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Abstract001

Multimodal emotion-cause pair extraction002
(MECPE) is a structured link prediction prob-003
lem that identifies emotion-cause utterance004
pairs under temporal precedence. While tempo-005
ral proximity is a strong cue, modular MECPE006
architectures that mix sequential aggregation007
and speaker-interaction modules can encode008
inconsistent recency profiles across modules,009
destabilizing pair scoring. We propose ATDG010
(Adaptive Temporal Decay Generator), a low-011
capacity generator that maps label-free dia-012
logue pace statistics to a dialogue-level time013
scale, and DP (Dual-Path Temporal Injection),014
which injects this shared scale into (i) KS (Ker-015
nel Smoothing), a kernel-smoothed sequen-016
tial path that anchors pair scoring, and (ii)017
SG (Speaker Graph), a temporally decayed018
speaker-interaction graph path used only for019
emotion/cause prediction. Sharing a single020
timescale enforces cross-module temporal co-021
herence without increasing model capacity. To022
protect the structured pair scorer under multi-023
task training, we adopt a pair-preserving two-024
stage schedule: Stage A learns the pair pathway025
under consistent temporal priors, and Stage B026
optionally refines the emotion/cause heads with027
the pair pathway frozen. Experiments on the028
ECF benchmark show consistent gains in pair029
extraction (up to 57.92 Pair F1) and robustness030
to evaluation-time perturbations of the guiding031
statistics. Code will be released publicly.032

1 Introduction033

Many neural systems combine heterogeneous rea-034

soning modules, such as sequential context aggre-035

gation and graph-based interaction modeling (Gu036

et al., 2023; Li et al., 2024). Modular design en-037

ables flexibility and specialization, but it can also038

introduce inconsistent inductive biases across mod-039

ules (Lippl and Lindsey, 2024; Zhang et al., 2024).040

A common source of inconsistency lies in how041

modules encode temporal recency (Chi et al., 2023;042

Hsieh et al., 2024). Sequential aggregators often043
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Figure 1: Per-dialogue cross-module temporal misalign-
ment between the sequential aggregation and speaker-
interaction components in MECPE models on the ECF
test set (lower is better). Existing modular base-
lines (HiLo) exhibit higher median misalignment and
larger dispersion, suggesting less coordinated effective
temporal scales across components. In contrast, our
method (ATDG), which explicitly shares a dialogue-
level timescale, substantially reduces the magnitude and
variance of this misalignment.

smooth over long-range histories, whereas interac- 044

tion graphs typically emphasize local, windowed 045

context (Saha et al., 2023; Yao et al., 2023). When 046

these modules are trained jointly, incompatible tem- 047

poral assumptions can lead to unstable gradients 048

and degraded performance on tasks that require 049

coherent temporal reasoning (Lippl and Lindsey, 050

2024). 051

Understanding why an emotion arises in a con- 052

versation is central to explainable conversational 053

systems (Yu et al., 2025a; Liu et al., 2025; Yu et al., 054

2025b). Emotion-cause pair extraction (ECPE) 055

links an emotional utterance to its triggering an- 056

tecedent utterances (Xia and Ding, 2019; Hu et al., 057

2024a). This task is further challenged in multi- 058

speaker, multimodal dialogues (MECPE), where 059

causal evidence may appear asynchronously across 060

text, audio, and visual streams (Wang et al., 2023a; 061

Hu et al., 2024b; Wang et al., 2024b). 062

A recurring challenge in modular MECPE sys- 063

tems is cross-module temporal misalignment. Dif- 064
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ferent components can encode incompatible re-065

cency biases, yielding mismatched temporal hori-066

zons. Sequential aggregators smooth over long-067

range history, whereas speaker-interaction graphs068

focus on local exchanges (Smith et al., 2023; Qa-069

mar et al., 2023). When trained jointly, such mis-070

matched temporal priors can increase gradient con-071

flict and make pair ranking less stable, especially072

for non-local emotion-cause links.073

To quantify this misalignment, we conduct a074

proxy cross-module temporal misalignment diag-075

nostic, comparing within each dialogue the tempo-076

ral scales of the sequential aggregation and inter-077

action components (see Figure 1). This diagnos-078

tic suggests that representative modular MECPE079

baselines exhibit higher median misalignment and080

larger dispersion, whereas aligned temporal priors081

yield more coherent time-scale behavior.082

To address this issue, our idea is to learn a083

dialogue-level time scale and share it across mod-084

ules. We propose Adaptive Temporal Decay Gener-085

ator (ATDG), which maps label-free dialogue-pace086

statistics to this latent scale and outputs positive087

decay rates for both sequential aggregation and088

speaker-graph message passing. We then inject089

the shared time scale through a Dual-Path tem-090

poral injection (DP): kernel smoothing performs091

order-respecting full-history aggregation as the sole092

input to the pair scorer, while the speaker graph re-093

fines utterance representations for utterance-level094

emotion/cause supervision without feeding the pair095

scorer. To further prevent auxiliary objectives from096

perturbing link ranking, we adopt a pair-preserving097

two-stage schedule that learns pair extraction first098

and then optionally refines utterance-level heads099

while keeping the pair pathway fixed.100

Our contributions are three-fold. First, we intro-101

duce a dialogue-paced temporal prior that generates102

a shared time scale from label-free dialogue-pace103

statistics. Second, we propose a dual-path tempo-104

ral injection that aligns the effective horizons of se-105

quential aggregation and speaker interaction while106

keeping pair decoding clean. Third, we provide107

mechanism-level evidence and extensive evalua-108

tions on the ECF benchmark, including ablations109

and robustness analyses that validate the role of110

temporal alignment.111

2 Related Work112

Emotion-Cause Pair Extraction. ECPE formu-113

lates emotion understanding as structured link pre-114

diction under temporal precedence (Wang et al., 115

2024a, 2025). Recent work extends ECPE to multi- 116

speaker, multimodal settings, establishing MECPE 117

benchmarks such as ECF built on MELD (Poria 118

et al., 2019; Wang et al., 2024b). Representative 119

MECPE systems combine sequential context aggre- 120

gation, speaker-aware interaction, and multimodal 121

fusion for pair extraction (Li et al., 2025; Tu et al., 122

2026). While effective, these models treat temporal 123

bias as a module-specific design choice, with each 124

component encoding its own recency assumption. 125

Prior work on multi-task MECPE reports negative 126

transfer between utterance-level objectives and pair 127

extraction (Su et al., 2024), typically addressed via 128

loss balancing or architectural isolation. In con- 129

trast, we identify cross-module temporal mismatch 130

as a root cause of such interference and address 131

it by enforcing a shared, dialogue-paced temporal 132

prior with a pair-preserving optimization protocol. 133

Temporal Biases in Conversational Reasoning. 134

Temporal proximity is a core cue in ECPE and con- 135

versational modeling, commonly implemented via 136

fixed windows, distance-aware priors, or position- 137

based constraints (Zhou et al., 2024; Zhang et al., 138

2022). Broader long-context modeling explores 139

learnable recency and memorization mechanisms 140

to balance local salience and global context (Hou 141

et al., 2023; Gu and Dao, 2023). However, ex- 142

isting methods introduce temporal bias within in- 143

dividual modules (e.g., attention, recurrence, or 144

graph edges) without considering their interaction 145

when composed (Wu et al., 2025b; Tu et al., 2024a). 146

Consequently, different components may assume 147

incompatible effective time scales, an issue partic- 148

ularly pronounced in modular MECPE architec- 149

tures (Luo et al., 2024). Our approach departs from 150

prior work by learning a low-capacity, dialogue- 151

conditioned time-scale prior and consistently in- 152

jecting it across heterogeneous mechanisms, align- 153

ing recency assumptions without increasing model 154

expressiveness. 155

Speaker Interaction for Emotion Modeling. 156

Speaker-aware modeling is central to conversa- 157

tional emotion analysis (Majumder et al., 2019; 158

Song et al., 2023; Tu et al., 2024b; Wu et al., 2025a). 159

Prior studies employ recurrent models, graph-based 160

interaction networks, and multimodal fusion to cap- 161

ture cross-speaker influence (Hazarika et al., 2018; 162

Shi and Huang, 2023; Yang et al., 2024). Graph- 163

based speaker interaction has proven effective for 164

MECPE (Tu et al., 2026), with most work focusing 165
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Figure 2: Overview of the proposed ATDG+DP framework. ATDG infers a dialogue-paced temporal horizon from
label-free dialogue statistics. DP injects this shared horizon into kernel smoothing (KS) for pair scoring and a
speaker graph (SG) for utterance-level prediction, with KS used exclusively for pair decoding. Training follows a
pair-preserving two-stage schedule.

