deviate due to contextual pertur- 047

bations. These observations suggest that utterance- 048

level emotion recognition can benefit from incorpo- 049

rating dialogue-level affective context that captures 050

the overall atmosphere. 051

To capture the interplay between dialogue-level 052

affective context and utterance-level emotional dy- 053

namics, existing ERC methods have adopted di- 054

verse modeling paradigms (Poria et al., 2019a; 055

Wu et al., 2025). Implicit dependency modeling 056

methods, including sequence-based (Poria et al., 057

2017; Hazarika et al., 2018; Majumder et al., 2019; 058

Hu et al., 2021b, 2022b; Gou et al., 2025) and 059

Transformer-based (Zhong et al., 2019; Li et al., 060

2020; Shen et al., 2021a; Mao et al., 2021) ap- 061

proaches, encode conversational dependencies by 062

folding dialogue-level information into evolving 063

hidden representations via recurrent transitions or 064

self-attention. While effective for modeling local 065

emotional continuity, these implicit representations 066
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are sensitive to local perturbations and lack a sta-067

ble dialogue-level affective anchor to guide subse-068

quent emotional evolution. In contrast, explicit de-069

pendency modeling methods, most notably graph-070

based ERC approaches (Ghosal et al., 2019; Shen071

et al., 2021b; Chen et al., 2023; Tu et al., 2024;072

Ai et al., 2025; Li et al., 2025), define utterance073

interactions through structured relational edges and074

aggregate conversational context via message pass-075

ing. However, the aggregated information is typ-076

ically compressed into utterance-level representa-077

tions for point-wise emotion prediction, without ex-078

plicitly modeling how dialogue-level affective con-079

text shapes emotion trajectories over time. Conse-080

quently, existing methods tend to emphasize either081

implicit temporal dynamics or explicit contextual082

aggregation, but rarely offer a unified mechanism083

that leverages both in a coordinated manner.084

In this work, we aim to jointly leverage dialogue-085

level affective context and utterance-level emo-086

tional dynamics within a unified framework. Our087

motivation is that graph-based models excel at ag-088

gregating global conversational context, whereas089

sequence-based models are effective at captur-090

ing utterance-level emotional evolution. Build-091

ing on this complementarity, we present G2SERC,092

a graph-to-sequence framework in which graph-093

encoded global context guides sequential emo-094

tion modeling. Specifically, G2SERC comprises095

a graph-based context encoder and a sequential096

emotion decoder: the encoder aggregates hetero-097

geneous conversational dependencies to model098

dialogue-level affective context, and the decoder099

models utterance-level emotional dynamics condi-100

tioned on the encoded global context. By decou-101

pling contextual aggregation from temporal emo-102

tion modeling, our framework enables coordinated103

use of global affective context and local emotional104

dynamics.105

We conduct extensive experiments on four pub-106

lic ERC benchmarks, and the results consistently107

demonstrate the effectiveness of G2SERC com-108

pared to several baselines. Moreover, an emotion109

transition analysis provides additional evidence110

that G2SERC maintains stable emotion prediction111

for subsequent utterances despite transient local112

emotional deviations.113

The contributions of this work are: (1) We114

propose a graph-to-sequence framework that115

jointly models dialogue-level affective context and116

utterance-level emotional dynamics for ERC. (2)117

We design a graph-based encoder to capture global118

affective information from conversational struc- 119

tures. (3) We develop a coupled sequential de- 120

coder that leverages graph-encoded global con- 121

text to guide utterance-level emotion prediction. 122

(4) Extensive experiments on multiple benchmark 123

datasets further validate the effectiveness of the 124

proposed approach. 125

2 Related Work 126

2.1 Context Modeling in Conversation 127

Conversations are characterized by complex rela- 128

tional structures arising from multi-party interac- 129

tions (Fu et al., 2023; Wu et al., 2025), which dis- 130

tinguishes ERC from conventional sentiment anal- 131

ysis (Yin and Zhong, 2024; Miah et al., 2024; Li 132

et al., 2024b; Sharma et al., 2025). Early ERC 133

studies (Poria et al., 2017; Majumder et al., 2019; 134

Jiao et al., 2020a; Zhao et al., 2022) primarily mod- 135

eled contextual dependencies across dialogue turns 136

with recurrent architectures, capturing emotion 137

transitions along the temporal dimension (Hazarika 138

et al., 2018; Ghosal et al., 2020; Hu et al., 2021a). 139

Despite their effectiveness on short-range contex- 140

