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Abstract001

Multimodal Emotion Recognition (MER) often002
suffers from missing modalities in real-world003
scenarios due to sensor malfunctions, asyn-004
chronous signals, or degraded inputs. While re-005
cent studies have explored modality reconstruc-006
tion to alleviate this issue, most existing meth-007
ods rely heavily on dominant co-occurrence008
patterns in contextual information, which may009
induce spurious correlations and lead to bi-010
ased reconstruction results under incomplete011
modalities. To address this limitation, we012
introduce a causality-aware perspective into013
missing-modality emotion recognition. Specifi-014
cally, we propose a Causal-Aware Reconstruc-015
tion Network that explicitly models causal cues016
from conversation history based on the Causal-017
Cue Encoder to guide the reconstruction pro-018
cess, rather than relying solely on surface-level019
correlations. Moreover, we design a Granger020
causality–inspired self-supervised constraint to021
effectively capture and leverage causal depen-022
dencies within multimodal contexts. Exten-023
sive experiments on two benchmark datasets024
demonstrate that our method outperforms exist-025
ing methods under incomplete modalities.026

1 Introduction027

Multimodal emotion recognition with missing028

modalities focuses on real-world scenarios where029

multimodal inputs are incomplete, such as de-030

vice malfunctions (Vazquez-Rodriguez et al., 2023;031

Song et al., 2022), asynchronous signals (Shen032

et al., 2020; Lin et al., 2023), or low-quality inputs.033

Given the high prevalence of modality absence in034

practical multimodal systems, this problem has be-035

come a key and rapidly growing research direction036

in the field of affective computing (Tellamekala037

et al., 2023; Yuan et al., 2023; Luo et al., 2023).038

To address missing-modality challenges, exten-039

sive efforts have been made with notable progress040

(Tran et al., 2017; Cai et al., 2018; Du et al., 2018;041

Yuan et al., 2021). Most existing methods follow042

  #1 We've been really
busy lately.

  #2 Yeah, things have
been pretty hectic these
days.

#3 The manager just
told us the project was
approved early!

  #4 Oh, that's such a
relief!

P(Stressed | busy, pretty hectic) 

>> P(Relief | busy, pretty hectic)

Missing

a) Maximum likelihood–based
methods with missing modalities

The P(Stressed | busy,
pretty hectic) is large, so the
missing emotion will be
Stressed.

The "approved early" is
a causal cue, so the missing
emotion will be Relief.

b)  Our proposed causality-based
methods with missing modalities

Figure 1: The sample about the spurious correlations.
P (· | busy, pretty hectic) denotes the co-occurrence
probability under the given context, where treating high-
frequency co-occurrences as causal evidence may in-
duce spurious correlations. a) Conventional maximum
likelihood–based methods are interfered with by spu-
rious correlations and therefore reconstruct incorrect
information. b) In contrast, our causality-based method
is able to correctly reconstruct the missing information.

a reconstruction-based paradigm, where available 043

modalities are used to recover missing ones via 044

generative models such as AutoEncoders, VAEs, 045

GANs, and diffusion models (Zhao et al., 2021; 046

Du et al., 2018; Wang et al., 2018, 2024). The re- 047

constructed modalities are then fused to learn joint 048

representations for emotion recognition. To fur- 049

ther enhance reconstruction quality, some studies 050

incorporate additional contextual information as 051

auxiliary cues, improving robustness under modal- 052

ity absence (Lian et al., 2023). 053

Nevertheless, the potential spurious correlations 054

embedded in contextual information can easily in- 055

terfere with the missing modality reconstruction 056

process and further degrade the performance of 057

downstream emotion recognition. Spurious corre- 058

lations refer to statistically induced dependencies 059

arising from frequent co-occurrences in contextual 060

information (e.g., repeated utterances, words, or 061

expressions), which exhibit high correlations at the 062
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data level but fail to reflect the true causal mecha-063

