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Abstract001

This paper investigates the multimodal multi-002
target domain adaptation problem where in-003
dependent shifts of all modalities lead to an004
exponential number of multimodal target do-005
mains. We categorize them into F-target do-006
mains, where only one modality shifts, and007
U-target domains, where multiple modalities008
shift simultaneously. To alleviate the burden009
of collecting data from all domains, we pro-010
pose a novel multimodal multi-target domain011
adaptation approach that requires only labeled012
samples from the source domain and unlabeled013
samples from F-target domains, thus achiev-014
ing linear sample complexity. Specifically,015
we first disentangle each modality’s represen-016
tation into task-relevant and domain-relevant017
components via mutual information maximiza-018
tion. Then, we augment source domain sam-019
ples by recombining these components to emu-020
late labeled samples from F-target and U-target021
domains. Moreover, we introduce a pseudo-022
labeling strategy that exploits the unshifted023
modalities of each F-target domain sample to024
generate pseudo labels for training. The overall025
design follows the principle of “SEparate and026
Augment with pseudo-Labeling” (SEAL) to en-027
able efficient multimodal multi-target domain028
adaptation. Extensive experiments demonstrate029
that our method significantly outperforms exist-030
ing state-of-the-art approaches on widely used031
benchmark datasets. The code is available in032
the supplementary material.033

1 Introduction034

Multimodal learning has demonstrated superior per-035

formance over unimodal approaches by exploiting036

complementary information across visual, acoustic,037

and lexical modalities (Yuan et al., 2025), leading038

to its widespread adoption in applications ranging039

from autonomous driving (Chen et al., 2025) to040

biomedicine (Huang et al., 2025). However, mul-041

timodal models typically rely on data collected042

from heterogeneous devices and distinct physical043
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environments, where different modalities reside in 044

disparate spatial and sensory contexts. As a re- 045

sult, multimodal learning faces two key challenges: 046

the high cost of collecting and annotating multi- 047

modal data, and increased vulnerability to domain 048

shifts, since distributional changes in any modality 049

can severely degrade overall performance. Domain 050

adaptation addresses these challenges by transfer- 051

ring knowledge from a labeled source domain to 052

an unlabeled target domain (Zhu et al., 2023). 053

In this paper, we investigate domain adaptation 054

in a practical yet underexplored setting: multi- 055

modal learning with multiple target domains. In 056

real-world scenarios, each modality may experi- 057

ence multiple domain shifts (e.g., visual data cap- 058

tured under sunny, rainy, or foggy conditions). For- 059

mally, unsupervised multi-target domain adaptation 060

assumes labeled data from a single source domain 061

and unlabeled data from multiple target domains 062

(Isobe et al., 2021). 063

This problem becomes substantially more chal- 064

lenging in multimodal settings, where the number 065

of domains grows exponentially with the number of 066

modalities. Specifically, with M modalities and D 067

unimodal domains per modality, the total number 068

of multimodal domains is DM , making comprehen- 069

sive data collection impractical. For illustration, we 070

consider M=2 modalities (e.g., visual and acous- 071

tic) and D = 3 domains per modality, resulting 072

in nine multimodal domains (Figure 1(a)). These 073

domains are categorized into: a labeled source do- 074

main, M(D−1) F-target domains with unlabeled 075

observations, and (DM−M(D−1)−1) U-target do- 076
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mains that are entirely unobserved, as summarized077

