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Abstract

The affective reasoning task is a set of emerging001
affect-based tasks in conversation, including002
Emotion Recognition in Conversation (ERC),003
Emotion-Cause Pair Extraction (ECPE), and004
Emotion-Cause Span Recognition (ECSR). Ex-005
isting methods make various assumptions on006
the apparent relationship while neglecting the007
essential causal model due to the nonunique-008
ness of skeletons and unobservability of im-009
plicit causes. This paper settled down the above010
two problems and further proposed Conver-011
sational Affective Causal Discovery (CACD).012
It is a novel causal discovery method show-013
ing how to discover causal relationships in a014
conversation via designing a common skeleton015
and generating a substitute for implicit causes.016
CACD contains two steps: (i) building a com-017
mon centering one graph node causal skeleton018
for all utterances in variable-length conversa-019
tions; (ii) Causal Auto-Encoder (CAE) correct-020
ing the skeleton to yield causal representation021
through generated implicit causes and known022
explicit causes. Comprehensive experiments023
demonstrate that our novel method significantly024
outperforms the SOTA baselines in six affect-025
related datasets on the three tasks.026

1 Introduction027

Recently, increasing attempts (Xia and Ding, 2019;028

Bi and Liu, 2020; Turcan et al., 2021; Uymaz and029

Metin, 2022) have been made to explore the rela-030

tionship between emotion and corresponding cause031

in texts. Hence, the conversation sentiment field032

has involved cause-related datasets (Poria et al.,033

2021; Feng et al., 2022) and studies (Gao et al.,034

2021; Zhao et al., 2022; Li et al., 2022). Until now,035

three affective reasoning tasks have been widely036

explored: (i)Emotion Recognition in Conversation037

(ERC) (Chen et al., 2018). (ii)Emotion-Cause038

Pair Extraction (ECPE) Xia and Ding (2019).039

(iii)Emotion-Cause Span Recognition (ECSR) Po-040

ria et al. (2021). These three tasks require proper041

[U1]It's my bad for 

not calling.
[Sad]

[U2]Don't bother 

coming home.
[Angry]

[U3]You're going 

to kick me out?
[Surprized]

[U4]Exactly. 
[Angry]

 [U5]I won't have 

to listen to you.
[Angry]

[E1]Implicit 

cause

[E3]Implicit 

cause

[E5]Implicit

cause
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Figure 1: The conversation case with five utterances. In
the SCM, we assume that each utterance Ui has a cor-
responding implicit cause Ei, and has several explicit
causes. i.e., U4 has an implicit cause E4 and two ex-
plicit causes U3 and U2. In the lower part of the figure,
SCM adopts SEM Ut =

∑
αitUi + Et to denote these

relationships and formalize the conversation as a DAG,
though there is no information about E.

handling of why emotions appear, so most pub- 042

lished methods (Kumar and Jain, 2022; Chang 043

et al., 2022; Bao et al., 2022) have strived at rea- 044

soning about the explicit cause. It is a concept that 045

for the emotion in conversations, the corresponding 046

cause is an utterance from the preceding dialogue. 047

Moreover, Causal Discovery (Guo et al., 2020; 048

Shen et al., 2020) focuses on finding a generic rela- 049

tionship between an effect and the cause. Besides 050

explicit cause, this field additionally supported 051

the implicit cause, in conversational cases, rep- 052

resenting some desires or facts are not straightfor- 053

wardly mentioned in the conversation. Compared 054

with explicit causes, implicit causes are unobserv- 055

able (Cheng et al., 2022; Nogueira et al., 2022). 056

Furthermore, A number of cross-sectional stud- 057

ies (Houlihan et al., 2022; Ying et al., 2022; Teo 058
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et al., 2022) have suggested the necessity of im-059

plicit cause when we analyze interlocutor’s emo-060

tions.061

Despite the importance of implicit causes and062

Causal Discovery, to our knowledge, there is no063

work applying them to affective reasoning in con-064

versation texts. In Figure 1, we use a conversation065

case’s linear Structural Causal Model (SCM)1 to in-066

stantiate the causal discovery processing. To yield067

a causal representation of each variable, Causal068

Discovery consists of Causal Skeleton Estima-069

tion (CSE) and Causal Direction Identification070

(CDI) (Glymour et al., 2019). However, due to the071

reliance on sampling, these two steps have become072

intractable when applied to conversation datasets.073

Specifically, in CSE, there is no common skele-074

ton for all conversation texts. While much of the075

research into Causal Discovery (Yuan and Shou,076

2022; Scetbon et al., 2022; Ma et al., 2022) has077

focused on the mapping from variables to nodes in078

structured data, an intractable problem is how to079

process this variable injective with variable-length080

and unstructured data. Moreover, in CDI, implicit081

causes are dependent variables. For the structured082

dataset, the existing body of research (Shimizu and083

Bollen, 2014; Shimizu, 2019) on implicit causes084

showed the effectiveness of assuming them as given085

i.i.D. variables. However, due to the same context,086

it is intractable to hold this hypothesis of indepen-087

dence.088

Hence, to build a common skeleton and rep-089

resenting implicit causes, we proposed a novel090

method called Conversational Affective Causal Dis-091

covery (CACD). Instead of focusing on a common092

skeleton for all variable-length conversation se-093

quences, CACD builds a common skeleton, named094

centering one graph node (cogn) skeleton, for each095

utterance from some broadly accepted prior hy-096

potheses. That is, a variable-length conversation097

can be composed of cogn skeletons separately cor-098

responding to each utterance. Moreover, CACD099

designs a novel Causal Auto-Encoder (CAE) to dis-100

cover causal relationships given generated implicit101

causes and known explicit causes. Specifically, a102

graph attention module was proposed to yield an103

autoregression matrix of the skeleton. Then het-104

erogeneous GNNs encode the information passing105

from utterances to substitute for implicit causes106

and decode the information from substitute (im-107

1SCM has become the model of choice in causal discovery
since Shimizu et al. (2006) proposed it with the Structural
Equation Model (SEM) integrated with Bayesian network.