on interaction operators or fusion designs (Li et al.,166

2023; Yun et al., 2024). In contrast, we do not167

propose a speaker graph. Instead, we study how168

speaker interaction and sequential aggregation can169

be temporally aligned through a shared dialogue-170

paced prior, and how restricting speaker interaction171

to auxiliary heads enables stable optimization with-172

out contaminating structured pair decoding.173

3 Method174

3.1 Task Definition175

We consider a dialogue D with T utterances. Each176

utterance t has multimodal inputs (xt, at, vt) (text,177

audio, video) and a speaker ID st. The goal is to178

jointly predict: (i) an emotion label y(e)t for each ut-179

terance t, (ii) a binary cause indicator y(c)t ∈ {0, 1}180

for each utterance t, and (iii) a set of utterance-181

indexed emotion-cause pairs P = {(i, j)} where182

utterance j triggers the emotion expressed at ut-183

terance i. Here y(c)t =1 indicates that utterance184

t serves as a cause for at least one emotion in185

the dialogue (i.e., it appears as the cause in some186

(i, t) ∈ P). We assume a temporal precedence187

constraint (j ≤ i) and enforce it with a lower-188

triangular mask during pair scoring. This formu-189

lation makes temporal distance ∆=i−j a central190

structural variable, motivating consistent recency191

modeling across heterogeneous modules.192

3.2 Inference Overview: From Temporal 193

Mismatch to Aligned Reasoning Paths 194

Figure 1 shows that in modular MECPE models, 195

the sequential aggregation path and the speaker- 196

interaction path can operate under substantially dif- 197

ferent effective temporal scales within the same 198

dialogue. Such cross-module mismatch is undesir- 199

able for structured emotion-cause reasoning: while 200

pair decoding relies on coherent temporal order- 201

ing, inconsistent recency biases across paths can 202

introduce unstable gradients and distort shared rep- 203

resentations during joint training. 204

Our method addresses this issue by explicitly 205

aligning temporal horizons across components. As 206

shown in Figure 2, we first infer a dialogue-paced 207

temporal scale that reflects how far relevant con- 208

text should extend in the conversation. This single 209

time scale is then applied consistently to both (i) 210

the global sequential aggregation used for pair rea- 211

soning and (ii) the local speaker-interaction mecha- 212

nism used for auxiliary refinement, while keeping 213

the structured pair pathway clean. 214

Two paths, two roles. Given this aligned tem- 215

poral horizon, our model separates inference into 216

two complementary paths with distinct responsi- 217

bilities. Kernel Smoothing (KS) produces hKS
t 218

and provides the only input to the pair scorer. 219

Speaker Graph (SG) takes hKS
t as node features 220

and performs local cross-speaker interaction to pro- 221
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duce hSG
t for utterance-level emotion detection and222

cause detection. SG is not used for pair scoring,223

whereby restricting it to auxiliary heads is cru-224

cial for our pair-preserving two-stage optimization.225

Consequently, any Pair F1 gains arise from KS and226

from improved training-time stability of hKS under227

auxiliary supervision rather than from SG directly228

participating in pair decoding.229

3.3 Step I: Inferring a Dialogue-Paced230

Temporal Horizon231

Given a dialogue D, our goal is to infer a sin-232

gle dialogue-level temporal horizon that reflects233

how far relevant causal evidence typically extends234

within this conversation. We describe ATDG,235

which derives a low-capacity, label-free dialogue-236

pace descriptor ψ(D) as a low-dimensional vec-237

tor summarizing surface-level dynamics without238

using semantic content. Concretely, ψ(D) aggre-239

gates statistics such as: (i) dialogue length and240

speaker count, (ii) speaker-switching frequency,241

(iii) speaker participation imbalance, and (iv) run-242

length statistics of same-speaker turns. We then243

map ψ(D) to a latent time-scale factor z via a244

lightweight MLP, and generate positive decay rates245

using a softplus parameterization:246

z = fθ(ψ(D)),

λm = softplus(gϕm(z)),

γ = softplus(gϕg(z)).

(1)247

The complete definition of ψ(D) and all statis-248

tics are provided in Appendix A. ATDG operates249

on label-free dialogue statistics and does not ac-250

cess emotion, cause, or pair annotations. Although251

ATDG parameters are learned during training, the252

dialogue-level temporal horizon is inferred on-the-253

fly at inference time from label-free statistics.254

3.4 Step II: Applying the Shared Temporal255

Horizon across Reasoning Paths256

3.4.1 Pair-Level Sequential Reasoning with257

Horizon-Controlled Context258

Sequential encoding. For each modality m, we259

first obtain utterance-level embeddings, and then260

apply a dialogue-level BiLSTM to model the ut-261

terance sequence. H(m) = [h
(m)
1 , · · · ,h(m)

T ] ∈262

RT×dh . MECPE is evaluated offline with full di-263

alogue context. We enforce temporal precedence264

only in pair scoring (Section 3.1) and in the explicit265

distance-weighting terms below.266

ATDG-controlled order-respecting decay ker- 267

nel. We define an exponential decay kernel over 268

temporal distance: 269

K
(m)
ij =

exp
(
− αker λm · (i− j)

)
· I[j ≤ i]∑T

k=1 exp
(
− αker λm · (i− k)

)
· I[k ≤ i]

, (2) 270

where λm is generated by ATDG for modality m 271

and αker is a global temperature shared across all 272

settings. Here, αker controls kernel sharpness glob- 273

ally, while λm determines the dialogue-specific 274

effective temporal horizon. 275

Kernel smoothing and fusion. We aggregate his- 276

torical context as h̄
(m)
i =

∑T
j=1K

(m)
ij h

(m)
j , and 277

fuse the base and smoothed states: 278

h̃
(m)
i = MLP

(
[h

(m)
i ; h̄

(m)
i ]

)
. (3) 279

We then combine modalities with a convex mix- 280

ture ω = softmax(r), where r ∈ RM are mixture 281

logits as hKS
i =

∑M
m=1 ωmh̃

(m)
i . KS anchors pair 282

extraction and provides temporally smoothed repre- 283

sentations controlled by the dialogue-paced prior. 284

3.4.2 Utterance-Level Refinement with 285

Horizon-Aligned Speaker Interaction 286

We build a local speaker interaction graph within a 287

window of size W . For any edge from utterance j 288

to i (typically cross-speaker and within-window), 289

we assign a time-decayed weight: 290

wij ∝ exp(−γ d(i, j)), (4) 291

where d(i, j) is the utterance distance and γ is gen- 292

erated by ATDG. We perform a lightweight, nor- 293

malized message passing to obtain refined node 294

representations h̃i from neighbors N (i): 295

h̃i =
∑

j∈N (i)

w̄ij hj , (5) 296

where w̄ij denotes normalized weights. We use h̃i 297

only for utterance-level heads, while pair scoring 298

relies on the KS pathway (Section 3.4.1). Please 299

refer Appendix B for full SG weighting terms and 300

update details. 301

3.5 Decoding Structured Emotion-Cause 302

Links 303

Utterance-level emotion and cause. Given SG- 304

refined representations hSG
b,i , we compute logits for 305

emotion and cause as 306

ŷ
(e)
b,i = MLPe(h

SG
b,i ) ∈ RC ,

ŷ
(c)
b,i = MLPc(h

SG
b,i ) ∈ R2,

(6) 307

where C is the number of emotion classes. 308
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Pair scoring. We score each candidate pair (i, j)309

using only KS representations:310

sb,i,j = Biaff
(
MLPh(h

KS
b,i ), MLPt(h

KS
b,j )