nisms underlying target representation generation064

stably (Chen et al., 2024; Yang et al., 2024). As065

illustrated in Figure 1-(a), under a busy-work back-066

ground where utterances such as "busy“ and "pretty067

hectic“ frequently co-occur with "stress“, maxi-068

mum likelihood–based reconstruction (such as AE,069

GAN, VAE) tends to favor the dominant response070

pattern with a high conditional probability. Con-071

sequently, when the target emotion is missing, the072

model is biased toward generating a "stressed“ re-073

sponse.074

Addressing spurious correlations requires uncov-075

ering more reliable relationships beyond surface-076

level co-occurrences in conversations. Motivated077

by causal inference (Pearl, 2009a, 2010), we ar-078

gue that causal relationships within conversation079

history provide more stable guidance for missing-080

modality reconstruction than purely correlational081

cues. Based on this insight, we propose a Causal-082

Aware Reconstruction Network (CARN). Specif-083

ically, we first design a Causal-Cue Feature En-084

coder module centered on a causal attention mech-085

anism. By masking future context and sparsifying086

attention weights, the model is constrained to at-087

tend only to historical information that is causally088

related to the current content. At the same time,089

the extracted causal cues are explicitly injected090

into modality-specific representations, thereby sup-091

pressing the interference of spurious correlations in092

both missing-modality reconstruction and emotion093

prediction. Furthermore, to strengthen the model’s094

capability of perceiving and modeling causal cues,095

we introduce a Causal Self-Supervised Loss based096

on Granger-causality, which supervises the causal-097

parent distribution derived from Granger aggrega-098

tion to align with the causal attention selection.099

This objective provides effective regularization and100

training guidance for the Causal-Cue Feature En-101

coder module. In summary, the main contributions102

of this work are as follows:103

• We propose a Causal-Aware Reconstruction104

Network that explicitly encodes causal cues105

from historical context and incorporates them106

into fused representations, therefore mitigat-107

ing the impact of spurious correlations in con-108

versation history on both modality reconstruc-109

tion and emotion prediction, and improving110

model robustness and interpretability.111

• We introduce a self-supervised constraint112

based on Granger causality that simultane-113

ously constrains both causal attention and 114

causal cues, therefore enhancing the model’s 115

ability to learn and capture causal dependen- 116

cies effectively. 117

• Extensive experiments on benchmark datasets 118

across six missing-modality scenarios demon- 119

strate that our framework substantially outper- 120

forms existing models. 121

2 Related Work 122

2.1 Causal Inference 123

Causal inference is a statistical framework that 124

aims to model and reveal the causal dependencies 125

among different factors, thereby identifying the 126

underlying causes of observed outcomes (Pearl, 127

2009a; Rubin, 2005; Pearl, 2010; Pearl et al., 2016; 128

Yang et al., 2024). Classical frameworks, such as 129

Rubin’s causal model (Rubin, 2005) and Pearl’s 130

structural causal model (SCM) (Pearl, 2009b), for- 131

malize causality through interventions and counter- 132

factual reasoning to estimate causal effects among 133

predefined variables (Yang et al., 2021). As the 134

scope of causal modeling expands to complex data 135

domains such as vision, language, and multimodal 136

learning, observations are often high-dimensional 137

and entangled, making traditional causal models 138

with explicitly predefined variables less directly 139

applicable. This has naturally led to the devel- 140

opment of causal representation learning (CRL), 141

which aims to recover latent causal factors and their 142

relationships from high-dimensional observations, 143

rather than learning representations that merely re- 144

flect statistical correlations (Shen et al., 2022; Yao 145

et al., 2024; Buchholz et al., 2023). 146

From the perspective of CRL, we propose to 147

capture causal cues from conversation history us- 148

ing a sparse attention matrix, and further integrate 149

these cues into the missing-modality reconstruction 150

process. This design mitigates the interference of 151

spurious correlations in missing-modality recon- 152

struction, while enhancing both the robustness and 153

interpretability of the reconstructed results. 154

2.2 Self-supervised Learning 155

Self-supervised learning aims to exploit intrinsic 156

supervisory signals from data itself to learn mean- 157

ingful representations without relying on explicit 158

annotations (Doersch et al., 2015; Gui et al., 2024). 159

Among various self-supervised paradigms, con- 160

trastive learning has emerged as one of the most 161

powerful and widely adopted approaches in recent 162
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years (Liu et al., 2024a; Jia and Liu, 2025; Liu et al.,163