tual cues, sequence-based approaches often strug- 141

gle to represent non-linear conversational struc- 142

tures, including long-range or cross-speaker depen- 143

dencies (Ghosal et al., 2019). To improve long- 144

distance contextual reasoning, subsequent works 145

adopted Transformer architectures (Wang et al., 146

2020; Zhu et al., 2021; Mao et al., 2021; Khule 147

et al., 2024) and pretrained language models (Yu 148

et al., 2024; Lei et al., 2024; Jing et al., 2026), 149

where self-attention implicitly aggregates conver- 150

sational context (Zhong et al., 2019; Shen et al., 151

2021a; Wu et al., 2024). More recently, graph- 152

based methods (Ghosal et al., 2019; Fu et al., 2021, 153

2022; Li et al., 2023; Chen et al., 2023; Ai et al., 154

2025; Shou et al., 2025; Li et al., 2025) have explic- 155

itly modeled conversational context by constructing 156

graphs over utterances, with relational edges encod- 157

ing structural dependencies. Such graph represen- 158

tations naturally capture conversational topology 159

and facilitate the aggregation of global contextual 160

information, enabling a more holistic understand- 161

ing of the dialogue (Zhang et al., 2019; Hu et al., 162

2021b; Tu et al., 2024). Extensions that incorporate 163

external knowledge further enrich these representa- 164

tions (Zhong et al., 2019; Ghosal et al., 2020; Fu 165

et al., 2021). 166
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Figure 2: Overall architecture of our G2SERC.

2.2 Emotional Dynamics Modeling167

A substantial line of research focuses on mod-168

eling emotional dynamics at the utterance level,169

where intra-speaker emotional continuity and inter-170

speaker emotional influence jointly shape emotion171

evolution (Poria et al., 2019b; Ghosal et al., 2019).172

Early approaches leveraged recurrent or attention-173

based architectures (Hazarika et al., 2018; Ma-174

jumder et al., 2019; Wang et al., 2020; Li et al.,175

2020; Ghosal et al., 2020; Hu et al., 2021a; Shen176

et al., 2021a; Hu et al., 2023) to track emotion tra-177

jectories over time. Subsequent studies enhanced178

utterance-level dynamics modeling by incorporat-179

ing inter-speaker interaction patterns (Bao et al.,180

2022), pretrained contextual representations (Khule181

et al., 2024; Lei et al., 2024), and personality-182

related attributes (Wang et al., 2024). Graph-based183

models have introduced speaker-related signals184

largely through static structural designs, for exam-185

ple by augmenting utterance representations with186

speaker embeddings (Hu et al., 2021b, 2022a; Li187

et al., 2023; Chen et al., 2023; Tu et al., 2024;188

Ai et al., 2025; Shou et al., 2025) or by explic-189

itly modeling speakers as nodes connected to ut-190

terances (Zhang et al., 2019; Song et al., 2023).191

Relational edges have also been used to encode192

intra- and inter-speaker interactions (Ghosal et al.,193

2019; Fu et al., 2021; Shen et al., 2021b). In con-194

trast, our G2SERC adopts a unified perspective195

that explicitly integrates dialogue-level affective196

context with utterance-level emotional dynamics,197

providing a principled way to relate global conver-198

sational affect to local emotional evolution within199

a single framework.200

3 Methodology 201

In this section, we introduce G2SERC for ERC. As 202

shown in Figure 2, G2SERC comprises four com- 203

ponents: (1) a heterogeneous Graph Construction 204

module (§3.2); (2) a Relation-aware Graph En- 205

coder for contextual representation learning (§3.3); 206

(3) a Dynamic State Decoder that models utterance- 207

and speaker-specific temporal dynamics (§3.4); and 208

(4) a Prediction head (§3.5). 209

3.1 Preliminary 210

Task Definition. Given a conversation repre- 211

sented as an ordered sequence of N utterances 212

U = {u1, u2, . . . , uN}, each utterance ui is pro- 213

duced by a speaker sπ(ui), where π(·) maps an 214

utterance to the index of its corresponding speaker. 215

The conversation involves M distinct speakers 216

(M ≥ 2), denoted as {s1, . . . , sM}. The goal of 217

ERC is to assign an emotion label yi ∈ C to each ut- 218

terance ui, where C is the set of predefined emotion 219

categories. 220

Textual Feature Extraction. We encode each 221

utterance ui ∈ U into a contextual representation 222

x
(u)
i ∈ Rdh using a pretrained RoBERTa (Liu et al., 223

2019) model, where dh denotes the dimensional- 224

ity of the utterance representation. The utterance 225

encoder is kept fixed during training to stabilize op- 226

timization and to decouple utterance-level represen- 227

tation learning from conversation-level modeling 228

in our framework. 229
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Figure 3: An illustrative example of the heterogeneous
conversation graph with window size W = 1, consisting
of utterance and speaker nodes connected by four types
of relations (r1-r4).