)
∈ R2,

(7)311

where sb,i,j are logits for {0, 1} (non-pair vs. pair).312

SG is used only for utterance-level heads.313

Masks. Dialogues are padded in a mini-batch.314

Let mb,i = I[i ≤ Lb] be the utterance mask for315

dialogue b with length Lb. We define a valid-pair316

mask enforcing padding and temporal precedence:317

Mb,i,j = I[i ≤ Lb] · I[j ≤ Lb] · I[j ≤ i]. (8)318

We apply Mb,i,j in both pair training and decoding.319

3.6 Learning Objective with Causal320

Constraints321

We train the model with a multi-task objective com-322

bining (i) emotion-cause pair classification and (ii)323

utterance-level emotion/cause prediction. For any324

dialogue, the pair scorer considers only forward325

links via a causal mask (j ≤ i), ensuring causes326

precede (or coincide with) the emotional response.327

Let Lpair as the masked pairwise classification328

loss over all valid utterance pairs, and Lemo and329

Lcau as the utterance-level emotion and cause330

losses. We use standard (optionally class-weighted)331

cross-entropy for each term. The overall objective:332

L = Lpair + αLemo + β Lcau, (9)333

where α and β balance utterance-level supervi-334

sion against pair extraction. Full loss definitions,335

weighting details, and the explicit masking operator336

are provided in Appendix C.337

3.7 Inference-Time Link Selection338

At inference time, we compute pb,i,j =339

softmax(sb,i,j)[1] (masked to j ≤ i) and predict340

(i, j) if pb,i,j > τ , with τ selected on validation set.341

3.8 Step III: Stabilizing Pair Inference under342

Auxiliary Supervision343

We adopt a two-stage schedule to preserve pair344

extraction while benefiting from auxiliary refine-345

ment. Stage A: We optimize the full objective in346

Eq. (9) end-to-end. Stage B: We freeze the KS347

pathway and the pair scorer, and continue train-348

ing only the SG pathway and utterance-level heads.349

This prevents auxiliary supervision from perturbing350

the learned pair-ranking function.351

4 Experiments 352

4.1 Setup and Baselines 353

We evaluate ECF (Emotion-Cause-in-Friends) 354

dataset (Wang et al., 2023a). Split statistics and 355

label distributions are summarized in Appendix D. 356

Following prior work, we adopt the offline evalu- 357

ation protocol and report Precision/Recall/F1 for 358

(i) emotion detection (macro-averaged), (ii) cause 359

detection (binary positive class), and (iii) emotion- 360

cause pair extraction (pair-level). Checkpoints are 361

selected based on the best validation Pair F1. 362

We compare against heuristic position-statistics 363

methods and a two-stage pipeline (Wang et al., 364

2023a), the hierarchical HiLo (Li et al., 2025), and 365

prompt-only LLM baselines. Full hyperparameter 366

and baseline details are in Appendix E. 367

4.2 Main Results 368

Overall performance on ECF. Table 1 reports 369

results under the standard ECF protocol. Across 370

all settings, ATDG+DP achieves the best Pair F1, 371

indicating a dialogue-paced time-scale prior im- 372

proves structured emotion-cause linking when used 373

to parameterize temporal decay. Importantly, pair 374

decoding uses only KS, while SG contributes indi- 375

rectly by refining utterance-level heads and shap- 376

ing representations during joint training in Stage 377

A. In the full multimodal setting (Audio+Video), 378

our model achieves 57.92 Pair F1, outperforming 379

the strongest published baseline (HiLo, 55.45) by 380

+2.47 absolute F1. The gain is primarily driven by 381

higher Pair Recall (65.12 vs. 59.69), consistent with 382

improved recovery beyond immediate adjacency 383

(see Section 4.6) without sacrificing precision. Pair 384

AUPRC also increases (see Table 2), while preci- 385

sion remains stable and recall improves at longer 386

distances. 387

Auxiliary tasks and multi-task stability. Al- 388

though our design targets structured pair extraction, 389

ATDG+DP remains competitive on utterance-level 390

emotion and cause detection. Table 2 shows that 391

Stage A alone already achieves the best Pair F1, 392

indicating that pair structure is learned without re- 393

liance on auxiliary refinement. Stage B is therefore 394

an optional, pair-preserving refinement step that im- 395

proves emotion and cause predictions while leaving 396

Pair F1 unchanged (see also Appendix F.1). 397

Effect of training schedules. To quantify the im- 398

pact of joint optimization, we compare different 399

training schedules in Table 2. Single-stage joint 400
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Table 1: Test-set results across ECF subtasks. Baseline results are obtained from their original publications. For our
ATDG+DP method, we report the mean and standard deviation (±std) across 3 random seeds. Best and second-best
results are indicated in bold and underlined, respectively.

Methods Emotion Detection Cause Detection Pair Extraction

P R F1 P R F1 P R F1

Heuristic
Approach

Epred. + CBern. 73.62 79.68 76.48 54.91 50.28 52.44 36.99 26.77 31.01
Epred. + CMulti. 73.62 79.68 76.48 54.88 50.22 52.39 36.94 26.71 30.96

MECPE
-2steps

Text-only 77.17 81.36 79.10 67.47 73.19 70.13 57.64 48.72 52.71
+ Audio 76.91 81.68 79.17 67.25 73.91 70.27 57.13 50.34 53.48
+ Video 77.10 81.18 79.03 68.10 72.51 70.18 57.77 49.53 53.21
+ Audio + Video 77.45 81.10 79.16 68.42 72.43 70.27 57.47 49.81 53.20

HiLo

Text-only 74.53 81.80 77.79 65.26 80.23 71.97 51.91 54.33 53.09
+ Audio 78.31 77.71 78.01 66.32 79.17 72.18 51.50 56.65 53.95
+ Video 76.03 80.14 78.03 61.98 85.89 72.01 52.41 50.60 51.64
+ Audio + Video 75.46 83.66 79.35 65.72 80.31 72.28 51.78 59.69 55.45

LLMs
LLaMA-3-8B 54.28 61.73 57.76 37.42 26.18 30.81 7.16 49.23 12.51
Qwen-3-8B 59.14 66.85 62.76 41.26 30.47 35.06 9.73 51.68 16.38

ATDG+DP
(Ours)

Text-only 78.58±0.76 79.52±1.00 79.04±0.12 68.30±0.95 78.96±1.84 73.23±0.24 53.12±0.89 61.22±0.56 56.88±0.50
+ Audio 79.11±0.69 79.70±1.30 79.40±0.42 67.78±0.24 79.57±1.69 73.19±0.59 52.40±2.86 62.45±4.29 56.86±1.05
+ Video 79.04±0.26 78.96±0.25 79.00±0.23 68.81±0.42 77.26±2.29 72.77±0.80 52.85±2.35 62.19±2.59 57.07±0.74
+ Audio + Video 79.24±0.76 79.45±1.36 79.33±0.30 69.12±0.65 77.98±2.47 73.26±0.80 52.16±0.68 65.12±1.71 57.92±0.52

Table 2: Effect of training schedules on structured pair
extraction (mean±std over 3 seeds), showing that single-
stage joint training degrades Pair F1 while the pair-
preserving schedule maintains pair performance.

Setting Pair F1 Pair AUPRC Emo. F1 Cause F1

ATDG+DP 57.92±0.52 55.58±0.57 79.33±0.30 73.26±0.80
-Stage A only 57.92±0.52 55.58±0.57 78.52±0.84 72.34±0.46
ATDG+DP-Joint 56.55±0.74 55.24±0.56 79.06±0.63 72.51±0.81

training (ATDG+DP-Joint) reduces Pair F1 by 1.37401

pp relative to the pair-preserving schedule, despite402

achieving comparable utterance-level performance.403

In contrast, the two-stage schedule preserves Pair404

F1, while allowing Stage B to refine auxiliary heads405

without perturbing the pair pathway. These results406

demonstrate that optimization coupling has a mea-407

surable negative effect on structured pair learning,408

motivating explicit decoupling.409

4.3 Diagnosing Optimization Conflict in Joint410

Training411

While multi-task supervision improves utterance-412

level predictions, it may interfere with structured413

pair learning when all objectives are optimized414

jointly. To diagnose this effect, we analyze gra-415

dient interference under single-stage training.416

For a training mini-batch, let gpair = ∇θLpair,417

ge = ∇θLe, and gc = ∇θLc, where θ denotes418

parameters updated during joint training. We mea-419

sure gradient alignment using cosine similarity420

cos(ga, gb) = g⊤a gb
∥ga∥2 ∥gb∥2 , where negative values421

indicate conflicting update directions.422

Figure 3 shows a non-trivial negative-cosine423

tail, with stronger conflict between the Pair and424
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Figure 3: Gradient cosine similarity distributions under
single-stage joint training (ATDG+DP-Joint), indicating
increased gradient conflict between the pair objective
and auxiliary objectives.