plicit causes) and utterances (explicit causes) to 108

causal representations, respectively. 109

CACD returns the causal graph and the causal 110

representation from a given conversation, reason- 111

ing about the relations between emotions and both 112

explicit and implicit causes. The design ethos of 113

CACD can easily extend to all affective computing 114

tasks in conversation. To gauge the usefulness of 115

using our causal representation to analyze conver- 116

sation sentiment, we conduct downstream experi- 117

ments in ERC, ECPE, and ECSR respectively. 118

Our contribution is four-fold: 119

• To the best of our knowledge, we are the first 120

to apply causal discovery to the conversation 121

emotion field, with CACD learning the causal 122

graph and causal representation of a given 123

conversation. 124

• We proposed the theoretical cogn skeleton 125

common for variable-length conversations and 126

designed six empirical skeleton instances of it 127

from those of all recent works. 128

• We proposed CAE to be the first to generate 129

the substitute for implicit causes, overcoming 130

adverse conditions of utterances dependent on 131

each other. 132

• From the extrinsic evaluation of three affect- 133

based tasks, our proposed model, CAE, sig- 134

nificantly outperforms SOTA baseline mod- 135

els. From intrinsic evaluation, we empiri- 136

cally demonstrate the effectiveness of implicit 137

causes and SCMs. 138

2 Related Works 139

2.1 Affective Reasoning in Conversation 140

Chen et al. (2018) has proposed the initial work 141

on ERC due to the growing availability of public 142

conversational data. Then Xia and Ding (2019) 143

proposed ECPE that jointly identifies both emo- 144

tions and their corresponding causes. Therefore, 145

many works (Wei et al., 2020; Chen et al., 2020) 146

have been involved with causal relationships be- 147

tween emotions and causes. Moreover, Poria et al. 148

(2021) has extended ECPE into conversations and 149

proposed a novel ECSR task recognizing emotion- 150

cause spans. More recently, increasing works have 151

indicated that some prior knowledge plays a crit- 152

ical role in the complex reasoning of these tasks, 153

such as the assumption about interlocutors (Zhang 154
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et al., 2019; Lian et al., 2021; Shen et al., 2021b)155

and context (Ghosal et al., 2019; Shen et al., 2021a;156

Chen et al., 2022).157

Our work is a natural extension of those works.158

By leveraging the extensively accepted and ade-159

quate prior knowledge of numerous existing works,160

cogn skeleton can be instantiated and evaluated by161

comprehensive experiments. Additionally, CACD162

is the first attempt to reason implicit causes of emo-163

tions in conversation, aligned with the fact that164

these causes are often implicit and thus need to be165

inferred more.166

2.2 Causal Discovery167

To alleviate the Causal Markov and Faithful-168

ness Assumption (Spirtes et al., 2000; Colombo169

et al., 2012; Ogarrio et al., 2016), several SCMs170

(Shimizu et al., 2006; Shimizu and Bollen, 2014;171

Sanchez-Romero et al., 2019) based on the indepen-172

dent non-Gaussian assumptions of implicit causes173

have been proposed for continuous structured vari-174

ables. More recently, the causal skeleton in CSE175

has been defined as a (partially) directed acyclic176

graph based on some reasonable prior assumptions177

(Dai et al., 2021; Fonollosa, 2019). And then,178

we can obtain causal relationships by leveraging179

some CDI methods (Ding et al., 2020a; Duong and180

Nguyen, 2022) processing causal skeletons.181

Our work is an extension of these methods from182

structured data to unstructured data characterized183

by non-sampling and variable length. Based on184

GNN, the condition for data has been successfully185

addressed by cogn skeleton and CAE.186

3 Task Definition187

For notational consistency, we use the following ter-188

minology. The target utterance Ut is the tth utter-189

ances of a conversation D = (U1, U2, U3, . . . , UN )190

where N is the maximum number of utterance191

in this conversation and 0 < t ⩽ N . The emo-192

tion label Emot denotes the emotion type of Ut.193

The emotion-cause pair (ECP) is a pair (Ut, Ui),194

where Ui is the ith utterance of this conversation.195

In the ECP, Ut represents the emotion utterance and196

Ui is the corresponding cause utterance. Moreover,197

the cause label Ct,i denotes the cause span type of198

the ECP (Ut, Ui).199

Thus, in a given text, ERC is the task of identi-200

fying all Emot. Moreover, ECPE aims to extract201

a set of ECPs and ECSR aims to identify all Ct,i.202

4 Methodology 203

In this section, we first detailed cogn skeletons with 204

six instantiations from some accepted prior knowl- 205

edge hypotheses in Section 4.1. Then to learn the 206

implicit causes based on these cogn skeletons, we 207

introduced the CAE in Section 4.2. Finally, we 208

introduced an auxiliary loss as well as the optimiza- 209

tion of the training process in Section 4.3. 210

4.1 Causal Skeleton Estimation 211

As their data is variable-length and unstructured, ut- 212

terances differ from the variables that causal discov- 213

ery often uses. Specifically, each conversation has 214

a different amount (N ) of utterances, and different 215

inter-utterances relationships related to the context. 216

Hence, it is intractable to build a general causal 217

skeleton with fixed nodes and edges to describe all 218

conversation samples. (One of the problems is how 219

to define the V-structures of those padding nodes 220

in some cases while originally existing in others.) 221

Fortunately, several published GNN-based ap- 222

proaches (Shen et al., 2021b; Ishiwatari et al., 223

2020; Ghosal et al., 2019; Lian et al., 2021; Zhang 224

et al., 2019) in ERC have proposed and verified 225

a common hypothesis to settle down this issue, 226

though they did not involve causal discovery. The 227

hypothesis is: 228

Hypothesis 0. ∀Ui ∈ D, it has the same causal 229

skeleton as other utterances. 230

By regarding Hypothesis 0 as the prior knowl- 231

edge, a common causal skeleton containing a tar- 232

get variable and a fixed number of related vari- 233

ables can reason about the relations between the 234

target utterance and other considered utterances. 235

We denote this skeleton of Ut by S(Ut). There are 236

∀Ui, Uj ∈ D, S(Ui) = S(Uj). 237

Additionally, there are some other empirical hy- 238

potheses from the above approaches. These hy- 239

potheses can be divided into two categories: one is 240

about the “order” of utterances (Hypotheses 1, 2, 241

3), and the other is about intermingling dynamics 242

among the interlocutors (Hypotheses 4, 5, 6). 243

Hypothesis 1. (Majumder et al., 2019) Under 244

the sequential order, the target utterance receives 245

information only from the previous utterance. 246

Hypothesis 2. (Wei et al., 2020) Under the graph 247

order, the target utterance receives information 248

from all other utterances. 249

Hypothesis 3. (Ghosal et al., 2019) Under the 250

local graph order, target utterance receives local 251

information from k surround utterances. 252
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Category Hypothesis Original work
I 1 Majumder et al. (2019)
II 2 Veličković et al. (2017)
III 2,4 Chen et al. (2022)
IV 3, 4 Ghosal et al. (2019)
V 3(k = 1), 4, 5 Lian et al. (2021)
VI 3, 4, 5, 6 Shen et al. (2021b)

Table 1: Statistics of 6 cogn skeletons. We detailed the
hypotheses each cogn skeleton adopted and the original
works from which we designed them.