3.2 Graph Construction230

To explicitly model heterogeneous conversational231

dependencies across utterances and speakers, we232

represent each conversation as a speaker-aware het-233

erogeneous graph G = (V, E ,R), as shown in Fig-234

ure 3. The node set V consists of two disjoint235

subsets, i.e., V = V(u) ∪ V(s), where V(u) and236

V(s) denote utterance nodes and speaker nodes, re-237

spectively. Edges (vi, vj) ∈ E encode structured238

conversational dependencies, and each edge is as-239

sociated with a relation type r ∈ R.240

Nodes. Following prior work (Song et al., 2023),241

we include two types of nodes: utterance nodes242

and speaker nodes. Each utterance ui ∈ U corre-243

sponds to an utterance node v
(u)
i , initialized with244

its RoBERTa representation x
(u)
i . Each speaker sj245

corresponds to a speaker node v(s)j , initialized with246

a learnable embedding x
(s)
j ∈ Rdh that encodes247

speaker identity information.248

Edges. Conversational dependencies are hetero-249

geneous in nature (Ghosal et al., 2019; Shen et al.,250

2021b), motivating multiple relation types r ∈ R:251

(r1) Inter-speaker dependency captures short-range252

cross-speaker influence. We add a directed edge253

(v
(u)
i , v

(u)
j ) if 1 ≤ j − i ≤W and π(ui) ̸= π(uj).254

(r2) Intra-speaker dependency models speaker-255

specific emotional continuity independent of turn-256

taking. we add a directed edge (v
(u)
i , v

(u)
j ) if ui257

and uj are consecutive utterances produced by the258

same speaker.259

(r3) Global semantic similarity enables sparse long- 260

range information exchange beyond local context. 261

We add an undirected edge (v(u)i , v
(u)
j ) if i ̸= j and 262

cos
(
x
(u)
i ,x

(u)
j

)
> τs, where τs is a predefined 263

threshold. 264

(r4) Utterance-speaker affiliation facilitates ex- 265

plicit interaction between utterance representations 266

and speaker states. For each utterance ui, we add a 267

directed edge (v
(u)
i , v

(s)
π(ui)

). 268

3.3 Relation-aware Graph Encoder 269

The relation-aware graph encoder aggregates struc- 270

tured conversational context into dialogue-level rep- 271

resentations, without modeling utterance-level tem- 272

poral dynamics. In the conversation graph G = 273

(V, E ,R), different relation types r encode hetero- 274

geneous contextual signals that may be obscured 275

if all edges are mixed within a single message- 276

passing process. Accordingly, we perform message 277

propagation separately for each relation type and 278

then integrate their contributions in a controlled 279

manner. 280

Relation-aware Context Propagation. Given 281

the relation set R, we conduct message propaga- 282

tion over edges associated with each relation r ∈ R 283

independently. At the l-th layer, for a target node 284

vi ∈ V , let Nr(vi) denote the set of neighbors con- 285

nected to vi via relation r. We update the relation- 286

specific representation of vi as: 287

h
(l+1,r)
i = GNN(l)

r

(
h
(l)
i ,

∑
vj∈Nr(vi)

h
(l)
j

)
, (1) 288

where GNN
(l)
r (·) is a relation-specific graph neu- 289

ral network that aggregates messages from neigh- 290

bors under relation r. Here, h(l)
i denotes the rep- 291

resentation of node vi at layer l, and h
(0)
i = xi 292

is the input node feature. In this work, we in- 293

stantiate GNN
(l)
r (·) using graph attention networks 294

(GAT) (Brody et al., 2022), where attention coeffi- 295

cients modulate the contribution of each neighbor 296

under relation r. For an edge (vj , vi)r, the attention 297

coefficient α(r)
ij is computed as: 298

γ
(r)
ij = a⊤

r σ
(
Wr

[
h
(l)
i ,h

(l)
j

])
,

α
(r)
ij = softmaxj∈Nr(vi)

(
γ
(r)
ij

)
,

(2) 299

where Wr ∈ Rdh×2dh and ar ∈ Rdh are learn- 300

able parameters associated with relation r, and σ(·) 301

denotes the LeakyReLU activation function. 302
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Multi-relation Context Fusion. After relation-303

aware propagation, each node vi obtains a set of304

relation-specific representations {h(l+1,r)
i | r ∈305

R}. corresponding to different dependency rela-306

tions in G. To integrate these heterogeneous signals307

while avoiding interference across relations, we ap-308

ply an element-wise max operator:309

h̃
(l+1)
i = AGG

(
{h(l+1,r)

i | r ∈ R}
)
, (3)310

where AGG(·) denotes max aggregation. We then311

apply a non-linear activation followed by layer nor-312

malization to obtain the final node representation313

h
(l+1)
i ∈ Rdh :314

h
(l+1)
i = LayerNorm

(
ReLU(h̃

(l+1)
i )