Emotion objectives than between Pair and Cause. 425

This mechanism-level evidence aligns with the ob- 426

served degradation under joint training and ex- 427

plains why decoupling auxiliary refinement pre- 428

serves pair structure (see Appendix F.2 for details). 429

4.4 Core Ablations 430

Naming. Unless stated, all ablations keep DP 431

unchanged. We denote prior-generation variants 432

as ATDG-GlobalPriors (dialogue-agnostic) and 433

ATDG-IndepPriors (separate latent factors for KS 434

and SG). -w/o KS and -w/o SG disable DP time- 435

scale injection on the KS and SG branches, re- 436

spectively, while keeping the underlying KS/SG 437

modules and training pipeline unchanged. 438

Hypotheses. Our ablation test three hypothe- 439

ses: (H1) dialogue-conditioned priors outperform 440

dialogue-agnostic priors; (H2) sharing one time 441
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Figure 4: Per-dialogue cross-module temporal misalign-
ment ∆(D) induced by shared vs. independent temporal
priors on the ECF test set (lower is better).
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Figure 5: Pair F1 change (pp) relative to ATDG+DP
across temporal distance bins on the ECF test set, high-
lighting behavior under sparse supervision (mean±std
over 3 seeds).

scale across KS and SG is preferable to indepen-442

dent scales; and (H3) KS and SG provide comple-443

mentary benefits.444

Dialogue-adaptive vs. dialogue-agnostic priors445

(H1). As shown in Table 3, a comparison with the446

BASE model shows that ATDG+DP improves Pair447

F1 from 55.30 to 57.92 (+2.62), supporting the use448

of a learned time-scale prior as an inductive bias for449

the MECPE task. Dialogue-agnostic priors (ATDG-450

GlobalPriors) are beneficial but underperform full451

ATDG+DP in Pair F1, suggesting that dialogue-452

level adaptation captures meaningful variation in453

effective horizons. While ATDG-GlobalPriors454

slightly improves threshold-free Pair AUPRC, it455

underperforms in Pair F1 after validation-threshold456

selection, which is our primary metric.457

Shared vs. independent priors (H2). Learn-458

ing independent priors for KS and SG (ATDG-459

IndepPriors) yields a lower overall Pair F1 than460

sharing a single latent factor, supporting our cen-461

tral claim that consistent temporal scaling reduces462

mismatch across modules. Notably, while some463

Table 3: Core ablations on ECF test set over 3 seeds,
showing that dialogue-conditioned and shared temporal
priors provide the largest gains for pair extraction.

Variant Pair F1 Pair AUPRC Emo. F1 Cause F1

ATDG+DP (full) 57.92±0.52 55.58±0.57 79.33±0.30 73.26±0.80
-w/o KS 56.79±0.24 52.92±2.18 78.89±0.44 73.17±0.32
-w/o SG 57.23±0.79 55.46±0.81 78.99±0.46 72.97±0.42

ATDG-IndepPriors 56.96±0.51 55.66±0.19 79.13±1.09 72.88±0.56
ATDG-GlobalPriors 56.78±0.05 56.24±0.10 79.10±0.24 72.45±0.23
BASE (no ATDG/DP) 55.30±0.16 53.20±0.68 78.69±0.20 72.43±0.55

long-tail bins may fluctuate (Section 4.6), shared 464

priors provide more reliable overall performance. 465

Dual-path complementarity (H3). Removing 466

either KS or SG degrades Pair F1. KS contributes 467

most to pair extraction, consistent with its role as 468

the primary sequential aggregator for link predic- 469

tion, while SG provides complementary gains via 470

speaker-aware refinement and KS stabilization, de- 471

spite being excluded from decoding. 472

4.5 Diagnosing Cross-Module Temporal 473

Alignment 474

Our core claim is that a shared, dialogue-paced 475

time scale aligns the notion of recency between the 476

sequential KS path and the speaker-graph SG path. 477

As a direct mechanism-level diagnostic, for each 478

dialogue D we measure the cross-module tempo- 479

ral misalignment ∆(D) =
∣∣log λ̄(D)− log γ(D)

∣∣, 480

where λ̄(D) is the mean KS decay across modal- 481

ities and γ(D) is the SG decay (Appendix F.3). 482

Lower ∆(D) means two paths yield more consis- 483

tent effective horizons for the same dialogue. 484

Figure 4 shows that ATDG+DP achieves the 485

lowest misalignment across dialogues. In con- 486

trast, ATDG-IndepPriors increases ∆(D) when 487

KS and SG are driven by separate latent factors, 488

and dialogue-agnostic priors (ATDG-GlobalPriors), 489

as well as the HiLo baseline exhibit substantially 490

larger mismatch. These results demonstrate that 491

sharing a dialogue-conditioned time scale improves 492

temporal coherence across heterogeneous modules. 493

4.6 Distance-Specific Behavior 494

Where do the gains come from? Figure 5 com- 495

pares several ATDG/DP-related variants against 496

ATDG+DP across temporal distance bins. Most 497

gold pairs lie at short distances, where all variants 498

perform similarly due to strong local regularities. 499

Differences emerge at larger distances where super- 500

vision becomes sparse. 501

Stability in sparse regimes. At medium dis- 502

tances, removing KS yields the largest drop, consis- 503

7



CauseCause

CauseCause Cause Cause

Moncia (Joy)
Y’know, I love doing 
crossword puzzles 
with you honey!

Utterence 1
Joey (Joy)
Aww, me too. Now 
let’s finish this and go 
to bed.

Utterence 2
Moncia (Neutral)
Okay! There’s only 
one left, three letter 
word, not dog but…

Utterence 3
Joey (Neutral)
Cat.

Utterence 4
Moncia (Joy)
Yes! You are so smart! 
I love you.

Utterence 5
Joey (Joy)
I love you too.

Utterence 6

Legend:

: cross-module misalignment

: mean sequential decay (KS)

: graph decay (SG)

Correctly Pair (TP)

Over-Predicted Pair (FP)

Missing Pair (FN)

Figure 6: Pair-level case study on ECF illustrating how dialogue-adaptive temporal decay affects pair ranking. Top:
a dialogue with gold emotion–cause links. Bottom: predicted pair matrices for different variants. Rows index
emotion utterances i, columns index candidate causes j.
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Figure 7: Data efficiency on the ECF test set (mean±std
over 3 seeds). Larger gains at lower data fractions sug-
gest the dialogue-paced prior improves data efficiency.

tent with KS functioning as a kernel smoother con-504

trolled by ATDG decay. In the long-tail bin, some505

variants can show higher mean performance but506

substantially larger variance. For example, ATDG-507

IndepPriors exhibits larger error bars, suggesting508

that decoupled time scales may amplify noise when509

evidence is weak. Overall, the distance analysis510

demonstrates that shared temporal priors are valu-511

able for reliable behavior under sparse supervision.512

4.7 Case Study513

Figure 6 shows pair-level errors in one dialogue.514

ATDG+DP recovers all gold links, including the515

self-link (2, 2) and the cross-utterance link (6, 5).516

ATDG-GlobalPriors misses (2, 2), showing that a517

dialogue-agnostic horizon can under-link even near518

the diagonal. Conversely, weakening KS horizon519

control (ATDG+DP-w/o KS and ATDG+DP-Joint)520

introduces spurious links such as (5, 4) in the neu-521

tral segment. ATDG-IndepPriors exhibits similar522

false positives, consistent with a mismatch in re-523

cency between the KS and SG paths.524

4.8 Data Efficiency 525

Figure 7 evaluates data efficiency by training with 526

increasing fractions of the ECF training set. Pair 527

F1 improves from 52.24 at 25% data to 57.92 at 528

full data (Appendix F.7), with the steepest gains 529

on pair extraction. This pattern is consistent with 530

ATDG+DP providing a useful temporal inductive 531

bias in low-data regimes while remaining compati- 532

ble with additional supervision. 533

Robustness analyses. We further analyse eval- 534

only sanity perturbations of dialogue statistics and 535

missing-modality robustness (see Appendix F.5- 536

F.6). Pair extraction degrades smoothly, indicating 537

that the learned temporal priors function as stable 538

inductive biases rather than brittle shortcuts, consis- 539

tent with shared dialogue-level temporal alignment. 540

See Appendix F.10 for real-time evaluation. 541

5 Conclusion 542

We investigate how temporal priors affect the ex- 543

traction of multimodal emotion–cause pairs in con- 544

versations. This paper proposes ATDG to generate 545

a dialogue-paced time scale from label-free dia- 546

logue statistics and DP to inject it consistently into 547

a sequential kernel-smoothing path and a speaker- 548

interaction graph. On ECF, this improves pair ex- 549

traction up to 57.92 Pair F1, primarily via higher re- 550

call. A pair-preserving two-stage schedule further 551

improves utterance-level prediction without degrad- 552

ing pair extraction. Future work includes evalua- 553

tion on longer, diverse conversational benchmarks 554

and enriching the pace descriptor with semantic 555

cues such as topic shifts and discourse structure. 556
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Limitations557