Hypothesis 4. (Zhang et al., 2019) The influ-253

ence between two utterances can be discriminated254

by whether the two utterances belong to the same255

speaker identity.256

Hypothesis 5. (Lian et al., 2021) Target utter-257

ance only receives information from the predeces-258

sor utterances.259

Hypothesis 6. (Shen et al., 2021b) Between260

two utterances both related to the target utterance,261

there is also information passing, often dubbed as262

a partial order.263

7

6

I

7

6

I

7

2 3 4 5

9

1 6

8

II

10 11 12

7

2 3 4 5

9

1 6

8
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10 11 12

7

3 5 2 4

8

1 6

9

III

10 1211

7

3 5 2 4

8

1 6

9

III

10 1211

7

3 5 4 6

9
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1011 12

7

3 5 4 6

9

IV

1011 12

7

5 6

V

7

5 6

V

7

5 6

VI

7

5 6
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Figure 2: Six cogn skeletons from a conversation case
with 12 utterances. We adopted the 7-th utterance as
the target utterance (Red). Orange nodes denote the
utterances of the same speaker as the target utterance,
and blue ones denote those belonging to other speakers.
Arrow represents the information propagated from one
utterance to another, and the bi-way arrow represents
the influence-agnostic relationship. The black dash box
represents the slide windows.

In Figure 2, we designed six cogn skeletons to264

instantiate those hypotheses from all most recent265

works which adopted one or more hypotheses intro-266

duced above. The statistic is shown in Table 1. The267

specific algorithms and the whole skeleton of a con-268

versation consisting of cogn skeletons are shown269

in Appendix B.270

Note that we only conduct experiments for271

II-VI because our CAE is hard to apply with the272

recurrent-based skeleton. We detailed this limita-273

tion in Section 5.8.274

4.2 Causal Direction Identification 275

From a given causal skeleton, a linear Structural 276

Causal Model (SCM) can be equivalently rep- 277

resented as a linear Structural Equation Model 278

(SEM): 279

Ut =
∑
i∈relt

αi,tUi + Et (1) 280

where relt denotes a set of utterances that point to 281

the Ut (7-th utterance) in Figure 2, Et represents 282

the exogenous variable towards the Ut in SCM, the 283

noise vector towards the Ut in SEM (often writ- 284

ten as εt), and the implicit cause towards the Ut 285

in CACD. Furthermore, we denote the word em- 286

bedding of U by H = h1, h2, . . . , hN , and the 287

relationships between utterances in rows can also 288

be written as : 289

H = ATH + E (2) 290

where Ai,t ̸= 0 stands for a directed edge from 291

Ui to Ut in SCM. Thus we can define the Causal 292

Graph G = (V, E) with adjacency matrix Ai,i = 0 293

for all i. However, to obtain G, we can not follow 294

the common practices (Shimizu et al., 2006; Monti 295

et al., 2020; Ng et al., 2022): adopt Independent 296

Component Analysis (ICA) with a hypothesis that 297

E is i.i.d. and has non-Gaussian distributions. Be- 298

cause Ei and Ej are dependent on each other based 299

on the same context. 300

Hence, we treat AT as an autoregression matrix 301

of the G, and then E can be yielded by an auto- 302

encoder model. Moreover, with the contribution 303

of Yu et al. (2019) in the generalized nonlinear 304

SEM model, auto-encoding processing can be for- 305

malized as: 306

E = f((I −AT )H) (3) 307

Ĥ = g((I −AT )−1E) (4) 308

where f and g represent the encoder and decoder 309

neural networks respectively. Encoder aims to gen- 310

erate a implicit cause matrix E and Decoder de- 311

votes to yield a causal representation Ĥ . From 312

the Equation 1, causal representation Ĥt reasons 313

about the fusion relations of heterogeneous ex- 314

plicit causes
∑

i∈relt Hi and implicit cause Et. The 315

whole processing of CACD is shown in Figure 3. 316

Encoder. We use the graph attention mecha- 317

nism to learn the adjacency matrix A and con- 318

struct a hierarchical GNN to instantiate the f . And 319
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Figure 3: Processing of CACD, with a six-utterances conversation case as the input. Causal skeleton indicates which
utterances (nodes) are used for aggregation. For each layer ℓ, we collect representations Hℓ for all utterances where
each row represents one utterance. Causal Encoder yields the implicit causes Eℓ, the input for Decoder learning the
causal representation.

ℓ = 1, 2, . . . , L− 1 represents the layer of GNN.320

Thus, for each utterance at the ℓ-th layer, the Aℓ
i,t321

computed by attention mechanism is a weighted322

combination of hℓt for each directly related utter-323

ance Ui(i ∈ relt):324

Aℓ
i,t =

LeakyReLU(eℓi,t)∑
j∈relt LeakyReLU(eℓj,t)

(5)325

eℓi,t =
−→
h iW

ℓ
i(row) + (

−→
h tW

ℓ
t(col))

T (6)326

where W ℓ
row ∈ RN×1 and W ℓ

col ∈ RN×1 are the327

learnable parameters in the graph attention. More-328

over, the GNN aggregates the information from the329

neighbor utterances as following:330

Hℓ+1 = eLU((I − (Aℓ)T )HℓW ℓ) (7)331

where W ℓ stands for parameters in the correspond-332

ing layer. From the final layer of the evaluation333

process, by extracting AL−1 computed in Equa-334

tion 5, the marginal or conditional “distribution”335

of H is obtained, showing CACD how to discover336

Causal Graph G from D. Besides, by extracting337

HL in Equation 7, we can have the susbtitude for338

the implicit causes E = MLP (HL).339

Note that for skeleton VI or other skeletons with340

Hypothesis 6, depending on RNNs is necessary for341

learning processing aligned with the partial order342

between related utterances:343

Hℓ+1 = GRU ℓ(Hℓ,mℓ) (8)344

where Hℓ is the input and mℓ is the state of GRU345

model, with m computed by self-attention pro-346

posed by Thost and Chen (2021).347

Decoder. We utilize the A and E computed from 348

Encoder to generate the causal representation Ĥ . 349

With a fixed adjacency matrix, the GNN aggregates 350

the information of implicit causes from neighbor 351

nodes as following: 352

Êℓ+1 = eLU((I − (AL)T )−1EℓM ℓ) (9) 353

where M ℓ is parameters in the corresponding layer. 354

As the same architecture as the encoder, Ĥ = 355

MLP (EL). Additionally, the plug-in RNN is also 356

integrated with GNN to address the appetite of Hy- 357

pothesis 6: 358

Êℓ+1 = GRU ℓ(Êℓ, pℓ) (10) 359

4.3 Optimization 360

In the affective computing of the conversation, 361

causal representation is an affect-based utterance 362

representation. Under the linear SEM model, Ĥ 363

and H represent one and the same. Thus, from 364

the definition that implicit causes Et denote some 365

mental causes (some desires or goals) leading to 366

emotion Emot, Ĥ should be aligned with H in 367

emotion dimensions under the non-linear SEM 368

model. In short, we adopt an auxiliary loss mea- 369

suring the Kullback-Leibler (KL) divergence of Ĥ 370

and H when mapped into the exact emotion dimen- 371

sions. This loss aims to impose the constraint that 372

E is the implicit cause we need. 373

LossKL =
∑
t

∑
e∈Emot

pe(Ût) log
pe(Ût)

pe(Ut)
(11) 374
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Dataset conversations tasks
Train Val Test ERC ECPE ECSR