in Figure 1(b).078

The objective of multimodal multi-target domain079

adaptation in this work is to leverage labeled data080

from the source domain and unlabeled data from081

the F-target domains to learn a model that gen-082

eralizes to both F-target and unobserved U-target083

domains. In contrast to conventional domain adap-084

tation methods that require unlabeled data from085

all target domains, our approach significantly re-086

duces the sample burden: the number of required087

domains scales linearly with the number of modal-088

ities, rather than exponentially. This efficiency089

arises from the structure of the F-target domains,090

where each modality independently undergoes all091

unimodal domain shifts while the remaining modal-092

ities are fixed in their source domains. Conse-093

quently, although U-target domains are never ob-094

served during training, the model is exposed to all095

unimodal shift patterns, enabling robust generaliza-096

tion to unseen multimodal domains.097

Current mainstream domain adaptation meth-098

ods mitigate domain shifts by learning domain-099

invariant representations that generalize across100

source and target domains (Stojanov et al., 2021),101

typically discarding domain-specific information102

while preserving task-relevant features. However,103

the majority of existing approaches are designed for104

single-source, single-target, and unimodal settings105

(Li et al., 2024a), with limited extensions to multi-106

source or multi-target scenarios (Pei et al., 2024;107

Isobe et al., 2021). In the multimodal multi-target108

setting considered in this work, directly aligning109

the source domain with all (DM −1) target do-110

mains becomes significantly more challenging and111

can lead to suboptimal performance.112

Different from explicit domain alignment, we113

propose to enhance robustness by exposing the task114

classifier to diverse domain variations during train-115

ing. Specifically, we learn modality-specific repre-116

sentations and decompose them into task-relevant117

and domain-relevant components via mutual infor-118

mation maximization (Poole et al., 2019; Wang119

et al., 2023). We then augment source-domain sam-120

ples in the representation space by combining their121

task-relevant components with domain-relevant122

components drawn from F-target and U-target do-123

mains. This process synthesizes target-domain-124

like representations while preserving source labels,125

enabling supervised training without requiring la-126

beled target-domain data. By emulating labeled127

target samples in the representation space, we en-128

rich the domain diversity of the training data. 129

In addition, we develop a pseudo-labeling strat- 130

egy that exploits the characteristic of F-target do- 131

main samples, where only one modality undergoes 132

shift while the others remain in their source do- 133

mains. For each F-target sample, task labels are 134

independently predicted using the stable modalities 135

and then aggregated to form a pseudo label. To en- 136

hance the reliability of supervision, samples with 137

low-entropy (i.e., high-confidence) pseudo labels 138

are assigned larger weights during training. 139

In summary, this paper proposes a novel ap- 140

proach that features SEparating and Augmenting 141

with pseudo-Labeling, dubbed SEAL, for efficient 142

multimodal multi-target domain adaptation. The 143

primary contributions are threefold: 144

• We propose a mutual-information-based repre- 145

sentation disentanglement and augmentation 146

method for multimodal multi-target domain 147

adaptation. This method mimics unobserved 148

target domains samples, thereby reducing the 149

sample complexity from exponential to linear. 150

151• We generate pseudo labels for F-target sam- 152

ples using modalities that remain in their 153

source domains. These pseudo-labeled sam- 154

ples are incorporated into training with 155

confidence-based weights determined by pre- 156

diction entropy. 157

• Extensive empirical results demonstrate the ef- 158

fectiveness of the proposed method, and show 159

that SEAL outperforms SOTA approaches. 160

2 Related Works 161

2.1 Domain adaptation approaches 162

The majority of current domian approaches is de- 163

veloped for single source, single target, and single 164

modality settings, as comprehensively reviewed in 165

survey papers (Wang and Deng, 2018; Li et al., 166

2024a) . In the following, we selectively introduce 167

two branches: moment based and adversarial based 168

approaches. Moment based methods mitigate do- 169

main shifts by minimizing moment-based distri- 170

bution discrepancy across domains. Maximum 171

mean discrepancy (MMD)-based approaches, such 172

as DDC (Tzeng et al., 2014) and MK-MMD (Long 173

et al., 2015), align first-order statistics by match- 174

ing feature means. CORAL (Sun et al., 2016; Sun 175

and Saenko, 2016) and JDDA (Chen et al., 2019) 176

extend this idea to second-order statistics by align- 177

ing feature covariances, while CMD (Zellinger 178
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et al., 2017) further generalizes moment matching179