We note several limitations and opportunities for558

extension. First, ATDG conditions on coarse, label-559

free pace statistics from speaker turns. This is a560

deliberate choice to keep the prior semantics-free561

and lightweight, but it may miss content-dependent562

signals such as topic shifts or implicit discourse563

relations that can modulate causal horizons. In-564

corporating richer yet non-leaky descriptors is a565

promising direction.566

Second, SG models cross-speaker influence567

within a fixed local window W . This design568

emphasizes local interaction patterns, whereas569

longer-range speaker influence is handled implic-570

itly through KS for pair scoring. Extending SG571

with adaptive or multi-scale neighborhoods could572

further improve robustness in longer dialogues.573

Finally, we rely on pre-extracted acoustic and574

visual features rather than end-to-end multimodal575

encoders. We view encoder advances as comple-576

mentary to our temporal-prior framework, and inte-577

grating stronger modality encoders is left to future578

work.579
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A Dialogue Pace Statistics902

We provide the full definition of ψ(D), including903

the exact normalization, entropy/imbalance mea-904

sure, and run-length aggregation used in the main905

paper.906

Label-free pace statistics. We summarize each907

dialogueD with a low-dimensional, label-free pace908

vector ψ(D) ∈ Rds :909

ψ(D) =
[
log T, |S|, SR(D), H(p), κ(D), ι(p)

]
,

(10)910

where ds = 8, T is the number of utterances, and911

|S| is the number of unique speakers. SR(D) ∈912

[0, 1] is the fraction of adjacent speaker changes.913

Let p ∈ R|S| be the per-speaker utterance propor-914

tion (i.e., pk = #utt(s=k)/T and
∑

k pk = 1)915

and H(p) = −
∑

k pk log pk its entropy. Let916

ℓ(D) be the run-length sequence of consecutive917

turns by the same speaker. We define κ(D) =918 [
µℓ, ℓmax, σℓ

]
∈ R3, with µℓ = mean(ℓ),919

ℓmax = max(ℓ), and σℓ = std(ℓ). Finally, we920

measure speaker-imbalance as a scalar921

ι(p) = 1− H(p)

log |S|
∈ [0, 1], (11)922

where larger values indicate more uneven partici-923

pation. These statistics are semantics-agnostic and924

encode conversational rhythm (turn-taking pace925

and participation inequality), providing a stable,926

low-capacity control signal.927

Latent time-scale factor. ATDG maps ψ(D) to928

a latent vector z ∈ Rdz :929

z = fϕ
(
ψ(D)

)
, (12)930

where fϕ is a small MLP (low capacity by design)931

that does not predict links, but only parameterizes932

temporal decay.933

One latent factor, two parameterizations.934

From the same z, ATDG outputs (i) modality-935

specific sequential decay rates for KS and (ii) a936

graph-side decay rate for SG:937

λ = gseq(z) ∈ RM ; γ = ggraph(z) ∈ R. (13)938

where M = 3 modalities. We enforce positivity939

with softplus:940

λ = softplus(Wseqz+ bseq), (14)941

γ = softplus(w⊤
graphz+ bgraph). (15)942

Sharing z enforces a coherent dialogue-level time 943

scale across modules, while separate projections 944

allow KS and SG to map the same latent horizon 945

into their native decay parameterizations. 946

B Speaker Graph Details 947

We provide the full SG edge weighting function 948

and the original message passing update used in 949

our implementation. 950

Local speaker graph. For each utterance i, SG 951

connects to a local set of preceding utterances 952

within a window W : 953

N (i) = {j | 1 ≤ i− j ≤W}. (16) 954

Here, W serves as a computational locality cap, 955

while the learned decay (below) controls the rela- 956

tive influence profile within this cap. We intention- 957

ally keep SG local (window W ) to model nearby 958

cross-speaker influence, while global history is han- 959

dled by KS through full-history kernel smoothing. 960

ATDG-controlled edge decay. For an edge (j → 961

i) with temporal distance d = i− j, we apply an 962

exponential decay δ(d) = exp(−γ · d), where γ is 963

produced by ATDG from the same latent factor z 964

used in KS. 965

Cross-speaker propagation for refinement. Us- 966

ing KS representations as node features, we com- 967

pute a scalar interaction weight: 968

wij = σ
(
g([hKS

j ;hKS
i ])

)
·σ(ρsi)·δ(i−j)·I[si ̸= sj ],

(17) 969

where g(·) is an MLP that outputs a scalar related- 970

ness logit, and ρsi ∈ R is a learned speaker suscep- 971

tibility scalar for speaker si. We predict an influ- 972

ence vector from the source node vj = Wvh
KS
j , 973

and update representations via normalized message 974

passing: 975

hSG
i = hKS

i + η ·
∑

j∈N (i)wij · vj

ϵ+
∑

j∈N (i)wij
, (18) 976

where η controls interaction strength and ϵ is a 977

small constant for numerical stability. SG is used 978

to refine utterance-level predictions while keeping 979

the pair pathway stable (Section 3.8). 980

C Loss Details 981

Causal mask. We define a binary mask Mij = 982

I[j ≤ i] to restrict training and inference to forward 983

links. 984
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Table 4: Split-wise dataset statistics of ECF.

Metric Train Valid Test

Conversations 1,001 112 261
Utterances 9,966 1,087 2,566
Emotion-Cause Pairs 7,055 866 1,873

Avg. Utterances/Conv. 9.96 9.71 9.83
Avg. Pairs/Conv. 7.05 7.73 7.18

Speakers 265 48 105
Avg. Utterance Length 11.19 11.33 11.48
Avg. Pair Distance 0.85 0.98 0.83

Pair loss. For each utterance pair (i, j), we985

compute logits sij and optimize a masked cross-986

entropy:987

Lpair =
∑
i

∑
j

Mij · CE
(
yij , sij

)
, (19)988

where CE may optionally use class weights to ad-989

dress imbalance.990

Utterance losses. We apply cross-entropy for991

utterance-level emotion and cause prediction:992

Lemo =
∑
i

CE(yei , ŷ
e
i ), Lcau =

∑
i

CE(yci , ŷ
c
i ).

(20)993

D Dataset Statistics994

Table 4 summarizes split-wise statistics of ECF995

(Emotion-Cause-in-Friends) (Wang et al., 2023a),996

a multimodal conversational emotion-cause dataset997

built on MELD (Poria et al., 2021). The ECF998

dataset is derived from publicly broadcast TV sit-999

coms. It is distributed under the GNU General1000

Public License v3.0, and our use of the data is1001

consistent with its intended research purpose.1002

Two properties are particularly relevant to our1003

method. First, the average pair distance is below 11004

utterance, confirming that temporal proximity is a1005

strong cue on this benchmark. However, the exis-1006

tence of non-local pairs (and the long-tail bins in1007

Appendix F.4) motivates learning a non-universal1008

temporal scale rather than relying on a fixed win-1009

dow. Second, ECF exhibits structured sparsity at1010

the pair level (pairs per conversation are modest rel-1011

ative to utterance counts), which makes calibrated1012

link prediction important and partially explains1013

why generation-style formulations for emotion-1014

cause extraction (e.g., ECTEC as index generation)1015

may over-predict links under sparse supervision1016

(Wang et al., 2023b).1017

E Implementation Details 1018

E.1 Evaluation Metrics 1019

We follow the standard ECF evaluation protocol 1020

for emotion detection, cause detection, and pair 1021

extraction. Emotion detection is evaluated with 1022

Macro-F1 (F1) over seven classes to account for 1023

label imbalance. Cause detection is evaluated as bi- 1024

nary classification and we report positive-class F1. 1025

Pair extraction evaluates whether predicted links 1026

match gold emotion-cause pairs under causal con- 1027

straints (j ≤ i). We report Pair F1, and additionally 1028

Pair AUPRC computed as Average Precision (AP) 1029

over all valid pairs using the pair scores (Davis and 1030

Goadrich, 2006). 1031

Table 5: Key hyperparameters for reproducibility.