2025). The central idea is to pull semantically simi-164

lar samples closer while pushing dissimilar samples165

apart in the embedding space (Chen et al., 2020;166

He et al., 2020; Zhang and Stratos, 2021; Pan et al.,167

2021). This framework was later extended to mul-168

timodal settings, where contrastive alignment be-169

tween different modalities enabled models to cap-170

ture cross-modal semantics effectively (Wang et al.,171

2023; Zhou et al., 2024; Song et al., 2024; Dufu-172

mier et al., 2025), enhance feature discriminability173

and improve robustness under noisy or imbalanced174

conditions (Tu et al., 2023; Hu et al., 2023; Yang175

et al., 2023).176

Despite their effectiveness, existing contrastive177

learning approaches predominantly focus on178

correlation-based representation learning. In con-179

trast, our work extends contrastive learning beyond180

correlational alignment by integrating Granger181

causality to capture contextual causal cues, thereby182

improving the interpretability and robustness of183

missing-modality reconstruction.184

3 Methodology185

3.1 Architecture Overview186

As illustrated in Figure 2, our CARN framework187

consists of four main components: 1) Causal-Cue188

based Feature Encoder (CCE), 2) Feature Fu-189

sion, 3) Reconstruction Decoder, and 4) Clas-190

sifier. The Causal-Cue based Feature Encoder191

(Figure 2-a) is first explicitly models intra-modality192

causal dependencies from historical context by193

leveraging sparse causal attention and further in-194

tegrates into modality-specific representations to195

suppress spurious correlations during feature en-196

coding. Afterthat, the causally enhanced modal-197

ity features are fed into the Feature Fusion mod-198

ule (Figure 2-b) to generate a joint representation,199

which is simultaneously utilized by a Classifier for200

emotion prediction and a Reconstruction Decoder201

for recovering missing modality features. To fur-202

ther regularize causal cue learning, we introduce203

a Causal Self-Supervised Loss based on Granger204

causality (Figure 2-c), which encourages the model205

to identify compact and meaningful causal parents206

across modalities.207

3.2 Causal-aware Reconstruction208

3.2.1 Causal-Cue based Feature Encoder209

The Causal-Cue based Feature Encoder module210

is the core component of CARN. It introduces a211

causal attention mechanism to model causal cues 212

within each modality based on historical informa- 213

tion. Notably, to encode modality-specific causal 214

information, we design an independent causal fea- 215

ture encoding channel for each modality. 216

As illustrated in Figure 2-a, given an arbitrary 217

modality input xm ∈ RT×dm , where m ∈ {a, t, v}, 218

we first compute its causal attention matrix. Specif- 219

ically, we start by calculating the attention scores 220

for xm: 221

Sm =
QmK⊤

m√
dm

∈ RT×T , (1) 222

where Qm = xmWQ, Km = xmWK , and WQ, 223

WK denote the query and key projection matrices, 224

respectively. In contrast to vanilla attention, we 225

define a causal mask M ∈ 0, 1T×T and apply it to 226

the attention scores to restrict the attention scope. 227

This masking operation encourages the model to 228

focus on causal relationships within historical in- 229

formation: 230

M ij
m =

{
1, if i ≥ j,

0, if i < j.
(2) 231

S̄ij
m =

{
Sij
m, if M ij

m = 1,

−∞, if M ij
m = 0.

(3) 232

where M ij
m = 1 indicates that time step i is allowed 233

to attend to time step j, while M ij
m = 0 prevents 234

any leakage of future information. S̄ij
m denote the 235

masked attention scores. Furthermore, we apply 236

Entmax-1.5 (Correia et al., 2019) to sparsify the 237

masked attention scores, encouraging the model to 238

focus on capturing potential causal dependencies 239

within historical information while suppressing ir- 240

relevant time steps: 241

P (i,j)
m = S̄(i,j)

m −maxj S̄
(i,j)
m , (4) 242

A(i,j)
m =

[
max(P

(i,j)
m − τm, 0)

]2∑
j

[
max(P

(i,j)
m − τm, 0)

]2 , (5) 243

where τm is the threshold parameter of Entmax and 244

Am denotes the sparsified causal attention matrix. 245

Based on the resulting causal attention distribu- 246

tion Am, we further compute the modality-specific 247

causal cue zm: 248

zm = AmVm, (6) 249

where Vm = xmWV , and WV denotes the value 250

projection matrix. 251
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Feature
Fusion

Classifier

 Reconstruction

Decoder


a) Causal-Cue based Feature Encoder

b) Feature Reconstruction and Emotion Classify

c) Causal Self-Supervised Loss

Acoustic Feature Textual Feature Visual Feature Missing Feature

G

Granger
AggregateGGated Residual 

Fusion

Figure 2: The overview of the Causal-Aware Reconstruction Network. a) The Causal-Cue-based Feature Encoder,
which captures causally informative representations within each modality under a causal attention mechanism. b)
The feature fusion, reconstruction, and emotion classifier modules, where multimodal causal features are integrated
to reconstruct missing modality representations and support emotion prediction. c) The computation pipeline of the
Causal Self-Supervised Loss