to higher-order central moments.180

Adversarial learning was first introduced to do-181

main adaptation by DANN (Ganin et al., 2016),182

which inspired a broad class of adversarial-based183

methods. CDAN (Long et al., 2018) and CAN184

(Wu et al., 2021) additionally introduce label in-185

formation to enable conditional adversarial align-186

ment. Contrastive learning has also been integrated187

to achieve class-level alignment, as in CDA (Ya-188

dav et al., 2023) and LUHP (Zhang et al., 2024).189

Beyond standard adversarial frameworks, DALN190

(Chen et al., 2022a) proposes a discriminator-free191

approach by reusing the task classifier, while f -DD192

(Wang and Mao, 2024) introduces an f -domain193

discrepancy with theoretical guarantees on target194

error and sample complexity. Recent methods fur-195

ther enhance adversarial adaptation through data196

augmentation, such as PCL (Li et al., 2024b) in the197

raw feature space and DADA (Ren et al., 2024) in198

the representation space. In multimodal settings,199

A3D2 (Sun et al., 2025) incorporates optimal trans-200

port for cross-modality alignment.201

2.2 Multi-source/multi-target domain202

adaptation203

Building on earlier domain adaptation techniques,204

recent work on multi-source and multi-target do-205

main adaptation addresses domain shifts through206

alignment and knowledge transfer. In multi-source207

settings, representative approaches explore adver-208

sarial alignment across domains (Lin et al., 2020;209

Jiang et al., 2025) or construct pseudo target do-210

mains to bridge distribution gaps (Ren et al., 2022).211

Source-free adaptation further extends this line by212

leveraging uncertainty modeling and contrastive213

learning to transfer knowledge from pretrained214

models without access to source data (Pei et al.,215

2024; Zhao et al., 2025).216

For multi-target domain adaptation, existing217

methods mainly focus on disentangling domain-218

shared and domain-specific representations (Gho-219

lami et al., 2020), curriculum-based adaptation220

across targets (Roy et al., 2021), and expert align-221

ment with knowledge distillation to improve gener-222

alization (Isobe et al., 2021; Saporta et al., 2021).223

Graph-based modeling has been introduced to cap-224

ture structured cross-domain semantic relationships225

(Yang et al., 2022).226

Existing works on multimodal domain adapta-227

tion primarily focus on single-source and single-228

target settings (Dong et al., 2025), with only limited229

exploration of multi-source scenarios (Zhao et al., 230

2025). In contrast, the multimodal multi-target set- 231

ting considered in this paper has received little to 232

no research attention. 233

3 Method: SEAL 234

Before introducing our method, SEAL, we first 235

define the notations to be used. To improve read- 236

ability, we provide a notation table in the appendix. 237

Modalities and raw features: Suppose in a multi- 238

modal classification task, each sample comprises 239

M modalities, represented by the set {xm}Mm=1, 240

where xm ∈ Rpm denotes the raw feature of 241

modality m. For simplicity, we define an auxiliary 242

(M+1)-th modality that concatenates all modality 243

features: xM+1 = [x1,x2, · · · ,xM ]. 244

Domains: Each modality m ∈ {1, 2, · · · ,M} 245

is associated with Dm unimodal domains, in- 246

dexed by dm ∈ {0, 1, · · · , Dm − 1}, where 247

dm = 0 indicates the source domain and 248

dm ≥ 1 refers to target domains. We de- 249

fine a multimodal domain indicator for each 250

sample as d := [d1, d2, · · · , dM ],where dm ∈ 251

{0, 1, · · · , Dm−1} specifies which domain modal- 252

ity m is from. With the above notations, we can 253

use DS = {d|d1 = d2 = · · · = dM = 0}, 254

DF = {d|∑M
m=1 1(dm ̸=0) = 1} and DU = 255

{d|∑M
m=1 1(dm ̸=0) ≥ 2} to represent the set of 256

source domain, F-target domains and U-target do- 257

mains, respectively. Assume that there are NS 258

labeled samples from the source domain, and 259

NF /|DF | unlabeled samples from each F-target 260