Category Hyperparameter Value

Backbone

Text Encoder RoBERTa-base
Audio Encoder wav2vec2-base
Video Encoder VideoMAE-base
Video Frames 16 (uniform)
Multimodal Dim (da, dv) 768
Max Utterances 35

Architecture
Hidden Size dhid 400
Dropout 0.1
Batch Size 32
Loss weights (α, β) 1.0, 1.0

ATDG

Latent Dim dz / Stats Dim 32 / 8
KS: Kernel Temperature αker 1.0
SG: Window W 6
SG: Interaction Strength 0.02

Stage A

Text Encoder LR 1e-5
Other LR 3e-5
Weight Decay 1e-4
Warmup Proportion 0.1
Epochs / Patience 30 / 5

Stage B
Text Encoder LR 0 (frozen)
Head / Other LR 3e-5 / 3e-4
Epochs / Patience 10 / 3

E.2 Model Hyperparameters 1032

We use RoBERTa-base (Liu et al., 2019) as the 1033

text encoder. For audio and video, we pre-extract 1034

utterance-level features offline using wav2vec 2.0- 1035

base (Baevski et al., 2020) and VideoMAE-base 1036

(Tong et al., 2022), respectively. We mean-pool en- 1037

coder outputs to obtain 768-d vectors per utterance 1038

(16 uniformly sampled frames for video), which 1039

are then projected to the model hidden size. 1040

E.3 Experimental Environment 1041

All experiments were run on an AMD Ryzen 9 1042

9950X CPU and an NVIDIA GeForce RTX 5090 1043
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Emotion–Cause Pair Extraction (Text-only)
You are given a dialogue consisting of multiple utterances. Each utterance has: (1) an index (starting from 0), (2) a speaker
name/ID, and (3) the utterance text.
Your goal is to extract emotion–cause pairs from this dialogue.
1. Emotion Label Prediction

Assign exactly one emotion label to each utterance from the following set:

{neutral, surprise, anger, sadness, joy, disgust, fear}.

Return the labels as a list in the same order as the utterances (length T ).

2. Cause Identification
Identify utterances that serve as causes for emotions expressed in other utterances. A cause is an utterance that provides
evidence or an event/reason that triggers an emotion. A cause can be the same utterance as the emotion (self-cause is
allowed). List the indices of all utterances that are causes (unique indices).

3. Emotion–Cause Pairing
For each utterance i that expresses a non-neutral emotion, find its most plausible cause utterance(s) j. Output pairs as
[i, j] where:

• i is the index of the emotion utterance,
• j is the index of the corresponding cause utterance,
• the temporal precedence constraint must hold: j ≤ i.

If an emotion utterance has no clear cause, do not output a pair for it.
Output format (strict).
Return only a valid JSON object (no extra text) with the following keys:
• "emotion": a list of T emotion strings (one per utterance),

• "cause": a list of unique cause indices (integers),

• "pair": a list of pairs [i, j] (integers) satisfying j ≤ i.
Dialogue input format.
Each utterance is presented as: [index] speaker: text
Dialogue:
[0] SpeakerA: ...
[1] SpeakerB: ...
[2] SpeakerA: ...
...

Figure 8: Zero-shot prompt used for prompt-only LLM baselines in our text-only setting.

GPU with 32GB memory. The software stack1044

used PyTorch 2.8.0, CUDA 12.8, and Transform-1045

ers 4.52.0. Unless otherwise stated, we fix random1046

seeds to {42, 3456, 5678} to measure variance un-1047

der different initializations. We report the full soft-1048

ware stack to facilitate reproducibility. The key1049

hyperparameters for model architecture, and de-1050

coding are summarized in Table 5.1051

E.4 Baselines1052

Heuristic baselines. We include two position-1053

statistics baselines from (Wang et al., 2023a),1054

which combine a pretrained emotion classifier with1055

probabilistic cause selection (Bernoulli vs. Multi-1056

nomial).1057

Two-stage pipeline (MECPE-2steps). Follow-1058

ing (Wang et al., 2023a), this pipeline first pre-1059

dicts utterance-level emotions and causes, and then1060

scores candidate pairs with a bilinear matcher.1061

HiLo. We compare against HiLo (Li et al., 2025), 1062

a hierarchical model that performs dialogue-level 1063

reasoning on top of utterance encoders. 1064

Prompt Template for LLM Baselines As in- 1065

troduced in Section 4.1, we include LLaMA-3-8B 1066

(Team, 2024) and Qwen-3-8B (Yang et al., 2025) as 1067

prompt-only LLM baselines for zero-shot Emotion– 1068

Cause Pair Extraction. Since these models operate 1069

on text, we evaluate them in a text-only setting (no 1070

audio/video inputs). 1071

We use a structured zero-shot prompt that guides 1072

the model to: (i) assign an emotion label to each ut- 1073

terance, (ii) identify which utterances act as causes, 1074

and (iii) produce emotion–cause pairs while re- 1075

specting temporal precedence (j ≤ i). To support 1076

automatic scoring, we require the model to output 1077

a single JSON-formatted dictionary. 1078

Figure 8 shows the exact prompt template used 1079

in our experiments. For each dialogue, we re- 1080

place the placeholder with indexed utterances and 1081
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Table 6: Gradient conflict statistics during single-stage
joint training (ATDG+DP). Values are mean±std over
3 seeds, computed from 100 training mini-batches per
seed (diagnostic batch size 4).

Gradient pair Mean cosine Median cosine % steps with cos < 0

∇Lpair vs. ∇Le 0.368± 0.016 0.385± 0.015 8.0± 4.1
∇Lpair vs. ∇Lc 0.530± 0.042 0.582± 0.024 3.7± 2.9

speaker names in the format [index] speaker:1082

text.1083

F Additional Results1084

F.1 Two-Stage Training vs. Single-Stage1085

We ablate the training schedules described in Sec-1086

tion 3.8. In addition to the full two-stage proce-1087

dure, we report (i) Stage-A-only (early stop af-1088

ter Stage A), and (ii) single-stage joint training1089

(ATDG+DP), which optimizes all objectives and1090

all trainable parameters throughout.1091

Pair-preserving refinement vs. joint optimiza-1092

tion. Table 2 shows that Stage A alone already1093

matches the full two-stage model on Pair F1, in-1094

dicating that the pair structure can be learned reli-1095

ably in Stage A under the proposed temporal pri-1096

ors. Stage B then improves utterance-level met-1097

rics (Emotion/Cause F1) while keeping Pair F11098

unchanged, consistent with a refinement step that1099

does not perturb the learned pair scorer. In contrast,1100

single-stage joint training yields a lower Pair F1,1101

suggesting negative transfer from auxiliary objec-1102

tives when all losses compete throughout optimiza-1103

tion.1104

F.2 Extended Gradient Conflict Analysis1105

This section provides additional quantitative details1106

for the gradient interference analysis reported in1107

Section 4.3 (main paper). We report exact statistics1108

and sampling protocols used to estimate gradient1109

cosine distributions under single-stage joint train-1110

ing.1111

Table 6 shows a non-trivial negative-cosine tail,1112

with stronger conflict between Pair and Emotion1113

than between Pair and Cause. This measurable1114

objective interference is consistent with the Pair F11115

drop under joint training in Table 2, and motivates1116

a pair-preserving schedule that refines utterance-1117

level heads without perturbing the pair pathway.1118

F.3 Cross-Module Temporal Misalignment 1119

Diagnostic 1120

We quantify whether ATDG aligns heterogeneous 1121

notions of recency across modules using a per- 1122

dialogue diagnostic. 1123

Definition. ATDG maps label-free dialogue 1124

statistics ψ(D) to a latent factor, which is pro- 1125

jected to (i) modality-specific sequential decay 1126

rates λ(D) = {λm(D)}Mm=1 used in KS, and (ii) a 1127

graph decay rate γ(D) used in SG. We summarize 1128

the sequential side by 1129

λ̄(D) =
1

M

M∑
m=1

λm(D). (21) 1130

Because λ̄(D) and γ(D) are strictly positive and 1131

live in different parameterizations, we compare 1132

them in log-space: 1133

∆(D) =
∣∣log λ̄(D)− log γ(D)

∣∣ =

∣∣∣∣log λ̄(D)

γ(D)

∣∣∣∣ .
(22) 1134

A smaller ∆(D) indicates stronger cross-module 1135

temporal coherence, i.e., KS and SG imply more 1136

similar effective horizons for the same dialogue. 1137

How we obtain λ̄(D) and γ(D) for each method. 1138

We compute ∆(D) on the evaluation split under 1139

the following protocol. 1140

• ATDG+DP and ATDG-IndepPriors (dialogue- 1141

conditioned): we use the per-dialogue decay out- 1142

puts produced by ATDG, i.e., λ̄(D) and γ(D). 1143

• ATDG-GlobalPriors (dialogue-agnostic): we 1144

use the learned global (dialogue-independent) 1145

decay constants for KS and SG, and reuse the 1146

same λ̄ and γ for all dialogues. 1147

• HiLo (Li et al., 2025): since HiLo does 1148

not expose explicit decay parameters, we con- 1149

struct proxy horizons Hseq(D) = T and 1150

Hint(D) = mean |i−j| over (reply-adjacency∪ 1151

same-speaker) edges, and map them to proxy 1152

rates via λ̄(D) = 1/Hseq(D) and γ(D) = 1153

1/Hint(D). 1154

We then report the distribution of ∆(D) across 1155

dialogues (Figure 4). 1156

Non-degeneracy of learned decays. To verify 1157

that ATDG does not collapse to a constant prior, we 1158

visualize the marginal distributions of λ̄(D) and 1159

γ(D) across dialogues for the final ATDG+DP 1160

model (Figure 9). 1161
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Figure 9: Marginal distributions of dialogue-
conditioned decay parameters for the final ATDG+DP:
mean sequential decay λ̄(D) and graph decay γ(D).
Non-collapsed distributions indicate that the learned
time scale varies across dialogues.