To better integrate causal cues with the original252

features, we introduce an adaptive gated fusion253

mechanism to fuse the original input xm with the254

causal cues zm. Specifically, we first compute a255

gating coefficient γm as:256

γm = σ
(
Wγ

m[xm; zm] + bγm
)
, (7)257

where [·; ·] denotes vector concatenation and σ(·)258

is the sigmoid activation function. We then adopt259

a gated residual fusion scheme to inject the causal260

features into xm:261

fm = LN
(
xm + γm ⊙ zm

)
, (8)262

where ⊙ denotes element-wise multiplication and263

LN(·) denotes Layer Normalization. Subsequently,264

fm is fed into a Transformer encoder EncT to ob-265

tain the latent representation:266

f l
m = EncT (fm). (9)267

3.2.2 Feature Fusion and Classifier268

Following prior work (Lian et al., 2023), we con-269

catenate the latent representations from different270

modalities to form a joint embedding:271

fjoint = [f l
a; f

l
t ; f

l
v]. (10)272

To enhance inter-modal interactions and improve273

information fusion, we further apply a nonlinear274

transformation to fjoint and introduce a residual275

connection between the transformed features and 276

the original joint representation: 277

fres = fjoint +ReLU(MLP(fjoint)). (11) 278

Finally, the fused representation is fed into a classi- 279

fication head to obtain the emotion prediction: 280

ŷ = Ecls(fres), (12) 281

where Ecls(·) denotes the emotion classifier. 282

3.2.3 Feature Reconstruction 283

The Feature Reconstruction module consists of a 284

Transformer encoder followed by an MLP layer. 285

Specifically, the fused representation fres is first 286

fed into the Transformer encoder, and the resulting 287

output is then mapped by an MLP to obtain: 288

x̂ = MLP
(
TransEnc(fres)

)
∈ Rda+dt+dt , (13) 289

where da = 512, dt = 1024, and dv = 1024 de- 290

note the feature dimensions of the acoustic, textual, 291

and visual modalities, respectively. Subsequently, 292

x̂ is split according to these modality-specific di- 293

mensions to obtain the reconstructed features for 294

each modality: 295

x̂a, x̂t, x̂v = Split(x̂). (14) 296

3.3 Causal Self-Supervised Loss 297

To further regularize the learning of causal cues, 298

we design a Causal Self-Supervised loss inspired 299
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by Granger-style causality (Shojaie and Fox, 2022).300

The core idea is to encourage each temporal repre-301

sentation within a modality to be predictable from302

its valid causal parents, while being distinguishable303

from non-parent contexts.304

As shown in Figure 2-c, taking the textual feature305

sequence xt ∈ RT×dt and the corresponding causal306

attention matrix At ∈ RT×T as an example, we307

first compute a context representation for each time308

step by aggregating its causal parents:309

ctxt[b, j, :] =
∑
i

At[b, i, j] · xt[b, i, :], (15)310

where At[b, i, j] denotes the attention weight from311

time step i (source) to time step j (target) in batch312

b. We then apply two projection networks, Ft(·)313

and Gt(·), to map the context representation and314

the target embedding into a shared latent space:315

pt = Ft(ctxt), gt = Gt(xt), (16)316

where pt is used to predict the current textual rep-317

resentation from its causal parents, and gt serves318

as the ground-truth embedding of the current time319

step. For training stability, the target embeddings320

gt are detached from the gradient flow. Finally, we321

flatten all valid temporal positions across the batch322

into N samples and construct an InfoNCE-style323

contrastive objective:324

LCSS
t = − 1

N

N∑
i=1

log
exp

(
(pit)

⊤git/τ
)∑N

j=1 exp
(
(pit)

⊤gjt /τ
) ,
(17)

325

where τ is a temperature hyperparameter control-326

ling the sharpness of the similarity distribution.327

In this formulation, each prediction derived from328

causal parents is encouraged to align with its corre-329

sponding ground-truth embedding (i.e., the positive330

pair), while embeddings from other time steps act331

as negative samples. Minimizing this objective332

enforces accurate prediction from causally aggre-333

gated context, thereby guiding the model to extract334

meaningful and stable causal cues.335

3.4 Training and Joint Optimization336

To ensure that each pipeline in CARN learns robust337

causal cues and emotion information, and can effec-338

tively recognize emotions under missing-modality339

conditions, we adopt a two-stage training strategy340

inspired by prior work (Zhao et al., 2021; Liu et al.,341

2024b; Xu et al., 2024).342

Stage 1: Training with full modalities. In 343

this stage, full-modality inputs (xa, xt, xv) are fed 344

into the causal-aware reconstruction network, en- 345

abling each pipeline to learn complete causal cues 346

(za, zt, zv) and latent representations (f l
a, f

l
t , f

l
v). 347

To supervise each modality in capturing emotion- 348

discriminative information, we introduce indepen- 349

dent emotion classification heads for each modality 350

and predict emotions using modality-specific fea- 351

tures. In addition, to ensure the quality of causal 352

cue learning, we incorporate causal self-supervised 353

losses into the CCE module of each pipeline, con- 354

straining the encoder to learn accurate causal re- 355

lationships. The training objective of this stage 356

jointly optimizes the emotion classification loss 357

L1
EMO and the causal self-supervised loss LCSS: 358

L1
total = L1

EMO + LCSS, (18) 359

360

L1
EMO =

∑
m∈{a,t,v}

CE
(
y, Ecls

m (f l
m)