)
. (4)315

Notably, utterance nodes aggregate messages prop-316

agated through r1-r3, whereas speaker nodes are317

updated exclusively via the utterance–speaker rela-318

tion r4, ensuring that speaker representations are319

informed only through their affiliated utterances.320

Multi-layer Aggregation. We stack the relation-321

aware propagation and fusion operations for L lay-322

ers to obtain progressively refined node representa-323

tions. Since different graph layers capture context324

at different receptive fields, we aggregate repre-325

sentations across all layers. At layer l, we denote326

the representations of utterance nodes and speaker327

nodes as H(l,u) = [h
(l,u)
1 ; · · · ;h(l,u)

N ] ∈ RN×dh328

and H(l,s) = [h
(l,s)
1 ; · · · ;h(l,s)

M ] ∈ RM×dh , re-329

spectively. We concatenate the layer-wise represen-330

tations as:331

H̃(u) =
[
H(0,u); · · · ;H(L,u)

]
,

H̃(s) =
[
H(0,s); · · · ;H(L,s)

]
.

(5)332

We then apply linear projections to obtain compact333

utterance-level and speaker-level representations:334

H(u) = FCu

(
H̃(u)

)
,

H(s) = FCs

(
H̃(s)

)
,

(6)335

where FCu(·) and FCs(·) are linear transforma-336

tions with learnable parameters. Each row h
(s)
j337

of H(s) serves as the encoded affective state of338

speaker sj . To derive a dialogue-level representa-339

tion, we apply max pooling over H(u):340

c = Pool(H(u)), (7)341

where Pool(·) denotes max pooling. The result- 342

ing vector c ∈ Rdh represents a dialogue-level 343

affective context that is permutation-invariant with 344

respect to utterance order, providing a stable con- 345

textual prior for subsequent temporal decoding. 346

3.4 Dynamic State Decoder 347

Given the dialogue-level affective context c and 348

the encoder-derived speaker states H(s), the de- 349

coder models utterance-level temporal dynamics 350

conditioned on global context, while tracking the 351

evolution of speaker-specific affective states as the 352

dialogue unfolds. We assume that utterance rep- 353

resentations evolve sequentially over turns, and 354

that a speaker’s affective state is updated only 355

when the speaker produces an utterance. Based on 356

these assumptions, we adopt a dynamic decoding 357

framework that jointly maintains utterance-level 358

and speaker-level states. 359

Utterance-level Temporal Dynamics. We 360

model utterance-level temporal dynamics by 361

maintaining a latent dialogue state o
(u)
i for 362

each utterance ui, which captures sequential 363

dependencies across dialogue turns. At each turn, 364

the decoder updates the dialogue state based on 365

the utterance representation x
(u)
i . To capture 366

bidirectional temporal dependencies, we use a 367

bidirectional gated recurrent unit (BiGRU): 368

o
(u,f)
i = GRUf

u

(
x
(u)
i ,o

(u,f)
i−1

)
,

o
(u,b)
i = GRUb

u

(
x
(u)
i ,o

(u,b)
i+1

)
,

o
(u)
i =

[
o
(u,f)
i ;o

(u,b)
i

]
.

(8) 369

We initialize the forward and backward hidden 370

states with the dialogue-level affective prior, i.e., 371

o
(u,f)
0 = o

(u,b)
N+1 = c, thereby conditioning tempo- 372

ral decoding on the global affective context c. 373

Speaker-specific State Dynamics. We further 374

assume that the affective state of a speaker sπ(ui) 375

is updated only after the speaker produces utter- 376

ance ui. Accordingly, we treat the encoder-derived 377

speaker representations H(s) as initial speaker 378

states and update them online during decoding. At 379

turn i, given the utterance-level state o
(u)
i and its 380

speaker index j = π(ui), we retrieve the current 381

speaker state h
(s)
j ∈H(s) and update it as: 382

h
(s)
j ← GRUs

(
o
(u)
i ,h

(s)
j

)
, (9) 383

while keeping the states of all other speakers un- 384

changed. 385
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Statistic IEMOCAP MELD EmoryNLP DailyDialog

Conversations (train) 120 1039 713 11118
Conversations (val) – 114 99 1000
Conversations (test) 31 280 85 1000

Utterances (train) 5810 9989 9934 87170
Utterances (val) – 1109 1344 8069
Utterances (test) 1623 2610 1328 7740

Average Turns 49.2 9.6 11.5 7.9
Average Speakers 2 2.7 3.2 2

Table 1: Dataset statistics.