domain, where | · | means the cardinality of a set 261

(this uniformity assumption is for notational sim- 262

plicity, and real-world datasets may vary in sample 263

counts per domain). 264

Samples: Let xd
n := {xdm

m,n}Mm=1, n ∈ 265

{1, 2, · · · , NS + NF } denote the feature of n-th 266

sample from domain d, where xdm
m,n represents the 267

feature of modality m from domain dm. If the sam- 268

ple is from the source domain, it is annotated with 269

label yn := {ym,n}M+1
m=1 , where ym,n denotes the 270

label associated with modality m, ∀m ∈ [M + 1]. 271

In datasets where all modalities share a common la- 272

bel, yn,1 = yn,2 = · · · = yn,M+1 holds. The train- 273

ing set consists of: 1) labeled source domain sam- 274

ples, {{xd
n,yn}NS

n=1|d ∈ DS}; and 2) unlabeled 275

F-target domain samples, {{xd
n}NF

n=1|d ∈ DF }. 276

Random variables: Let Xm and Y represent gen- 277

eral feature and label random variables for modal- 278

ity m, with xm,n and yn being their specific in- 279
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double-headed arrows represent supervision signals. Blue, red and green arrows denote data flow of modality 1,
modality 2 and domain feature, respectively; for succinctness, we omit the domain classifier for modality 2.
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stances. Let Zm ∈ Rp, derived from Xm, denote280

the learned representation of modality m, with in-281

stance zn,m. For consistency, we use XM+1 and282

ZM+1 to denote the aggregated multimodal feature283

and its corresponding representation, respectively.284

When necessary, superscripts dm and d are used285

for the Xm and Zm, m ∈ [M + 1] to indicate the286

domain origin of features and representations.287

3.1 Multimodal Domain Adaptation288

A. Model Framework Overview. In this section,289

we focus on the model framework and ignore the290

implementation details, which will be elaborated291

later in the Numerical Results section. Figure 2292

illustrates the proposed multimodal domain adap-293

tation framework in an example with two modal-294

ities (visual and acoustic), namely, M = 2. The295

raw features Xm,∀m ∈ [M ] are first tokenized296

and fed into the pretrained transformer-based mod-297

els, of which the top layers are tunable and the298

bottom layers are frozen during training. Fol-299

lowing the pretrained models are sequence en- 300

coders (omitted in Figure 2 and will be specified 301

in the Numerical Results section) which further 302

encode the sequence features into vector repre- 303

sentations Zm, ∀m ∈ [M ]. More formally, for 304

each modality m ∈ [M ], the corresponding pre- 305

trained model and the sequence encoder can be 306

summarized by a deterministic or stochastic en- 307

coder function p(Zm|Xm;θEN
m ) : Rpm → Rp 308

with trainable parameter θEN
m ; then we have Zm ∼ 309

p(Zm|Xm;θEN
m ). 310

The multimodal representation is denoted by 311

ZM+1 := [Z1,Z2, · · · ,ZM ], a concatenation of 312

the representations of all modalities. The multi- 313

modal representation is then fed to the task clas- 314

sifier q(Y |ZM+1;θ
TC
M+1) with parameter θTC

M+1 for 315

label prediction; that is, the multimodal model out- 316

puts the probability distribution over all classes 317

as: ŶM+1 ∼ q(Y |ZM+1;θ
TC
M+1). The above mul- 318

timodal model framework is representative in the 319

field of multimodal learning, and our multimodal 320

domain adaptation is developed upon this frame- 321

work. 322

As Figure 2 illustrates, in addition to the mul- 323

timodal task classifier, we introduce a unimodal 324

task classifier and a domain classifier for each indi- 325

vidual modality (the domain classifier for modality 326

2 is omitted in the figure). The details of these 327

classifiers will be elaborated in the sequel. 328

B. Representation Separation. It is natural to 329

assume that each unimodal representation Zm can 330

be decomposed into a task-relevant component Um 331
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and a domain-relevant component Vm, such that332