)
, (19) 361

362

LCSS =
∑

m∈{a,t,v}

LCSS
m (xm, Am), (20) 363

where Ecls
m denotes the emotion classification head 364

for modality m, y is the ground-truth emotion label, 365

and CE(·) denotes the cross-entropy loss. 366

Stage 2: Training with missing modalities. 367

After Stage 1, the model has learned emotion- 368

discriminative representations and causal cues 369

across modalities. We then fine-tune the pretrained 370

model on modality-missing data to adapt it to 371

incomplete-modality scenarios. Accordingly, the 372

training objective in this stage consists of the emo- 373

tion recognition loss under missing-modality condi- 374

tions and the reconstruction loss for missing modal- 375

ities: 376

L2
total = L2

EMO + LREC, (21) 377
378

L2
EMO = CE(y, ŷ), (22) 379

380

LREC =
∑

m∈{a,t,v}

MSE(xm, x̂m), (23) 381

where LREC is the reconstruction loss based on the 382

mean squared error (MSE). 383

4 Experiments 384

4.1 Datasets and Metrics 385

To validate the effectiveness of our approach, we 386

conducted extensive experiments on two public 387

benchmark datasets: 388
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Dataset Model

Available Modality

a v t av at vt Average

WA UA WA UA WA UA WA UA WA UA WA UA WA UA

IEMOCAP

four-class

CRA 0.3756 0.2623 0.3801 0.2607 0.4732 0.3698 0.3758 0.2619 0.4817 0.3806 0.4755 0.3715 0.4270 0.3178

CPMNet 0.4685 0.5172 0.4495 0.4449 0.4563 0.4532 0.4867 0.4933 0.3481 0.3623 0.4562 0.4657 0.4442 0.4561

MMIN 0.5658 0.5900 0.5252 0.5060 0.6657 0.6802 0.6399 0.6343 0.7294 0.7114 0.7199 0.6843 0.6410 0.6344

GCNet 0.6095 0.6504 0.5652 0.5243 0.7421 0.6613 0.6455 0.6515 0.7721 0.7651 0.7505 0.7307 0.6808 0.6639

CIF-MMIN 0.5753 0.6006 0.5346 0.5156 0.6722 0.6899 0.6499 0.6353 0.7419 0.7259 0.7240 0.6991 0.6497 0.6444

MoMKE 0.6919 0.7043 0.5641 0.5226 0.7758 0.7790 0.6780 0.6490 0.7906 0.7979 0.7561 0.7459 0.7094 0.6998

CARN (ours) 0.7089 0.7142 0.5812 0.5323 0.7821 0.7856 0.6923 0.6747 0.8051 0.8125 0.7597 0.7507 0.7216 0.7117
δSOTA ↑0.0170 ↑0.0099 ↑0.0160 ↑0.0080 ↑0.0063 ↑0.0066 ↑0.0143 ↑0.0232 ↑0.0145 ↑0.0146 ↑0.0036 ↑0.0048 ↑0.0121∗ ↑0.0119∗

IEMOCAP

six-class

CRA 0.3142 0.4321 0.3121 0.1667 0.3357 0.2830 0.3146 0.1712 0.3367 0.2838 0.3398 0.2856 0.3255 0.2269

CPMNet 0.2947 0.2980 0.2620 0.2495 0.3244 0.3495 0.2692 0.2546 0.3349 0.3394 0.3134 0.3043 0.2998 0.2992

MMIN 0.4644 0.4302 0.3463 0.2962 0.4105 0.3536 0.4184 0.4056 0.5133 0.4743 0.4583 0.4021 0.4352 0.3937

GCNet 0.4911 0.4648 0.3971 0.3425 0.5676 0.5770 0.4551 0.4315 0.5834 0.5709 0.5743 0.5403 0.5114 0.4878

CIF-MMIN 0.4518 0.4438 0.3715 0.3248 0.4345 0.3886 0.4284 0.4293 0.5220 0.4873 0.4678 0.4233 0.4460 0.4162

MoMKE 0.5039 0.4746 0.3896 0.3388 0.6032 0.5952 0.4807 0.4499 0.6315 0.6193 0.5959 0.5659 0.5341 0.5073

CARN (ours) 0.5199 0.4887 0.3807 0.3490 0.6073 0.6119 0.4928 0.4648 0.6360 0.6274 0.5916 0.5681 0.5381 0.5183
δSOTA ↑0.0160 ↑0.0141 ↓-0.0164 ↑ 0.0065 ↑ 0.0041 ↑0.0167 ↑ 0.0121 ↑0.0149 ↑0.0045 ↑0.0081 ↓-0.0043 ↑0.0022 ↑0.0039 ↑0.0110 ∗