3.5 Classification386

For each utterance ui, we predict its emotion la-387

bel by jointly considering the utterance-level dy-388

namic state o
(u)
i and the corresponding speaker389

state h
(s)
π(ui)

maintained before observing ui. For-390

mally, we concatenate the two states and feed them391

into a linear classifier:392

oi =
[
o
(u)
i ;h

(s)
π(ui)

]
,

pi = softmax (Wcoi + bc) ,

ŷi = argmax
c∈C

pi[c].

(10)393

where pi ∈ R|C| denotes the predicted posterior394

distribution over emotion categories, and Wc ∈395

R|C|×3dh and bc ∈ R|C| are trainable classifier pa-396

rameters.397

We train G2SERC with the standard cross-398

entropy loss:399

L = −
|D|∑
d=1

Nd∑
i=1

log p
(d)
i

[
y
(d)
i

]
, (11)400

where D denotes the dialogue dataset, Nd is the401

number of utterances in the d-th conversation, and402

y
(d)
i is the corresponding ground truth label.403

4 Experimental Setups404

4.1 Datasets405

We evaluate our model on four widely used bench-406

mark datasets for emotion recognition in conversa-407

tion: IEMOCAP (Busso et al., 2008), MELD (Po-408

ria et al., 2019a), EmoryNLP (Zahiri and Choi,409

2017), and DailyDialog (Li et al., 2017). Dataset410

statistics are summarized in Table 1, and detailed411

dataset descriptions and evaluation protocols are412

provided in Appendix A.413

To ensure a consistent experimental setting414

across datasets, we use only the textual modality for415

all experiments. Following prior work, we report416

micro-averaged F1-score (micro-F1) on DailyDia- 417

log and weighted-average F1-score (w-F1) on the 418

remaining datasets. 419

4.2 Baselines 420

We compare G2SERC with representative ap- 421

proaches from four categories: (1) Sequence- 422

based methods, including DialogueRNN (Ma- 423

jumder et al., 2019), SGED (Bao et al., 2022), and 424

SACL-LSTM (Hu et al., 2023); (2) Transformer- 425

based methods, including DialogXL (Shen et al., 426

2021a), MultiEMO (Shi and Huang, 2023), and 427

CFN-ESA (Li et al., 2024a); (3) Graph-based meth- 428

ods, including DialogueGCN (Ghosal et al., 2019), 429

DAG-ERC (Shen et al., 2021b), and GS-MCC (Ai 430

et al., 2025); and (4) PLM-based methods, includ- 431

ing EmoBERTa (Kim and Vossen, 2021), ERC- 432

DP (Wang et al., 2024), and AffectGPT-R1 (Lian 433

et al., 2025). Detailed descriptions of these base- 434

lines are provided in Appendix B. 435

4.3 Training Details 436

All experiments are implemented in PyTorch and 437

optimized with the AdamW. Detailed hyperparam- 438

eter settings are provided in Appendix C. All ex- 439

periments are conducted on a machine equipped 440

with an NVIDIA GeForce RTX 5090 GPU, using 441

CUDA 12.8 for acceleration. 442

5 Results and Analysis 443

5.1 Overall Results 444

Table 2 summarizes the overall performance of our 445

proposed G2SERC and the compared baselines. 446

Across all four benchmarks, G2SERC achieves the 447

best results and establishes a new state-of-the-art 448

on IEMOCAP, MELD, EmoryNLP, and DailyDia- 449

logue. These results demonstrate the effectiveness 450

of our graph-to-sequence framework for ERC. 451

Compared with sequence-based and 452

transformer-based methods, G2SERC yields clear 453

and consistent gains. Notably, sequence-based 454

models that incorporate additional signals (e.g., 455

SGED and SACL+LSTM) also improve over 456

their vanilla counterparts, highlighting the benefit 457

of leveraging richer contextual information 458

beyond pure sequential modeling. Graph-based 459

approaches are generally stronger than purely se- 460

quential or transformer-based methods, suggesting 461

that explicitly modeling conversational structures 462

is beneficial. Building on these strengths, G2SERC 463

further improves over graph-based baselines by 464
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Method IEMOCAP MELD EmoryNLP DailyDialogue

Sequence-based Methods
DialogueRNN (Majumder et al., 2019) 62.75 - - -

+RoBERTa 64.76 63.61 37.44 57.32
SGED (Bao et al., 2022) 68.53 65.46 40.24 -
SACL+LSTM (Hu et al., 2023) 69.22 66.45 39.65 -

Transformer-based Methods
DialogXL (Shen et al., 2021a) 65.94 62.41 34.73 54.93
MultiEMO (Shi and Huang, 2023) 64.48 61.23 - -
CFN-ESA (Li et al., 2024a) 66.57 65.81 - -

Graph-based Methods
DialogueGCN (Ghosal et al., 2019) 64.18 58.10 - -

+RoBERTa 64.91 63.02 38.10 57.52
DAG-ERC (Shen et al., 2021b) 68.03 63.65 39.02 59.33
GS-MCC (Ai et al., 2025) 66.00 62.50 - -

PLM-based Methods
EmoBERTa (Kim and Vossen, 2021) 68.57 66.51 - -
ERC-DP (Wang et al., 2024) 69.64 67.34 40.10 -
AffectGPT-R1 (Lian et al., 2025) 67.42 61.09 - -

G2SERC (ours) 70.42 67.64 40.45 59.64

Table 2: Overall performance on the four datasets.