Zm = [Um;Vm]. The former captures information333

for the classification task, while the latter holds334

domain specific information. However, without335

further constraints, task and domain information336

remain entangled in Zm, and cannot be directly337

separated into Um and Vm. To address this, we338

propose to explicitly disentangle Zm using two339

complementary strategies: 1) mutual information340

maximization and 2) dimension-wise decorrelation.341

Mutual information maximization: As shown342

in Figure 2, to extract task-relevant information,343

we introduce a task classifier q(Y |Um;θTC
m ), with344

parameter, θTC
m , to approximate the true classifier345

p(Y |Um). Encouraging Um to retain task-specific346

information is equivalent maximizing the mutual347

information between Um and the corresponding348

label Y , I(Um,Y ), which can be written as:349

I(Um,Y ) :=Ep(Um,Y )

[
log

p(Y |Um)

p(Y )

]
=Ep(Um,Y )

[
log

q(Y |Um)

p(Y )
· p(Y |Um)

q(Y |Um)

]
=Ep(Um,Y ) [log q(Y |Um)] +H(Y )

+ Ep(Um) [DKL (p(Y |Um)||q(Y |Um))]

≥Ep(Um,Y ) [log q(Y |Um)] +H(Y ),
(1)350

where DKL(·||·) denotes the KL divergence of two351

distributions, and it is non-negative; H(·) repre-352

sents the entropy of a random variable. Note that353

the task label Y is available only for source do-354

main samples, and thus the mutual information355

maximization for Um and Y is performed over the356

source domain. For given dataset, the entropy of357

the label is a constant independent of the model358

parameters. Thus, we just need to focus on maxi-359

mizing the first term in Eq. (1), which is equivalent360

to minimizing the following loss function for all361

m ∈ {1, 2, · · · ,M+1}:362

LTAS
m (θ) :=− Ep(Um,Y ) [log q(Y |Um)]

=− 1

NS

NS∑
n=1

C∑
c=1

[yn]c log[ŷm,n]c.
(2)363

Eq.(2) corresponds to the standard categor-364

ical cross-entropy loss of classifier Ŷ ∼365

q(Y |Um;θTC
m ).366

Similarly, each modality is associated with a367

domain classifier q(Y |Um;θTC
m ), with parameter368

θTC
m . We have the lower bound for the mutual369

information of Vm and Dm as follows.370

I(Vm,Dm) ≥ Ep(Vm,Dm) [log q(Dm|Vm)] +H(Dm),
(3)371

where H(Dm) is a constant, and thus we focus 372

on maximizing the first term. All samples in the 373

source and F-target domains are associated with a 374

domain label. Hence, maximizing the above lower 375

bound is equivalent to minimizing the following 376

loss function: 377

LDOM
m (θ) :=− Ep(Vm,Dm) [log q(Dm|Vm)]