Dataset Model
a v t av at vt Average

WA F1 WA F1 WA F1 WA F1 WA F1 WA F1 WA F1

CMUMOSEI

CRA 0.5843 0.4321 0.5843 0.4310 0.7177 0.7108 0.5830 0.4310 0.7097 0.7042 0.7184 0.7101 0.6496 0.5699

CPMNet 0.6571 0.6518 0.6123 0.6173 0.7287 0.7244 0.6156 0.6199 0.7265 0.7224 0.6629 0.6684 0.6672 0.6674

MMIN 0.6429 0.5897 0.5878 0.5259 0.8272 0.8271 0.6341 0.5901 0.8299 0.8398 0.8470 0.8465 0.7282 0.7032

GCNet 0.6092 0.6040 0.6899 0.6654 0.8471 0.8443 0.7149 0.7067 0.8538 0.8524 0.8600 0.8596 0.7625 0.7554

CIF-MMIN 0.6732 0.6471 0.6408 0.6010 0.8376 0.8366 0.6471 0.6291 0.8486 0.8474 0.8536 0.8530 0.7502 0.7357

MoMKE 0.7256 0.7103 0.6632 0.6581 0.8646 0.8643 0.7237 0.7207 0.8632 0.8629 0.8690 0.8691 0.7849 0.7809

CARN (ours) 0.7226 0.7216 0.7014 0.6991 0.8665 0.8666 0.7232 0.7239 0.8657 0.8638 0.8718 0.8708 0.7919 0.7910
δSOTA ↓-0.0030 ↑0.0113 ↑0.0115 ↑0.0337 ↑0.0019 ↑0.0023 ↓-0.0005 ↑0.0032 ↑0.0025 ↑0.0009 ↑0.0028 ↑0.0017 ↑0.0070 ↑0.0101∗

Table 1: The performance comparison with state-of-the-art (SOTA) methods under six fixed missing-modality
conditions on two benchmark datasets. "Average“ denotes the mean performance of each model across all six
conditions. The best results on each dataset are highlighted in bold, while the second-best results are underlined.
The row labeled δSOTA reports the performance gain or loss of our model relative to the strongest baseline. ∗
indicates statistical significance with p < 0.05.

IEMOCAP (Busso et al., 2008) is a widely used389

multimodal emotion recognition dataset. It has390

often been used in previous works for four-class391

classification tasks (Happy, Sad, Neutral, Angry)392

(Zhao et al., 2021; Liu et al., 2024b) and six-class393

classification tasks (Happy, Angry, Sad, Neutral,394

Surprised, Fearful) (Mai et al., 2020; Lian et al.,395

2023). In this work, we incorporate both of them396

to evaluate our method against the baseline.397

CMU-MOSEI is a large-scale benchmark398

dataset for multimodal sentiment analysis, com-399

prising 22,856 video clips collected from YouTube,400

which are split into training, validation, and test sets401

containing 16,326, 1,871, and 4,659 samples, re-402

spectively. Following prior work (Xu et al., 2024),403

we frame the task as a binary sentiment classifi-404

cation problem, where utterances with sentiment405

polarity > 0 are labeled as positive, and those with406

polarity < 0 are labeled as negative.407

For the IEMOCAP dataset, we follow previous408

work (Xu et al., 2024) and use weighted accuracy409

(WA) and unweighted accuracy (UA) as evaluation410

metrics. For the CMU-MOSEI dataset, we use411

accuracy (Acc) and F1 score as evaluation metrics412

(Liu et al., 2024b). 413

4.2 Implementation Details 414

To evaluate the performance of our model and en- 415

sure a fair comparison, we perform experiments 416

using involved six missing modality combina- 417

tions (Lian et al., 2023; Xu et al., 2024): {a}, {t}, 418

{v}, {a, t}, {a, v}, and {t, v}, where ‘a’, ‘t’, and ‘v’ 419

represent the acoustic, textual, and visual modali- 420

ties, respectively. Each set indicates the modalities 421

available during inference. For instance, {a} means 422

that only the acoustic modality is available. To en- 423

sure fair comparison, we adopt publicly available 424

features from (Lian et al., 2023; Xu et al., 2024). 425

All models were trained for 200 epochs using the 426

Adam optimizer with a learning rate of 0.0001 and 427

a dropout rate of 0.5. To ensure the objectivity of 428

the experimental results, we conducted all experi- 429

ments three times and reported the average results. 430

4.3 Overall Comparisons 431

Table. 1 reports the performance comparison be- 432

tween our method and state-of-the-art (SOTA) base- 433

lines, including CRA (Tran et al., 2017), CPMNet 434

(Zhang et al., 2020), MMIN (Zhao et al., 2021), 435
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Dataset Model