Table 7: Pair extraction performance stratified by tempo-
ral distance, showing that ATDG+DP yields consistent
gains at medium and long ranges where non-local rea-
soning is required (mean±std over 3 seeds).

Variant Dist.* F1 AUPRC P R

ATDG+DP
0 67.53±0.19 68.30±0.58 57.19±0.86 82.48±1.86

[1, 2] 48.78±0.81 47.41±1.48 44.61±0.30 53.84±1.86
[3, 6] 6.09±1.97 12.45±1.05 25.10±8.83 3.48±1.14

ATDG
−IndepPriors

0 67.28±0.28 68.75±0.40 56.81±1.01 82.51±1.58
[1, 2] 47.69±0.68 46.83±0.75 42.40±0.25 54.51±1.50
[3, 6] 13.85±3.70 11.24±0.46 23.28±1.10 10.20±3.68

ATDG
−GlobalPriors

0 67.23±0.63 68.53±0.43 58.41±1.41 79.24±1.46
[1, 2] 47.63±0.35 48.48±0.56 42.72±1.30 53.94±2.77
[3, 6] 13.18±3.79 12.24±1.28 24.04±4.44 9.70±3.95

ATDG+DP
−w/o KS

0 67.89±0.62 68.82±0.64 58.99±0.82 80.01±2.44
[1, 2] 46.08±0.96 46.56±3.13 45.14±4.83 47.69±4.33
[3, 6] 7.04±2.41 11.23±0.26 21.36±4.63 4.23±1.55

ATDG+DP
−w/o SG

0 67.90±0.47 68.42±0.96 60.58±1.10 77.32±2.81
[1, 2] 47.60±1.56 46.35±0.31 44.90±1.69 50.67±2.06
[3, 6] 8.31±2.54 12.26±0.92 23.75±4.27 5.22±1.97

* Dist. bins are defined by ∆ = i− j. The numbers of gold pairs for distances 0,
[1, 2], and [3, 6] are 957, 694, and 134, respectively.

F.4 Distance Bin Performance1162

How hard is the long-tail in ECF? Table 7 re-1163

ports ATDG+DP performance by temporal distance1164

bin along with bin support. Performance is strong1165

at ∆=0 and degrades substantially as distance in-1166

creases, with the tail bin having very limited sup-1167

port. This quantifies a key challenge of ECF: long-1168

range emotion triggers are rare and therefore diffi-1169

cult to learn reliably. Our main text therefore em-1170

phasizes not only average improvements but also1171

stability under sparse regimes, where consistent1172

priors across paths can reduce variance (Figure 5).1173

F.5 Sanity Perturbations of Dialogue Statistics1174

We denote by Clean (SAN-Base) the inference-1175

time evaluation without perturbing ψ(D), using the1176

same checkpoint and decoding hyperparameters as1177

in the main experiments. All sanity perturbations1178

Con
st0

LO
O2

LO
O3

LO
O7

LO
O6

LO
O1

LO
O0

LO
O5

LO
O4

Shu
f

Con
stT

M

Sanity Check

0.8

0.6

0.4

0.2

0.0

0.2

Pa
ir 

F1
 (p

p)

F1  0
F1 < 0

LO
O0

LO
O5

LO
O4

Shu
f

Con
stT

M

0.050

0.025

0.000

0.025

0.050

F1
 (p

p)

Figure 10: Eval-only sanity perturbations of dialogue
statistics ψ(D). ∆Pair F1 (pp) relative to the clean
setting shows stable behavior under mild perturbations
and degradation under adversarial swaps.

Table 8: Sanity checks with the largest absolute ∆Pair
F1 (pp) on the test set (mean±std over 3 seeds).

Sanity ∆Pair F1 ∆AUPRC ∆Emo F1 ∆Cause F1

SAN-LOO2 -0.37±0.42 +0.01±0.01 +0.03±0.06 +0.03±0.06
SAN-LOO3 -0.28±0.49 +0.01±0.00 +0.02±0.03 -0.00±0.05
SAN-LOO6 -0.03±0.13 +0.00±0.01 +0.04±0.07 +0.02±0.04

are applied only at inference time, and we report 1179

∆Pair F1 (pp) relative to Clean. 1180

Are ATDG priors overly sensitive to the guiding 1181

statistics? A natural concern is that ATDG might 1182

overfit to particular components of ψ(D). We con- 1183

duct inference-only sanity perturbations by shuf- 1184

fling or partially corrupting components of ψ(D) at 1185

test time. As shown in Figure 10 and Table 8, per- 1186

formance changes remain small (sub-point ∆Pair 1187

F1), suggesting that ATDG does not rely on a single 1188

fragile statistic and that consistent injection across 1189

KS and SG yields robust behavior. 1190

Heavy-noise corruption via in-batch swap. To 1191

stress-test ATDG under stronger noise, we addi- 1192

tionally apply a dialogue-level in-batch swap cor- 1193

ruption: for each dialogue D in a mini-batch, with 1194

probability p we replace its statistics vector ψ(D) 1195

with ψ(D′) from another dialogue in the same mini- 1196

batch via a random permutation, while keeping the 1197

dialogue inputs (x, a, v, s) unchanged. We con- 1198

sider p ∈ {0.1, 0.3, 0.5} and evaluate the final 1199

ATDG+DP checkpoints (3 seeds). To avoid con- 1200

founding from re-tuning decoding, we tune the pair 1201

threshold τ once on the clean validation split and 1202

reuse it unchanged for all corrupted test evaluations. 1203

Figure 11 reports ∆Pair F1 (pp) relative to Clean 1204

(SAN-Base), and shows that performance remains 1205
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Figure 11: Robustness to inference-only corruption of
ψ(D) via in-batch swap. ∆Pair F1 (pp) is reported
relative to clean setting, showing graceful degradation
as dialogue-pace statistics are corrupted.

Table 9: Data efficiency on the ECF test set under vary-
ing training fractions (mean±std over 3 seeds).

Train Fraction Pair F1 Pair AUPRC Emo. F1 Cause F1

25% 52.24±0.93 47.21±0.84 73.01±1.70 67.19±1.29
50% 55.13±0.62 52.33±0.82 77.98±0.56 70.70±0.51
75% 56.53±0.92 54.33±0.63 78.65±0.26 72.03±0.20
100% 57.92±0.52 55.58±0.57 79.33±0.30 73.26±0.80

stable up to 50% corruption, indicating that ATDG1206

behaves as a robust inductive bias rather than a1207

brittle shortcut.1208

Sanity check: the intervention changes ATDG1209

decays. Even when Pair F1 is stable, the swap1210

meaningfully perturbs ATDG outputs: the aver-1211

age per-dialogue changes in log λ̄(D) (mean KS1212

decay) and log γ(D) (SG decay) increase with p,1213

confirming that the corruption substantially alters1214

the mechanism-level time scales.1215

F.6 Missing Modality Robustness1216

Robustness to missing channels. Figure 12 eval-1217

uates robustness by randomly dropping modalities1218

at test time and reporting the change in Pair F11219

relative to the clean setting. As expected, perfor-1220

mance decreases as the missing rate increases. Cru-1221

cially, the degradation is gradual rather than catas-1222

trophic, suggesting that DP does not rely on a single1223

modality-specific shortcut. Instead, temporal priors1224

injected into KS/SG provide a modality-agnostic1225

structural constraint that remains applicable even1226

when some channels are absent.1227

F.7 Data Efficiency Numbers1228

Table 9 provides the exact data-efficiency numbers1229

referenced in Figure 7. Pair extraction benefits1230

most from additional data, which is consistent with1231

structured link prediction requiring more supervi-1232

Table 10: Sensitivity to the SG window size W on the
ECF test set (mean±std over 3 seeds).