(a) IEMOCAP

Emotion Sad. Hap. Exc. Fru. Ang. Neu. Avg.

SACL-LSTM 84.78 56.91 69.70 65.02 64.09 70.00 68.42
G2SERC 83.61 52.94 73.45 67.98 68.02 69.62 69.27
Improve -1.17 -3.97 +3.75 +2.96 +3.93 -0.38 +0.85

(b) MELD
Emotion Sad. Fea. Neu. Joy. Ang. Sur. Dis. Avg.

SACL-LSTM 41.34 26.23 80.17 64.98 52.35 58.77 31.47 50.76
G2SERC 43.30 22.78 80.12 65.70 55.09 61.49 28.92 51.06
Improve +1.96 -3.45 -0.05 +0.72 +2.74 +2.72 -2.55 +0.30

(c) EmoryNLP
Emotion Joy. Mad. Pea. Neu. Sad. Pow. Sca. Avg.

SACL-LSTM 54.78 37.68 11.66 55.42 25.83 5.43 37.11 32.56
G2SERC 54.04 39.25 21.17 52.75 22.38 19.08 40.19 35.55
Improve -0.74 +1.57 +9.51 -2.67 -3.45 +13.67 +3.08 +2.99

(d) DailyDialogue
Emotion Non. Sur. Hap. Fea. Ang. Dis. Sad. Avg.

SACL-LSTM† 83.93 37.77 55.94 41.67 40.47 27.16 27.33 44.90
G2SERC 91.97 52.36 65.01 51.85 42.93 32.43 38.89 53.63
Improve +8.04 +14.59 +9.07 +10.18 +2.46 +5.27 +11.56 +8.74

Table 3: Fine-grained performance comparison (on F1
score) between G2SERC and SACL-LSTM. † Results
reproduced from the publicly available code.

integrating relation-aware graph encoding with465

sequential emotion decoding.466

Table 3 reports the per-class performance com-467

parison on the benchmark datasets. Fine-grained468

emotion recognition remains challenging for at469

least two reasons. First, some emotion categories470

are semantically similar and therefore hard to dis-471

tinguish (e.g., happy versus excited, and peaceful472

Method IEMOCAP MELD EmoryNLP DailyDialogue

Full model 70.42 67.64 40.45 59.64
w/o Encoder 67.86 63.63 40.12 59.21
w/o GRUs 67.27 63.62 39.12 59.32
w/o GRUu 68.00 63.74 38.77 59.41

Table 4: Model ablation results.

versus neutral). Second, these benchmarks often 473

exhibit long-tailed label distributions, where minor- 474

ity classes receive limited supervision. Among 475

the compared baselines, SACL-LSTM achieves 476

the strongest fine-grained results, likely benefit- 477

ing from its contrastive learning objective that en- 478

hances intra-class discrimination. Under this set- 479

ting, G2SERC remains competitive across most cat- 480

egories while consistently improving the average 481

F1 by +0.85, +0.30, +2.99, and +8.74 on IEMO- 482

CAP, MELD, EmoryNLP, and DailyDialogue, re- 483

spectively. 484

5.2 Ablation Study 485

Model Ablation. Table 4 reports model-level ab- 486

lation results, examining the contributions of the 487

graph encoder and the GRU-based decoder compo- 488

nents. To remove the encoder, we replace it with a 489

lightweight alternative: we obtain the global con- 490

text vector c by pooling RoBERTa-based utterance 491

representations, and derive speaker representations 492

H(s) by embedding one-hot speaker indicators. 493

As shown in Table 4, removing the encoder con- 494

sistently degrades performance across all datasets 495
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Method IEMOCAP MELD EmoryNLP DailyDialogue

Full model 70.42 67.64 40.45 59.64
w/o r1 67.94 63.44 39.07 59.33
w/o r2 67.99 63.54 39.32 59.37
w/o r3 69.07 63.49 38.96 59.19

Table 5: Edge-type ablation results.