Available Modality

a v t av at vt Average

WA UA WA UA WA UA WA UA WA UA WA UA WA UA

IEMOCAP

four-class

CARN (ours) 0.7089 0.7142 0.5812 0.5323 0.7821 0.7856 0.6923 0.6747 0.8051 0.8125 0.7597 0.7507 0.7216 0.7117
w/o CCE 0.6944 0.7059 0.5722 0.5251 0.7670 0.7758 0.6679 0.6442 0.7826 0.7888 0.7524 0.7428 0.7061 0.6971

w/o CSS 0.6988 0.7078 0.5672 0.5198 0.7603 0.7685 0.6835 0.6653 0.7896 0.7959 0.7292 0.7128 0.7048 0.6950

w/ MSE 0.6711 0.6674 0.5641 0.5468 0.7191 0.7193 0.6656 0.6567 0.7568 0.7573 0.7345 0.7346 0.6852 0.6803

w/ vanilla attention 0.6918 0.6875 0.5474 0.5213 0.7726 0.7714 0.6812 0.6749 0.8017 0.8006 0.7075 0.7007 0.7004 0.6927

IEMOCAP

six-class

CARN (ours) 0.5199 0.4887 0.3807 0.3490 0.6073 0.6119 0.4928 0.4648 0.6360 0.6274 0.5916 0.5681 0.5381 0.5183
w/o CCE 0.5164 0.4789 0.3654 0.3459 0.5918 0.5843 0.4630 0.4440 0.6264 0.6171 0.5687 0.5524 0.5220 0.5038

w/o CSS 0.4905 0.4785 0.3698 0.3347 0.5930 0.5870 0.4838 0.4585 0.6130 0.5994 0.5511 0.5304 0.5169 0.4981

w/ MSE 0.4918 0.4769 0.3682 0.3161 0.5619 0.5608 0.4712 0.4565 0.5966 0.5945 0.5278 0.517 0.5029 0.487

w/ vanilla attention 0.5158 0.4915 0.3654 0.3223 0.5969 0.5898 0.4904 0.4632 0.6325 0.6274 0.5242 0.5148 0.5236 0.5047

Dataset Model
a v t av at vt Average

WA F1 WA F1 WA F1 WA F1 WA F1 WA F1 WA F1

CMUMOSEI

CARN (ours) 0.7226 0.7216 0.7014 0.6991 0.8665 0.8666 0.7232 0.7239 0.8657 0.8638 0.8718 0.8708 0.7919 0.7910
w/o CCE 0.7200 0.7151 0.6855 0.6825 0.8613 0.8604 0.7289 0.7159 0.8643 0.8639 0.8404 0.8385 0.7834 0.7794

w/o CSS 0.7165 0.7128 0.6932 0.6904 0.8598 0.8590 0.7177 0.7157 0.8652 0.8646 0.8690 0.8689 0.7869 0.7852

w/ MSE 0.6907 0.6891 0.6802 0.6708 0.8407 0.8414 0.6783 0.6786 0.8437 0.8431 0.8423 0.8425 0.7626 0.7609

w/ vanilla attention 0.6775 0.6759 0.6723 0.6649 0.844 0.8439 0.6868 0.6795 0.8487 0.8476 0.8473 0.8468 0.7628 0.7598

Table 2: The performance of the ablation experiments under six missing conditions.