DailyDialog 11118 1000 1000
√

− −
MELD 1038 114 280

√
− −

EmoryNLP 713 99 85
√

− −
IEMOCAP 100 20 31

√
− −

RECCON-DD 833 47 225 −
√ √

RECCON-IE − − 16 −
√ √

Synthetic data 833 47 225 −
√ √

Table 2: The statistics of seven datasets

where e is one of all emotion types in Emot, pe(·)375

denotes the probability that the target representa-376

tion is labeled with emotion e. When LossKL377

achieves its lower bound, E is pure implicit cause.378

In the whole process of three tasks, we followed379

(Shen et al., 2021b; Wei et al., 2020; Poria et al.,380

2021) to add several losses of ERC, ECPE, and381

ECSR respectively.382

Furthermore, if we treated implicit causes E383

as latent variables Z, CAE seems extremely simi-384

lar to Variational Auto-Encoder (VAE) (Kingma385

and Welling, 2014). However, Equation 7 out-386

lines some essential differences between implicit387

causes and latent variables. The outputs of the388

encoder in VAE are µi and σi, describing the dis-389

tribution of qϕ(Z). With this estimation of q̂ϕ(Z),390

we can measure the variation ξ(qϕ(Z)) (also called391

∇ϕELBO(q̂ϕ(Z))) to obtain the approximation392

estimation of ELBO(q). In contrast, our outputs393

are A and E, two critical components of a fixed394

graph rather than a distribution.395

In other words, the variation depends on the prior396

over that the latent variables are multivariate distri-397

bution, whereas CAE has a dependency on the prior398

about conversation SCM which is non-sampling399

and non-distributive.400

5 Experiments401

In this section, we conduct extensive experiments402

to answer the research questions:403

RQ1: How effective is our method in three404

downstream tasks?405

RQ2: How can we justify the implicit causes in406

our method?407

RQ3: How do the implicit causes help to im-408

prove performance?409

5.1 Datasets410

We use six real datasets for three affective reason-411

ing tasks and one synthetic dataset for justifying E412

in our model. The statistics of them are shown in413

Table 2. Appendix A depicts the detailed introduc-414

tions of each dataset.415

Skt Model DailyDialog MELD EmoryNLP IEMOCAP

II DialogXL 54.93 62.41 34.73 65.94
CAE 59.51 63.62 39.16 66.47

III EGAT† 59.23 63.51 38.77 66.76
CAE 59.68 63.71 39.62 68.18

IV RGAT 54.31 60.91 34.42 65.22
CAE 59.65 63.69 39.22 67.65

V DECN† 59.08 63.78 39.44 67.41
CAE 59.28 63.91 40.11 67.61

VI DAG-ERC 59.33 63.65 39.02 68.03
CAE 59.53 63.81 39.54 69.17

Table 3: Overall performance in ERC task. † denotes
the results implemented in this paper. The better scores
in the same skeleton are in bold, and the best of all
skeletons is in red.

5.2 Implementation 416

We adopt the consistent benchmarks of the SOTA 417

methods in three tasks, including the pre-training 418

language model, hyper-paramethers, t-test and met- 419

rics. The implementation details are shown in Ap- 420

pendix B. 421

5.3 Baseline Models 422

According to the hypotheses of these baselines, 423

for each cogn skeleton, we choose the one recent 424

SOTA work: 425

II: DialogXL (Shen et al., 2021a). 426

III: EGAT (Chen et al., 2022). 427

IV: RGAT (Ishiwatari et al., 2020). 428

V: DECN (Lian et al., 2021). 429

VI: DAG-ERC (Shen et al., 2021b). 430

Ours: CAE. 431

5.4 Overall Performance (RQ1) 432

Table 3 reports the overall results in ERC task, and 433

Table 4 reports the results in ECPE and ECSR. 434

In Table 3, CAE performs better than the cor- 435

responding baseline under all skeletons in four 436

datasets. Hence, using a causal auto-encoder to 437

find the implicit causes benefits this task. Be- 438

sides, CAE improves significantly under skeletons 439

II, III, and IV. From Figure 2, these three skele- 440

tons have more relevant nodes than others, so there 441

are more redundant edges to be corrected by CAE, 442

which is demonstrated again in Appendix E. In con- 443

trast, V and VI achieve the best results in MELD, 444

EmoryNLP, and IEMOCAP datasets, which indi- 445

cates that Hypothesis 5 is more probably a strong 446

inductive bias that conversation enjoys. 447

In Table 4, with p <0.01 in the t-test, best im- 448

provement and best performance both concentrate 449

on VI. With the visualization of Appendix E, we 450

infer that the upper triangular adjacency matrix of 451

DAG-ERC, not restricted by the backpropagation, 452
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Skt model ECPE in RECCON ECSR in RECCON
DD(±σ10) IE DD(±σ10) IE

− RANK-CP† 63.51±2.1 41.56 26.57±0.8 18.99
ECPE-2D† 64.35±1.7 47.42 34.41±0.1 22.03

ECPE-MLL† 65.72±1.7 44.61 37.79±0.4 26.19

II DialogXL† 61.92±1.7 50.31 35.79±0.5 21.78
CAE 64.74±1.6 51.23 34.63±0.2 27.92

III EGAT 68.05±1.5 53.43 29.68±0.7 16.42
CAE 69.16±1.2 53.81 30.5±0.2 18.55

IV RGAT† 69.02±1.9 52.48 30.39±0.4 17.49
CAE 70.12±2.1 53.93 30.24±0.5 19.31

V DECN† 68.32±1.5 51.73 30.7±0.9 18.47
CAE 68.84±1.7 53.89 31.88±0.2 20.13

VI DAG-ERC† 70.36±1.5 55.7 40.12±0.7 24.89
CAE 73.17±1.1 56.67 42.14±0.1 30.41

Table 4: Overall performance in ECPE and ECSR tasks.
We additionally compare three baselines not belonging
to any skeleton: RANK-CP (Wei et al., 2020), ECPE-
2D (Ding et al., 2020b), and ECPE-MLL (Ding et al.,
2020c).