(e.g., by -2.56 on IEMOCAP and -4.01 on MELD),496

indicating that explicit structural encoding is cru-497

cial for ERC. To isolate the roles of the two GRU498

modules, we remove each component individually.499

Without the speaker-level GRU (GRUs), the de-500

coder reduces to an utterance-level GRU; speaker501

states are neither updated nor used for prediction,502

leading to consistent drops across datasets. Simi-503

larly, removing the utterance-level GRU (GRUu)504

eliminates utterance-level temporal modeling; we505

directly feed utterance representations to GRUs,506

which also results in noticeable degradation. Over-507

all, both components contribute meaningfully to508

the final performance.509

Edge-type Ablation. Table 5 presents ablations510

over relation types, including inter-speaker depen-511

dency (r1), intra-speaker dependency (r2), and512

global semantic similarity (r3). We ablate r1-513

r3 while keeping the utterance-speaker affilia-514

tion edges (r4) unchanged, since removing t4515

would disconnect speaker information from the en-516

coder. Overall, removing any of the three utterance-517

utterance relations consistently hurts performance,518

indicating that each relation contributes to the fi-519

nal performance. Among them, ablating r1 and r2520

causes more noticeable degradation on IEMOCAP521

and MELD, whereas removing r3 leads to large522

decreases on EmoryNLP. These findings suggest523

that different relation types provide complementary524

signals for ERC.525

5.3 Emotion Transition Analysis526

To assess whether G2SERC maintains stable pre-527

dictions after a local emotional deviation, we con-528

duct an emotion transition analysis on dialogue529

segments from the IEMOCAP test set. For each530

conversation, we define the dominant emotion as531

the most frequent label across all utterances. We532

then extract all triplets ⟨ui−1, ui, ui+1⟩ whose la-533

bels satisfy yi−1 = yi+1 = y∗ and yi ̸= y∗, where534

y∗ denotes the dominant emotion of the dialogue.535

Here, the middle utterance ui serves as a devia-536

tion utterance with respect to the global affective537

Correctness Condition Accuracy (%)

Correct on ui+1 only 84.31
Correct on (ui, ui+1) 39.22
Correct on (ui−1, ui+1) 74.51
Correct on (ui−1, ui, ui+1) 31.37

Table 6: Accuracy breakdown over utterance triplets
⟨ui−1, ui, ui+1⟩.