GCNet (Lian et al., 2023), CIF-MMIN (Liu et al.,436

2024b), and MoMKE (Xu et al., 2024), under six437

fixed missing-modality conditions. Overall, our438

method achieves the best average performance on439

all three benchmarks. Across experiments on both440

datasets, our method outperforms MoMKE by ap-441

proximately 1% on average, and most of the im-442

provements are statistically significant (p < 0.05).443

It is worth noting that our method achieves sig-444

nificant improvements over GCNet. GCNet lever-445

ages two graph-based modules to capture contex-446

tual correlations in conversations. In contrast, our447

proposed causal cue encoder emphasizes extract-448

ing causal cues from the context. The superior449

performance of our method suggests that causal450

relations are not merely equivalent to contextual451

correlations.452

Microscopically, we analyzed the average accu-453

racy of each emotion category for different mod-454

els on the IEMOCAP dataset to provide a more455

in-depth evaluation. The experimental results are456

shown in Figure 3. From the trend of the Fig-457

ure 3-a, our method consistently outperforms the458

baseline methods across the four emotion cate-459

gories in IEMOCAP four-class, with particularly460

strong performance in Sadness, Neutral, and Hap-461

piness. From Figure 3-b, it can be observed that462

our method consistently outperforms the baselines463

across most categories, with the largest improve-464

ments seen in Sadness. In general, these trends465

indicate that our method effectively enhances the466

discriminative ability of the model and maintains467

stable performance in all categories of emotions.468

4.4 Ablation Study 469

To further examine the contribution of each compo- 470

nent in CARN, we conduct ablation experiments on 471

the benchmark datasets under six missing-modality 472

conditions. 473

1) w/o Causal-Cue Feature Encoder (w/o CCE): 474

To evaluate the contribution of the causal-cue fea- 475

ture encoder, we remove the CCE module and re- 476

tain only the Transformer encoder for modality- 477

specific feature extraction. As shown in Table 2, 478

removing CCE results in consistent performance 479

degradation across all missing-modality settings, 480

indicating that explicitly modeling intra-modality 481

causal cues is essential for suppressing spuri- 482

ous correlations and improving robustness under 483

modality absence. 484

2) w/o Causal Self-Supervised Loss (w/o CSS): 485

To analyze the role of the causal self-supervised 486

objective, we remove the CSS term while keeping 487

other components unchanged. The results in Ta- 488

ble 2 show that the removal of CSS leads to notice- 489

able and consistent performance drops across differ- 490

ent modality combinations, demonstrating that the 491

self-supervised loss provides stable regularization 492

for causal cue learning and contributes to higher- 493

quality representations 494

3) w/ MSE Loss: We replace the proposed con- 495

trastive self-supervised loss with an MSE loss to 496

study their effects on causal representation learning. 497

As shown in Table 2, this replacement leads to sig- 498

nificant performance degradation. This is because 499

MSE optimizes toward conditional expectation, en- 500
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Figure 3: Performance comparison of different models
across emotion categories on the IEMOCAP dataset.

couraging the model to fit average trends rather501

than learning causally stable representations. In502

contrast, the proposed contrastive objective maxi-503

mizes mutual information between causal predic-504

tions and corresponding targets while suppressing505

non-causal associations, which better aligns with506

causal invariance and independent causal mecha-507

nisms. Therefore, contrastive self-supervision is508

more suitable for constraining causal cue learning.509

4) w/ vanilla attention: In Sec. 3.2, we utilize510

a sparse attention matrix with masked contexts to511

capture causal relationships within the same modal-512

ity. To validate the effectiveness of our approach,513

we replace this attention mechanism with vanilla at-514

tention, which incorporates full contextual informa-515

tion. As shown in Table 2, this replacement leads to516

a significant performance degradation, demonstrat-517

ing the necessity and effectiveness of the proposed518

sparse causal attention mechanism.519

To further analyze this effect, we visualize the520

attention matrices of vanilla attention and causal521

attention in Fig. 4. Vanilla attention exhibits dense522

and unstructured patterns with unrestricted tempo-523

ral access, making it prone to spurious correlations524

and temporal leakage. In contrast, causal atten-525

tion yields a strictly lower-triangular and sparse526

structure, attending only to historical timesteps and527

identifying compact causal parent positions. These528

visualizations demonstrate that causal attention ef- 529

fectively captures meaningful causal dependencies 530

while improving interpretability and robustness. 531

V
is

ua
l

Te
xt

ua
l

A
co

us
tic

Causal AttentionVanilla Attention

Figure 4: Visualization of attention matrices for vari-
ous modality pipelines within the CCE module on the
IEMOCAP four-class task. The left column shows the
vanilla attention, while the right column shows the pro-
posed causal attention.

5 Conclusion 532

To address the interference caused by spurious cor- 533

relations in conversational history during missing- 534

modality reconstruction, we propose the Causal- 535

Aware Reconstruction Network (CARN). This 536

framework explicitly models causal cues from con- 537

versation history and integrates them into the re- 538

construction process, enabling the model to rely 539

on more stable and meaningful contextual informa- 540

tion rather than superficial correlations. As a result, 541

the robustness and interpretability of reconstructed 542

modalities are significantly enhanced, leading to 543

improved emotion recognition performance under 544

missing-modality conditions. Moreover, we in- 545

troduce a Granger-causality-based self-supervised 546

constraint to further strengthen the model’s abil- 547

ity to perceive and exploit causal cues. Extensive 548

experimental results demonstrate the effectiveness 549

and robustness of the proposed approach across 550

various missing-modality settings. 551
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Limitations552

Despite its effectiveness, our approach relies on553

several assumptions that merit further investigation.554

First, the causal cues leveraged in this work are555

derived from Granger causality, which character-556

izes temporally predictive relationships rather than557

definitive interventional causal effects. While this558

formulation is well suited for conversational and559

sequential data, it may not fully capture more com-560

plex causal structures involving latent confounders561

or instantaneous interactions. Second, our frame-562

work primarily exploits historical contextual infor-563

mation for missing-modality reconstruction, and564

its effectiveness may depend on the availability and565

quality of such context. In summary, future work566

may explore more general causal formulations be-567

yond Granger-style temporal dependencies and ex-568

tend the proposed framework to better accommo-569

date scenarios with limited, noisy, or unreliable570

contextual information, thereby further enhancing571

its applicability in real-world settings.572
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