Model CAE Categories
II III IV V VI

Ours 64.74 69.16 70.12 68.84 73.17
BCE ↓0.62 ↓0.04 ↓0.15 ↓0.16 ↓0.29

w/o LossKL ↓2.18 ↓1.95 ↓2.42 ↓1.33 ↓1.58
w/o Decoder ↓3.59 ↓2.79 ↓2.11 ↓2.83 ↓4.14
w/o Hypo 6 − − − − ↓1.59
w/o Hypo 5 − − − ↓2.34 ↓1.88
w/o Hypo 4 − ↓3.67 ↓2.72 ↓3.15 ↓4.19

Table 5: Ablation results

benefits from Hypothesis 6. Moreover, II lags453

farthest behind in the ECPE while achieving the454

second best in the ECSR, showing that the reliance455

on a hypothesis is not equal in different tasks. Fur-456

thermore, without Hypotheses 1 and 6, III, IV,457

and V are far from the best performance since Hy-458

pothesis 1 has the maximum identifying space, and459

Hypothesis 6 supplies the highest number of infor-460

mation passing. Finally, it is worth noting that three461

skeleton-agnostic baselines perform poorly in the462

RECCON-IE dataset, indicating that our models463

have stronger representation learning capabilities.464

We also conducted the sensitivity experiments465

to analyse how our model performs in different L466

and k in Appendix C.467

5.5 Ablation Study (RQ1)468

To further evaluate the contribution of neural com-469

ponents and auxiliary Hypotheses (Hypo 4, 5, 6),470

we conducted six sets of ablation experiments to471

study the effects of different parts. In Table 5, we472

summarized results under the following cases: re-473

placing LossKL with BCE loss function (BCE);474

removing the LossKL (w/o LossKL); replacing475

Decoder module with a Linear layer (w/o Decoder);476

removing the RNN module (w/o Hypo 6); adding477

Skt DailyDialog MELD EmoryNLP IEMOCAP
II 51.48 (↓8.03) 58.41 (↓5.21) 34.97 (↓4.19) 59.71 (↓6.76)
III 54.37 (↓5.31) 58.19 (↓5.52) 36.55 (↓3.07) 63.42 (↓4.76)
IV 55.62 (↓4.03) 57.22 (↓6.47) 36.91 (↓2.31) 62.34 (↓5.31)
V 54.62 (↓4.66) 58.19 (↓5.72) 35.49 (↓4.62) 63.13 (↓4.48)
VI 53.27 (↓6.26) 58.39 (↓5.42) 34.98 (↓4.56) 65.18 (↓3.99)

Table 6: Overall performance of implicit causes E in
ERC task.

the edges from successors to predecessors (w/o 478

Hypo 5); reducing the speaker types to one (w/o 479

Hypo 4). 480

As shown in Table 5, BCEloss performs simi- 481

larly to LossKL; thus, we empirically demonstrate 482

that our auxiliary loss is essentially different from 483

LossKL in VAE. Since the F1 score decreases 484

heavily without auxiliary loss or decoder, these 485

two are necessary ingredients for building com- 486

plete processing to learn the causal representation 487

via E. Besides, in the study of Hypotheses 4, 5, 488

and 6, they are all critical but removing Hypothe- 489

sis 4 leads to the highlight degradation in 4 skele- 490

tons. This result corroborates the theory of Lian 491

et al. (2021) and Shen et al. (2021b), who state that 492

speaker identity is the most strong inductive bias 493

in conversation. Finally, with Hypothesis 3 being 494

the most effective order skeleton from the results in 495

Tables 3, 4, it is interesting to see that skeleton with 496

Hypotheses 3, 4, 5, and 6 should be the closest 497

to perfection when the DAG-ERC indeed achieves 498

the SOTA. 499

5.6 Implicit Causes(RQ2) 500

All experiments above are extrinsic evaluations; 501

thus, to further gain insights into E, we perform 502

two experiments to justify E. First, we test the F1 503

scores in ERC task by replacing Ĥ with E from a 504

consensus that implicit causes should be aligned 505

with utterances in the emotion types (Proof see 506

Appendix F). Second, we trained our model in a 507

synthetic dataset to observe how the E is similar 508

to the ground truth implicit causes distributions. 509

Note that although human evaluation labels are 510

better for proving the reasonable performance, it 511

is intractable to assess implicit causes due to their 512

unobservability. So we create a synthetic dataset 513

given a set of fixed i.i.d. implicit causes. 514

In Table 6, we reported the overall results of 515

E in ERC task. Among five skeletons and four 516

datasets, almost all results achieve 90% scores of 517

corresponding performances of Ĥ , which indicates 518

that E is practically aligned with Ĥ in the affective 519

dimension. Furthermore, Figure 4 (a-b) shows the 520
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(a) without noise (b) with noise

Figure 4: Visualization of E (upper subfigures) and
implicit causes (lower subfigures) with colors in the
simulated datasets. The gray cluster means padding ut-
terances in each dialogue, the blue cluster corresponds
to the non-emotion utterances, and the red cluster corre-
sponds to emotion utterances.