W Pair F1 Pair AUPRC Emo. F1 Cause F1

2 57.45±0.59 55.55±0.20 79.10±0.51 72.43±0.32
4 57.54±0.18 55.76±0.60 79.03±0.13 72.63±0.12
6 57.92±0.52 55.58±0.57 79.33±0.30 73.26±0.80
8 57.16±0.64 55.47±0.64 78.79±0.12 72.30±0.45

sion than utterance-level classification. Neverthe- 1233

less, the strong 25% regime performance suggests 1234

that ATDG+DP provides a meaningful inductive 1235

bias when supervision is scarce. 1236

F.8 Window Size Sensitivity 1237

Sensitivity to SG neighborhood size. Table 10 1238

varies the SG window size W . Performance peaks 1239

at a moderate window (W=6) and degrades for 1240

both smaller and larger neighborhoods. This trend 1241

matches the intended role of SG as a local cross- 1242

speaker refiner: too small a window underutilizes 1243

short-range interaction cues, while too large a win- 1244

dow propagates noisy and weakly-related messages 1245

that degrade SG-refined utterance representations 1246

and the auxiliary emotion/cause heads. Since the 1247

pair scorer consumes only KS representations, we 1248

keep SG local to improve utterance-level predic- 1249

tions without perturbing the pair pathway. 1250

F.9 Emotion Per-Class Performance 1251

Table 11 reports per-class emotion metrics for 1252

ATDG+DP. Performance is substantially higher on 1253

frequent classes (e.g., neutral, joy, surprise) 1254

than on rare classes (e.g., fear, disgust), which 1255

is consistent with class-imbalance effects in 1256

MELD/ECF. This result motivates reporting Macro- 1257

F1 in the main paper and suggests that future work 1258

may benefit from targeted imbalance mitigation or 1259

label-efficient adaptation for rare emotions. 1260

F.10 Real-time Evaluation 1261

Following the standard ECF benchmark proto- 1262

col (Wang et al., 2023a), the main paper reports 1263

offline results to ensure fair comparison with prior 1264

work. We additionally report strict real-time evalu- 1265

ation to quantify performance under causal deploy- 1266

ment constraints. 1267

Protocol. In the real-time (online) setting, at step 1268

i the model may only access the observed pre- 1269

fix D1:i = {u1, . . . , ui}, and must not use any 1270

information from ui+1:T . We obtain a strict on- 1271

line variant of ATDG+DP by enforcing causality in 1272
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Figure 12: Robustness under missing modalities. ∆Pair F1 (pp) is measured relative to the clean setting (0%
missing), showing that dialogue-paced temporal priors maintain stable pair extraction as modality availability
degrades.

Table 11: Per-class emotion performance for ATDG+DP on the test set (mean±std over 3 seeds), illustrating the
effect of class imbalance across emotion categories.

Emotion Precision Recall F1 Accuracy AUPRC Support

anger 50.24±2.07 48.85±2.55 49.51±1.93 87.07±0.53 50.22±0.63 333
disgust 10.00±17.32 1.27±2.19 2.25±3.89 96.80±0.07 9.82±0.75 79
fear 25.00±25.00 1.19±1.03 2.26±1.96 97.79±0.05 10.40±2.45 56
joy 55.02±0.79 62.94±2.92 58.68±0.93 85.19±0.22 63.00±1.57 429
neutral 73.43±0.85 73.15±1.72 73.27±0.46 76.70±0.08 78.77±0.65 1121
sadness 44.88±0.62 41.36±1.73 43.04±1.23 89.72±0.08 46.22±1.92 241
surprise 52.76±0.36 69.60±1.23 60.02±0.62 88.91±0.12 64.85±1.36 307

(i) dialogue-level representations and (ii) dialogue-1273

conditioned temporal priors.1274

Causal representations. We encode each ut-1275

terance independently with a pretrained encoder,1276

h
(0)
i = Enc(ui), avoiding cross-utterance token1277

leakage. We further replace bidirectional dia-1278

logue encoders with unidirectional ones (UniL-1279

STM) for each modality stream, so the contex-1280

tual state at time i depends only on the prefix:1281

hi = UniLSTM(h
(0)
1:i ). All multimodal fusion1282

is applied on these causal states, and we report the1283

same four modality settings as in Table 1.1284

Prefix-conditioned ATDG and online decoding.1285

For ATDG, dialogue-pace statistics are computed1286

from the prefix only, ψi = ψ(D1:i), producing1287

prefix-conditioned decays {λ(m)
i }m for KS and γi 1288

for SG. We then apply the same DP injection as the 1289

static setting, except that both KS (Eq. 2) and SG 1290

(Eq. 4) use prefix-conditioned parameters at each 1291

step. For pair extraction, we keep the precedence 1292

constraint j ≤ i and perform streaming decoding 1293

by scoring only available pairs (i, j) with the same 1294

biaffine scorer as Eq. (7), then aggregating step- 1295

wise decisions over i = 1, . . . , T . All decoding 1296

hyperparameters (e.g., the threshold τ ) are tuned 1297

on the validation split under the same online pro- 1298

tocol and fixed for test, avoiding a static-online 1299

mismatch. 1300

Table 12 summarizes online performance under 1301

the same four modality settings as Table 1, with all 1302

decoding hyperparameters tuned on the validation 1303
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Table 12: Real-time (online) evaluation of ATDG+DP on the ECF test set under strict prefix-only access (mean±std
over 3 seeds).

Methods Emotion Detection Cause Detection Pair Extraction

P R F1 P R F1 P R F1

ATDG+DP

Text-only 79.54±0.45 79.64±0.94 79.59±0.48 66.49±1.72 76.01±2.39 70.89±0.50 50.53±1.02 62.42±1.74 55.83±0.75
+ Audio 79.44±0.75 80.35±1.28 79.88±0.32 66.20±2.70 75.93±3.77 70.62±0.16 50.97±2.24 61.50±4.25 55.62±0.69
+ Video 79.32±0.75 81.25±1.28 80.26±0.44 65.10±0.86 79.76±1.95 71.67±0.36 49.76±1.54 65.85±2.71 56.64±0.38
+ Audio + Video 79.73±0.50 80.00±0.88 79.86±0.39 66.85±1.44 75.99±1.74 71.11±0.65 51.24±1.14 63.36±2.28 56.62±0.33

split under the same online protocol. Compared1304

with the offline protocol in Table 1, real-time eval-1305

uation yields only a modest degradation in pair ex-1306

traction across modality settings. For Pair F1, the1307

online scores drop by 1.05 (Text-only), 1.24 (+Au-1308

dio), 0.43 (+Video), and 1.30 (+Audio+Video) ab-1309

solute points, respectively. This gap is primar-1310

ily driven by reduced access to future context in1311

the strict prefix-only setting, which can suppress1312

evidence accumulation for non-local triggers and1313

delay confident link decisions. Overall, these re-1314

sults indicate that the proposed prefix-conditioned1315

ATDG priors and KS/SG injection remain effective1316

under strict deployment constraints, maintaining1317

stable online performance without relying on future1318

context.1319

F.11 Efficiency and Deployability in1320

Real-Time1321

Beyond predictive quality, the practical viability of1322

online MECPE hinges on predictable runtime un-1323

der strict latency constraints, which are considered1324

first-class requirements in latency-aware NLP and1325

inference serving (Mendoza et al., 2024). Table 131326

summarizes the model size, computational com-1327

plexity, and runtime profile of our causal (prefix-1328

only) ATDG+DP model. To ensure measurement1329

stability, we report amortized latency (batch size1330

32) after a full-test warm-up pass to stabilize GPU1331

kernels and caches, excluding CPU-side I/O over-1332

head.1333

We observe an amortized per-sample latency of1334

28.90 ms with a 44.64 ms P95 tail latency and a1335

throughput of 35.15 samples/s. Overall, the mea-1336

sured forward-pass latency lies in the lower end1337

of the tens-to-hundreds-of-milliseconds response-1338

latency budgets commonly targeted by user-facing1339

serving systems (Mendoza et al., 2024).1340

G AI Assistants1341

AI assistants were used solely to support language1342

editing and clarity, including minor rephrasing and1343

Table 13: Model size and computational budget of our
full real-time model (avg. over 3 seeds).

Metric ATDG+DP

Params (M) 156.38
GFLOPs/sample 6.36
Latency Avg (ms) 28.90
Latency P50 (ms) 25.81
Latency P95 (ms) 44.64
Throughput (samples/s) 35.15

grammatical corrections. All technical content, 1344

modeling decisions, experimental design, results, 1345

and interpretations were conceived, implemented, 1346

and verified by the authors. No AI system was used 1347

to generate experimental results, analyze data, or 1348

make scientific claims. 1349
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