=− 1

NS +NF

NS+NF∑
n=1

Dm∑
i=1

[dm,n]i log[d̂m,n]i,

(4) 378

where we abuse the scalar domain index (or label) 379

dm,n and d̂m,n as their corresponding one-hot vec- 380

tor. 381

The information flow of representation is exhib- 382

ited in the lower panel of Figure 3, and the loss for 383

representation separation is as follows. 384

LSEP(θ) =
M∑

m=1

LTAS
m (θ) + LDOM

m (θ). (5) 385

Dimension-wise decorrelation: While mutual in- 386

formation maximization helps encode task-relevant 387

information in Um and domain-relevant informa- 388

tion in Vm, it does not guarantee complete disentan- 389

glement; that is, task information may still leak into 390

Vm, and domain information into Um. To mitigate 391

this, we further apply dimension-wise decorrela- 392

tion to the joint representation Zm. Specifically, 393

we compute the correlation matrix Cm ∈ Rp×p 394

using all representations {zdm,n
m,n }NS+NF

n=1 . Details 395

of the computation for Cm are provided in the ap- 396

pendix. By penalizing the off-diagonal entries of 397

Cm, we encourage statistical independence across 398

dimensions, leading to the following decorrelation 399

loss: 400

LDEC(θ) :=
M∑

m=1

||Cm − diag(Cm)||2F . (6) 401

C. Domain Augmentation. We maintain a do- 402

main representation bank Vm for each modality 403

m, which stores domain representation Vm col- 404

lected during training, as illustrated in Figure 3. At 405

each training step, newly obtained domain repre- 406

sentations are added to the bank, while the oldest 407

ones are discarded to maintain a fixed length. Si- 408

multaneously, we sample representations from the 409

banks according to target domains in DF ∪ DU . 410

For instance, to emulate a sample from a U-target 411

domain d = [1, 2], we sample domain representa- 412

tion from bank V1 and V2 and concatenate them 413

with task-relevant representation of a source do- 414

main sample. Training the multimodal classifier 415
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q(Y |ZM+1) with these augmented samples ex-416

poses it to all possible multimodal domains, thus417

enhancing the robustness and generalization of the418

classifier. Let Ŷ ′
M+1 denote predicted labels for419

these augmented samples. The corresponding aug-420

mentation loss is defined as421

LAUG
M+1 (θ) := − 1

NS

NS∑
n=1

C∑
i=1

[yn]i log[ŷ
′
M+1,n]i. (7)422

The number of augmented samples for each tar-423

get domain is NS/|DU ∪ DF |, which can vary in424

practice.425

The loss function for the final multimodal classi-426

fier trained on original and augmented samples is427

as following:428

LCLS(θ) = LTAS
M+1(θ) + LAUG

M+1 (θ). (8)429

D. Pseudo-labeling. For unlabeled samples from430

F-target domains, only one modality undergoes431

a domain shift, while the others remain in the432

source domain. This observation allows us to433

use the unshifted modalities to predict labels and434

treat the resulting predictions as pseudo labels435

for training. To be specific, for any sample n ∈436

{NS +1, NS +2, · · · , NS +NF }, suppose modal-437

ity m′ is the one undergoing a domain shift. We438

use the predictions from the remaining modalities439

M′ = {m ∈ M | m ̸= m′} to construct a pseudo440

label by averaging their outputs:441

ȳn =
1

M − 1

∑
m∈M′

ŷm,n. (9)442

As pseudo labels with lower entropy are typically443

more reliable, we compute the sample-wise weight444

w = [wNS+1, · · · , wNS+NF
] using entropy-based445

softmax normalization:446

w=softmax(−[eNS+1, · · · , eNS+NF ]), (10)447

where en denotes entropy of the pseudo label448

y′
n, n ∈ {NS + 1, · · · , NS +NF }.449

These pseudo labels are subsequently used to450

supervise the predictions of both the shifted modal-451

ity ŷm′,n and the aggregated multimodal classifier452

ŷM+1,n, resulting in the following weighted cross-453

entropy loss:454

LPLS(θ)=−
NS+NF∑
n=NS

C∑
i=1

wn[ȳn]i (log[ŷm′,n]i+log[ŷM+1,n]i) .