projection of E and implicit causes, respectively,521

using t-SNE (Knyazev et al., 2019) on the synthetic522

dataset without and with noise ξ. We observe that523

E and implicit causes are similarly clustered into524

three parts. E is consistent with the implicit causes525

in the samples with or without noise through the526

distribution properties and independence. The re-527

sults indicate that E successfully learns the implicit528

causes.529

5.7 Case analysis (RQ3)530

We also concern how E improves the model per-531

formance, especially in dialogue samples with dif-532

ferent causal models. So we show the adjacent533

matrices of our model and current SOTA methods534

in Appendix E and conduct the case analysis to vi-535

sualize and investigate the effect of E in Appendix536

G. Appendix E shows that our model can more537

freely explore the relationship between different ut-538

terances via adjacent matrices shifting rather than539

being limited to a fixed structure (i.e., attention540

module). Besides, Appendix G demonstrates that541

our model has significant improvement in three542

causal models while failing in the causal model543

under the presence of confounders (we discuss this544

limitation in section 5.8).545

5.8 Results and Discussions546

Extrinsic evaluation: In Tables 3 and 4, CAE547

outperforms the SOTA work by 3.84% in ERC548

task, 2.81% in ECPE task, and 2.02% in ECSR549

task respectively. Moreover, Table 5 demonstrates550

that the decoder and the auxiliary loss function551

contributes more than other components (3.09%552

and 1.89% average decrease in ablation).553

Intrinsic evaluation: To justify E is the implicit 554

causes we need, We theoretically estimate the con- 555

sistency of implicit causes and utterances in emo- 556

tional embedding, and Table 6 practically provides 557

that E satisfies this estimation. Besides, Figure 4 558

shows the E and implicit causes are highly similar 559

in low-dimension projection. Moreover, Appendix 560

E and G show the visualization and case anlaysis 561

about how implicit causes improve model training 562

and performance. 563

Nevertheless, we detailed limitations as follows: 564

GNN-based model: To ameliorate the non- 565

sampling of conversation datasets, we proposed 566

cogn skeleton and designed a GNN-based CAE to 567

learn it. However, some intractable issues exist: (i) 568

CAE can not apply to all Recurrence-based Meth- 569

ods because GNN can not process the sequential 570

information. (ii) CAE needs some plug-in tech- 571

nologies (i.e., RNN module) to satisfy the complex 572

prior knowledge (i.e., Hypothesis 6). 573

Confounder: In Tables 3, 4, and 6, skeletons 574

II, III, and IV generally lag far behind V and VI. 575

This unsatisfactory performance of these skeletons 576

indicates that excessive adding-edge leads to se- 577

rious confounders. Although V and VI alleviate 578

introducing confounders, they lose some practical 579

information due to reducing edges. Therefore, pro- 580

cessing confounders in the neural network plays an 581

indispensable role in CACD. 582

6 Conclusion 583

We have addressed the problem of affective causal 584

discovery in conversation and proposed CACD, 585

a novel causal discovery method containing two 586

steps, CSE and CDI. First, we proposed a cogn 587

skeleton in the CSE to avoid non-sampling and 588

variable-length unstructured conversation cases. In 589

the CDI, we proposed CAE, a simple but broadly 590

applicable GNN-based model, reasoning the sub- 591

stitute for implicit causes and returning favor- 592

able causal representation for downstream affec- 593

tive tasks. Further, we detailed our comprehensive, 594

empirical experiments for extrinsic and intrinsic 595

evaluation on seven datasets. From the expected 596

results, we thus argue that CACD is our de facto 597

need for affective reasoning in conversation, which 598

deserves more future research. In future work, we 599

will focus on how to represent and handle the con- 600

founder by designing a more effective model. 601
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A Datasets905

DailyDialog (Li et al., 2017): A Human-written906

dialogs dataset with 7 emotion labels (neutral, hap-907

piness, surprise, sadness, anger, disgust, and fear).908

We follow Shen et al. (2021b) to regard utterance909

turns as speaker turns.910

MELD (Poria et al., 2019): A multimodel ERC911

dataset with 7 emotion labels as the same as Daily-912

Dialog.913

EmoryNLP (Zahiri and Choi, 2018): A TV914

show scripts dataset with 7 emotion labels (neu-915

tral, sad, mad, scared, powerful, peaceful, joyful).916

IEMOCAP (Busso et al., 2008): A multimodel917

ERC dataset with 9 emotion labels (neutral, happy,918

sad, angry, frustrated, excited, surprised, disap-919

pointed, and fear). However, models in ERC field920

are often evaluated on samples with first six emo-921

tions due to the too few samples of latter three922

emotions. 20 dialogues for validation set is follow-923

ing Shen et al. (2021b).924

RECCON (Poria et al., 2021): The first dataset925

for emotion cause recognition of conversation in-926

cluding RECCON-DD and RECCON-IE (emu-927

lating an out-of-distribution generalization test).928

RECCON-DD includes 5380 labeled ECPs and929

5 cause spans (no-context, inter-personal, self-930

contagion, hybrid, and latent).931

Synthetic dataset: We create a synthetic dataset932

by following the benchmark of the causal discovery933

field (Agrawal et al., 2021; Squires et al., 2022). To934

minimize sample bias, we did not randomly draw935

causal graphs as samples. Inversely, the number936

of samples in the synthetic dataset and the number937

of utterances and labels per sample are restricted938

to be consistent with RECCON. We use Causal939

Additive Models (CAMs), Specifically SCM struc-940

ture for our datasets. As shown in Algorithm 1,941

first, we assume that each i.i.d. implicit causes942

E ∼ ∥50N (1, 1) if it is an emotion utterance in the943

original dataset, and E ∼ ∥50N (−1, 1) if it not.944

Then, we update each utterance via speaker turns S:945

if there is a emotion-cause pair (Ui, Uj) ∈ L, then946

Ui = αj,iUj + Ei (αj,i ∼ Unifrom([0.7, 1])),947

and for those pairs without emotion-cause label,948

αj,i ∼ Unifrom([0, 0.3]). Finally, we randomly949

select a noise ξ ∼ Unifrom([−0.25, 0.25]) for950

each utterance Ui = Ui + ξi.951

Algorithm 1: Creating Non-noise Syn-
thetic dataset
Input: D, S, L
Output: SCMD

1 forall i ∈ 2, 3, . . . , S do
2 if Emotion(Ui) then
3 Ei ∼ ∥50N (1, 1)

4 else
5 Ei ∼ ∥50N (−1, 1)
6 Ui ← Ei

7 forall i ∈ 1, 2, 3, . . . , S do
8 forall j ∈ 1, 2, . . . , i do
9 if (Ui, Uj) ∈ L then

10 Ui = αj,iUj + Ei(αj,i ∼
Unifrom([0.7, 1]))

11 else
12 Ui = αj,iUj + Ei(αj,i ∼

Unifrom([0, 0.3]))

13 SCMD ← U1, U2, . . . , US return SCMD

B Implementation Details 952

In the word embedding, we adopt the affect- 953

based pre-trained features2 proposed by Shen et al. 954

(2021b) for all baselines and models. 955

Although there are different pre-trained mod- 956

els in these skeleton baselines, the SOTA work 957

DAG-ERC and EGAT have investigated their per- 958

formances in a consistent pre-trained model. There- 959

fore, for a fair and direct comparison, we continue 960

this benchmark using the pre-trained embedding 961

published by DAG-ERC for three tasks. 962

In the hyper-parameters, we follow the setting 963

of Shen et al. (2021b) in the ERC task. Moreover, 964

in the ECPE and ECSR, the learning rate is set to 965

3e-5, batch size is set to 32, and epoch is set to 60. 966

Further in CAE, we set L to 1, and implicit cause 967

size is set to 192, hidden size of GNN is set to 300, 968

and dropout rate is 0.3. 969

Meanwhile, because there is only one training 970

dataset for ECPE and ECSR, we evaluated our 971

method ten times with different data splits by fol- 972

lowing Chen et al. (2022) and then performed 973

paired sample t-test on the experimental results. 974

Finally, we adopted downstream task modules 975

consistent with the SOTA baselines: Wei et al. 976

2https://drive.google.com/file/d/1R5K_
2PlZ3p3RFQ1Ycgmo3TgxvYBzptQG/view?usp=
sharing
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Figure 5: Further layers L and related node number K
with VI skeleton CAE model in ECPE task.