context. Our analysis focuses on whether such a 538

deviation interferes with the prediction of the sub- 539

sequent utterance ui+1. 540

As shown in Table 6, when evaluated solely on 541

ui+1, G2SERC achieves an accuracy of 84.31% 542

despite the deviation at ui, indicating stable for- 543

ward prediction under local emotional perturba- 544

tions. When both ui and ui+1 must be predicted 545

correctly, the accuracy drops to 39.22%, reflect- 546

ing the difficulty of modeling transient deviations. 547

In contrast, requiring correctness on utterances 548

aligned with the dominant emotion (ui−1 and ui+1) 549

yields a higher accuracy of 74.51%. Finally, cor- 550

rectly predicting the full triplet remains challenging 551

(31.37%). Overall, these results suggest that the 552

model tends to preserve global affective consis- 553

tency even when short-lived local deviations occur. 554

6 Conclusion 555

We propose G2SERC, a graph-to-sequence frame- 556

work that explicitly integrates dialogue-level affec- 557

tive context with utterance-level emotional dynam- 558

ics for ERC. G2SERC constructs a speaker-aware 559

heterogeneous graph with relation-specific edges 560

to encode diverse conversational dependencies and 561

to support structured context aggregation. On top 562

of this graph, a multi-layer relation-aware encoder 563

captures both global dialogue-level affective con- 564

text and speaker-level affective states. We further 565

propose a coupled dual-GRU decoder that sepa- 566

rately tracks utterance- and speaker-level emotional 567

dynamics, enabling context-conditioned emotion 568

prediction along the dialogue flow. Extensive ex- 569

periments on multiple benchmarks demonstrate 570

that G2SERC is effective and competitive across 571

datasets. 572

Limitations 573

Although the proposed graph-to-sequence frame- 574

work G2SERC is effective for emotion recognition 575

in conversation, it has several limitations. First, 576

explicitly modeling heterogeneous conversational 577

dependencies and multi-level emotional dynamics 578

8



requires a relatively complex architecture, includ-579

ing relation-specific graph encoding and a coupled580

recurrent decoder. This design increases both im-581

plementation complexity and computational over-582

head, which may hinder deployment in resource-583

constrained environments or latency-sensitive ap-584

plications. Second, while G2SERC is conceptu-585

ally modality-agnostic, extending it to multimodal586

ERC would require introducing additional node587

types and cross-modal relations. Such extensions588

would complicate graph construction and message589

passing, and may raise scalability challenges as the590

number of modalities increases. Addressing these591

issues—e.g., simplifying the architecture and im-592

proving scalability for multimodal settings—is an593

important direction for future work.594

More broadly, emotion recognition in conversa-595

tion is inherently subjective and context-dependent,596

and models trained on annotated datasets may597

inherit annotator and dataset biases. Therefore,598

G2SERC should be used as an assistive tool rather599

than as a definitive assessment of human emotional600

states.601
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A Datasets955

We evaluate our model on four widely used bench-956

mark datasets for emotion recognition in conver-957

sation, namely IEMOCAP, MELD, DailyDialog,958

and EmoryNLP. The statistics of these datasets are959

summarized in Table 1.960

IEMOCAP (Busso et al., 2008) is a multimodal961

ERC dataset consisting of dyadic conversations per-962

formed by professional actors following scripted963

scenarios. Each utterance is annotated with one of964

six emotion categories: neutral, happiness, sadness,965

anger, frustrated, and excited.966

MELD (Poria et al., 2019a) is a multimodal con-967

versational emotion dataset collected from the TV968

series Friends. It contains multi-party conversa- 969

tions annotated with seven emotion labels: neutral, 970

happiness, surprise, sadness, anger, disgust, and 971

fear. 972

EmoryNLP (Zahiri and Choi, 2017) is another 973

ERC dataset derived from TV show scripts of 974

Friends, differing from MELD in both scene se- 975

lection and emotion annotation scheme. It includes 976

seven emotion categories: neutral, sad, mad, scared, 977

powerful, peaceful, and joyful. 978

DailyDialog (Li et al., 2017) is a large-scale text- 979

based dataset composed of human-written daily 980

conversations. Each utterance is labeled with one 981

of seven emotion categories: neutral, happiness, 982

surprise, sadness, anger, disgust, and fear. Since 983

explicit speaker annotations are not available, we 984

treat utterance turns as speaker turns by default. 985

B Baseline Methods 986

DialogueRNN (Majumder et al., 2019) models con- 987

versational emotion dynamics using recurrent neu- 988

ral networks with explicit speaker state tracking. 989

SGED (Bao et al., 2022) enhances sequence-based 990

emotion recognition by modeling speaker-aware 991

emotional dynamics with gated recurrent architec- 992

tures. 993

SACL-LSTM (Hu et al., 2023) incorporates su- 994

pervised contrastive learning into an LSTM-based 995

framework to improve emotion representation 996

learning. 997

DialogXL (Shen et al., 2021a) extends Transformer 998

architectures to conversational settings by model- 999

ing long-range contextual dependencies across dia- 1000

logue turns. 1001

MultiEMO (Shi and Huang, 2023) adopts a 1002

Transformer-based framework to capture multi- 1003

modal emotional cues through cross-modal atten- 1004

tion mechanisms. 1005

CFN-ESA (Li et al., 2024a) introduces emotion 1006

state augmentation within a Transformer frame- 1007

work to enhance emotion representation in conver- 1008

sations. 1009

DialogueGCN (Ghosal et al., 2019) formulates 1010

emotion recognition in conversation as a graph 1011

learning problem, explicitly modeling speaker in- 1012

teractions and contextual dependencies. 1013

DAG-ERC (Shen et al., 2021b) employs directed 1014

acyclic graphs to capture causal and temporal de- 1015

pendencies among utterances in a conversation. 1016

GS-MCC (Ai et al., 2025) leverages graph-based 1017

multimodal contextual modeling to improve con- 1018
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Para. IEMOCAP MELD EmoryNLP DailyDialog

Optimizer AdamW
Dropout rate 0.24 0.10 0.20 0.30
GNN layers 2
Hidden dim 1024
Window size 1

Learning rate 5× 10−5

Weight decay 1× 10−2

Batch size 16 64 32 64
Epochs 150 80 60 60
Seed 3407

Table 7: Hyperparameter settings.

versational emotion recognition.1019

EmoBERTa (Kim and Vossen, 2021) fine-tunes1020

pretrained language models for utterance-level1021

emotion classification without explicit conversa-1022

tional structure modeling.1023

ERC-DP (Wang et al., 2024) incorporates dynamic1024

personality representations into a pretrained lan-1025

guage model framework for emotion recognition1026

in conversation.1027

AffectGPT-R1 (Lian et al., 2025) adopts a prompt-1028

based paradigm with pretrained language models1029

to perform emotion recognition in conversational1030

contexts.1031

C Hyperparameter settings.1032

This section summarizes the hyperparameter set-1033

tings used in all experiments, as listed in Table 7.1034

D Discussion on Potential Risks1035

While our study does not introduce new datasets or1036

real-world deployments, emotion predictions may1037

be misinterpreted if used without proper contex-1038

tual understanding. We emphasize that the pro-1039

posed framework is intended for research purposes1040

and should not be directly applied to high-stakes1041

decision-making scenarios without further valida-1042

tion.1043
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