(2020) in ECPE and ECSR, and Shen et al.977

(2021b)for the ERC task.978

For evaluation metrics, we follow Shen et al.979

(2021b) towards ERC, Xia and Ding (2019) to-980

wards ECPE, and Poria et al. (2021) towards ECSR.981

Specifically, we adopt the macro F1 score in ECPE982

and ECSR tasks, micro F1 score for DailyDialog,983

and macro F1 score for the other three datasets in984

ERC task.985

C Sensitivity Analysis986

In this section, we investigate how the number of987

layers and the variants of causal skeletons would988

affect the performance of CAE. So we further con-989

ducted several contrasts with k up to 5 and L up990

to 6, as shown in Figure 5. One observation is that991

the best performance occurs at either k = 1, 2, or992

3, which indicates that k ⩾ 4 offers no advantage993

and even leads to confounding. Moreover, L = 1994

achieves the best performance under all k values.995

In other words, one layer is sufficient to yield the996

most effective implicit causes.997

D Algorithms for 6 Skeletons998

A cogn skeleton is denoted by H = (V, E ,M).999

The V = U1, U2, U3, ..., UN represents a set1000

of utterances in a conversation, and the edge1001

(i, j,mi,j) ∈ E denotes the influence from Ui to1002

Uj , where mi,j ∈ M is the type of the edge de-1003

pending on whether Ui and Uj belong to one and1004

the same speaker. ThusM = 0, 1, where 1 for that1005

they are the same speaker and 0 for different. Then1006

we denote the speaker type of Ui by a function1007

p(Ui). At last, we show the process of building 61008

cogn skeletons in Algorithms 1− 6.1009

Finally, in Figure 6, we show the adjacency ma-1010

trix of each cogn skeleton by inputting a binary al-1011

ternating conversation case with 6 utterances. But1012

note that adjacency can not indicate all the dif-1013

Algorithm 2: Buliding I cogn skeleton
Input: D, p(·), k
Output: H = (V, E)

1 V ← U1, U2, U3, ..., UN

2 E ← ∅
3 forall i ∈ 2, 3, . . . , N − 1 do
4 E ← E ∪ (i, i+ 1)

5 returnH = (V, E)

Algorithm 3: Buliding II cogn skeleton
Input: D, p(·), k
Output: H = (V, E)

1 V ← U1, U2, U3, ..., UN

2 E ← ∅
3 forall i ∈ 2, 3, . . . , N do
4 forall j ∈ 2, 3, . . . , N do
5 if i! = j then
6 E ← E ∪ (j, i)

7 else
8 Continue

9 returnH = (V, E)

Algorithm 4: Buliding III cogn skeleton
Input: D, p(·), k
Output: H = (V, E ,M)

1 V ← U1, U2, U3, ..., UN

2 E ← ∅
3 M← 0, 1
4 forall i ∈ 2, 3, . . . , N do
5 forall j ∈ 2, 3, . . . , N do
6 if p(Uj) = p(Ui) and i! = j then
7 E ← E ∪ (j, i, 1)

8 else if p(Uj)! = p(Ui) and i! = j
then

9 E ← E ∪ (j, i, 0)

10 else
11 Continue

12 returnH = (V, E ,M)
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Figure 6: Adjacency matrices towards 6 cogn skeletons when k = 2. (i, j) ̸= None represents that Ui is influenced
by Uj .

Algorithm 5: Buliding IV cogn skeleton
Input: D, p(·), k
Output: H = (V, E ,M)

1 V ← U1, U2, U3, ..., UN

2 E ← ∅
3 M← 0, 1
4 forall i ∈ 2, 3, . . . , N do
5 forall j ∈ 2, 3, . . . , N do
6 if p(Uj) = p(Ui) and

0 < |i− j| < k then
7 E ← E ∪ (j, i, 1)

8 else if p(Uj)! = p(Ui) and
0 < |i− j| < k then

9 E ← E ∪ (j, i, 0)

10 else
11 Continue

12 returnH = (V, E ,M)

Algorithm 6: Buliding V cogn skeleton
Input: D, p(·), k
Output: H = (V, E ,M)

1 V ← U1, U2, U3, ..., UN

2 E ← ∅
3 M← 0, 1
4 forall i ∈ 2, 3, . . . , N do
5 γ ← i− 1
6 if p(Uγ) = p(Ui) then
7 E ← E ∪ (γ, i, 1)

8 else
9 E ← E ∪ (γ, i, 0)

10 γ ← γ − 1

11 returnH = (V, E ,M)

Algorithm 7: Buliding VI cogn skeleton
Input: D, p(·), k
Output: H = (V, E ,M)

1 V ← U1, U2, U3, ..., UN

2 E ← ∅
3 M← 0, 1
4 forall i ∈ 2, 3, . . . , N do
5 c← 0
6 γ ← i− 1
7 while γ > 0 and c < k do
8 if p(Uγ) = p(Ui) then
9 E ← E ∪ (γ, i, 1)

10 c← c+ 1

11 else
12 E ← E ∪ (γ, i, 0)

13 γ ← γ − 1

14 returnH = (V, E ,M)

ferences among these skeletons, for example, Hy- 1014

pothesis 6 takes effect when the model learns the 1015

relationship based on the VI skeleton. 1016

E Visualization of Causal Graph 1017

In the Figure 8 to 12, we showed the Visualization 1018

of the adjacency matrix (I − AT )−1. When the 1019

auxiliary loss LossKL achieves the lower bound, 1020

(I −AT )−1 represents the relationship matrix be- 1021

tween utterances and implicit causes. 1022

In the ECPE task, we extracted 10 samples from 1023

test sets in different folds. To facilitate compari- 1024

son and contrasting, we selected five 7-utterances 1025

cases and five 8-utterances cases. The IDs are as 1026

following: 1027

7-utterances cases: 110, 170, 224, 372, 500. 1028

8-utterances cases: 62, 74, 104, 177, 584. 1029

To obtain the non-negative value, we adopted 1030

the T = sigmoid(·)− 0.05 to process the original 1031

tensors (I − AT )−1 outputted from the encoder. 1032

We follow a common practice: set the threshold 1033
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as 0.05 to delete some unimportant edges. And1034

to highlight which implicit cause contributes the1035

each utterance best, we adopted the sofmax(·) to1036

process columns afterward and labeled the block1037

with value > 0.1038

It is excepted that: (i) when skeletons construct1039

overage edges, our model is able to degrade the1040

influences of some negligible utterances by delet-1041

ing the corresponding edges from their implicit1042

causes. (ii) when skeletons construct insufficient1043

edges, our model can add some edges to obtain1044

more information.1045

F Case Analysis1046

We want to investigate how the implicit causes E in-1047

fluence the evaluation, which could help to explain1048

implicit causes. From the causal analysis view, we1049

observed four causal models about two utterances,1050

Ui and Uj , and their corresponding implicit causes,1051

Ei and Ej , shown in Figure 7.1052

The first model is that the ground truth (emotion,1053

cause) label is (j, j) (the same utterance), while1054

the baseline model outputs the incorrect prediction1055

result (j, i). In the SCM model, Ei and Ej do1056

not have a direct influence, so there is no spuri-1057

ous correlation between Ui and Uj . In evaluation1058

statistics, the precision of the pairs whose emo-1059

tion and cause belong to the same utterance has a1060

significant difference between CAE and Baseline.1061

CAE has a higher precision (4.6% improvement)1062

than Baseline, demonstrating that CAE can correct1063

some spurious relationships in these cases.1064

The second model is that the ground truth (emo-1065

tion, cause) label is (j, i) (the different utterances),1066

and the baseline model outputs the true prediction1067

result (j, i). In the SCM model, Ej directly causes1068

by Ei, so there is a backdoor path (Pearl, 2009)1069

Ui←Ei→Ej→Uj . In evaluation statistics, the1070

precision of the pairs whose emotion and cause1071

belong to the different utterances performs simi-1072

larly between CAE and Baseline. However, CAE1073

has a higher precision (1.8% improvement) than1074

Baseline, demonstrating that CAE can not break1075

down the right relationship in these cases.1076

The third model is similar to the Second model,1077

while there is no ground truth label about Uj be-1078

cause Uj is not an emotion utterance. However, due1079

to the backdoor path Ui←Ei←Ej→Uj , Baseline1080

learns a wrong emotion-cause relationship (j, i).1081

In evaluation statistics, the recall of the pairs with1082

Uj being not an emotion utterance performs differ-1083

ently between CAE and Baseline. CAE has better 1084

performance (3.3% improvement) than Baseline, 1085

demonstrating that CAE enables the recognition of 1086

emotion utterance because implicit causes are the 1087

replacement of emotion desires. 1088

The fourth model is the confounder we men- 1089

tioned in 5.8. With only utterances and implicit 1090

causes, the SCM can not handle this trouble. 1091

Specifically, baseline outputs a wrong pair (j, i) 1092

when the Uj is an emotion utterance while Ui is 1093

not its cause utterance. This trouble often repre- 1094

sents a common implicit cause (in Figure 7, we use 1095

= to stand for it) between Uj and Ui, which leads 1096

to a backdoor path Ui←Ei=Ej→Uj . Therefore, 1097

CAE could learn two conclusions: i) Ui and Ui are 1098

causally related, and ii)Uj is an emotion utterance. 1099

We investigated the recall of these pairs and found 1100

that CAE indeed can not have a better performance 1101

than baseline. 1102

These four models and evaluation statistics are 1103

consistent, demonstrating that implicit causes E 1104

computed by SCM and CAE are the expected re- 1105

placement. 1106

G Proof of emotional consistency of 1107

implicit causes and utterances 1108

We want to explain why implicit causes and utter- 1109

ances are consistent in emotion from both theory 1110

and euqation. 1111

We define the implicit causes as the unobserv- 1112

able emotional desire and the utterances as the ob- 1113

servable emotional expression. This definition is 1114

proposed in Ong et al. (2019, 2015), which also 1115

argues that emotional expression is affected by de- 1116

sires and event outcomes. Moreover, the desire 1117

and the expression generally belong to the same 1118

emotion because the outcomes often have little ef- 1119

fect on emotional expression. Our paper can also 1120

deduce this conclusion from the SCM (Equation 1). 1121

Considering there is a linear map f(·) from rep- 1122

resentation space to emotion space. Then we can 1123

obtain the following: 1124

f((I −A)U) = f(E) (12) 1125

(I −A)f(U) = f(E) (13) 1126

f(U) = W T f(E) (14) 1127

Note that W = (I − A) and Ai,i = 0. So in 1128

W , the value of the elements on the diagonal is 1129
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Figure 7: Four causal models and corresponding evaluation results between baseline and CAE. Based on cross
validation, there are 3203 pairs whose emotion and cause are the same utterance and 3291 pairs whose emotion and
cause are different utterances. Baseline is DAG-ERC in ECPE task. F1 score is 69.5%, the number of all predicted
pairs is 6511 (true pairs 4513 and false pairs 1998). CAE is VI in ECPE task. F1 score is 72.7%, the number of all
predicted pairs is 6565 (true pairs 4720 and false pairs 1845).

constant at 1 and is a constant maximum of each1130

column. Naturally, f(E) is an approximate es-1131

timate of f(U), which is why we think implicit1132

causes are reasonable when the F1 score of Table 61133

is high.1134
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 Sample Id:110  Sample Id:170  Sample Id:224  Sample Id:372  Sample Id:500

DialogXL

Ui: utterance

CAE (II)

Ui: utterance

Ei: implicit cause

 Sample Id:62  Sample Id:74  Sample Id:104  Sample Id:177  Sample Id:584

DialogXL

Ui: utterance

CAE (II)

Ui: utterance

Ei: implicit cause

Figure 8: Causal Graph cases of DialogXL and CAE (II).

 Sample Id:110  Sample Id:170  Sample Id:224  Sample Id:372  Sample Id:500

EGAT

Ui: utterance

CAE (III)

Ui: utterance

Ei: implicit cause

 Sample Id:62  Sample Id:74  Sample Id:104  Sample Id:177  Sample Id:584

EGAT

Ui: utterance

CAE (III)

Ui: utterance

Ei: implicit cause

Figure 9: Causal Graph cases of EGAT and CAE (III).
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 Sample Id:110  Sample Id:170  Sample Id:224  Sample Id:372  Sample Id:500

RGAT

Ui: utterance

CAE (IV)

Ui: utterance

Ei: implicit cause

 Sample Id:62  Sample Id:74  Sample Id:104  Sample Id:177  Sample Id:584

RGAT

Ui: utterance

CAE (IV)

Ui: utterance

Ei: implicit cause

Figure 10: Causal Graph cases of RGAT and CAE (IV).

 Sample Id:110  Sample Id:170  Sample Id:224  Sample Id:372  Sample Id:500

DECN

Ui: utterance

CAE (V)

Ui: utterance

Ei: implicit cause

 Sample Id:62  Sample Id:74  Sample Id:104  Sample Id:177  Sample Id:584

DECN

Ui: utterance

CAE (V)

Ui: utterance

Ei: implicit cause

Figure 11: Causal Graph cases of DECN and CAE (V).
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 Sample Id:110  Sample Id:170  Sample Id:224  Sample Id:372  Sample Id:500

DAG-ERC

Ui: utterance

CAE (VI)

Ui: utterance

Ei: implicit cause

 Sample Id:62  Sample Id:74  Sample Id:104  Sample Id:177  Sample Id:584

DAG-ERC

Ui: utterance

CAE (VI)

Ui: utterance

Ei: implicit cause

Figure 12: Causal Graph cases of DAG-ERC and CAE (VI).
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