(11)455

The overall loss function is the sum of above 456

losses: 457

L(θ)=LCLS(θ) + α1LSEP(θ) + α2LDEC(θ) + α3LPLS(θ),

(12) 458

where α1, α2 and α3 are constant coefficients bal- 459

ancing the loss terms. 460

4 Numerical Results 461

4.1 Benchmark datasets and baseline models 462

Benchmark datasets: We evaluate our method on 463

two benchmark datasets: IEMOCAP (Busso et al., 464

2008), which contains acoustic, visual, and lexical 465

modalities; and KINETICS50-C (Carreira and Zis- 466

serman, 2017; Yang et al., 2024), which includes 467

acoustic and visual modalities. IEMOCAP is for 468

the emotion recognition task, composed of scripted 469

and spontaneous dyadic conversations between ac- 470

tors. Following work (Zhao et al., 2021), we select 471

samples from the four classes — neutral, happy, 472

sad and angry, to construct the dataset for our ex- 473

periments. KINETICS contains 400 human action 474

classes, with at least 400 video clips for each action. 475

KINETICS50-C is a curated subset comprising 50 476

selected categories from the full dataset. 477

We follow the data corruption strategies in 478

work (Hendrycks and Dietterich, 2019) to con- 479

struct target domain samples. Specifically, in work 480

(Hendrycks and Dietterich, 2019), six corruption 481

types are used for the acoustic modality and fifteen 482

for the visual modality, including examples such as 483

windy, crowd noise, and Gaussian noise (acoustic), 484

and fog, rain, and motion blur (visual). For the 485

lexical modality in the IEMOCAP dataset, we ran- 486

domly mask 20% of the words in each sentence to 487

simulate speech-to-text failure. The source domain 488

samples remained uncorrupted. In IEMOCAP, we 489

select two types of corruption for both the acoustic 490

and visual modalities, and one for the lexical modal- 491

ity, yielding 3× 3× 2 = 18 multimodal domains: 492

1 source domain, 5 F-target domains, and 12 U- 493

target domains. For the KINETICS-C50 dataset, 494

two corruption types are used for both acoustic and 495

visual modalities, resulting in 3 × 3 = 9 multi- 496

modal domains:1 source, 4 F-target, and 4 U-target 497

domains. 498

Baseline models: We compare our model, SEAL, 499

with DANN (Ganin et al., 2016), CDAN (Long 500

et al., 2018), ITA (Gholami et al., 2020), CCL 501

(Isobe et al., 2021), DALN (Chen et al., 2022a), 502

DADA(Ren et al., 2024), PCL (Li et al., 2024b), f - 503

DD (Wang and Mao, 2024) and A3D2 (Sun et al., 504
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Method IEMOCAP KINETICS50-C
Source Avg(a) Avg(F) Avg(U) Source Avg(a) Avg(F) Avg(U)

DT 75.81 49.23 68.48 41.21 72.60 54.38 61.28 47.48
DANN 77.66 54.02 71.60 46.69 75.07 59.35 64.72 53.98
CDAN 75.02 57.61 70.21 52.36 75.23 59.53 65.40 53.66

ITA 76.71 53.01 72.50 44.89 76.21 59.33 66.36 52.30
CCL 78.73 57.28 72.49 50.94 70.84 55.15 60.50 49.80

DALN 75.93 57.32 71.70 51.32 26.45 21.50 23.66 19.34
DADA 76.61 54.40 69.50 48.12 75.14 59.12 65.80 52.44
PCL 76.75 51.93 69.52 44.60 75.53 60.61 66.98 54.23
f -DD 74.21 55.94 72.19 49.17 74.87 59.06 65.30 52.82
A3D2 77.30 54.21 72.07 46.77 70.14 55.42 60.48 50.36
SEAL 77.12 60.75 72.67 55.78 75.72 62.51 67.56 57.47

Table 1: Comparisons with baseline methods in terms of F1 score (the highest and second-highest scores in each
column are highlighted in bold and in blue color, respectively)

Method F-target domains U-target domains
100 200 010 020 001 011 021 101 110 120 201 210 220 111 121 211 221

DT 56.34 65.19 72.45 75.91 72.52 47.09 60.81 46.65 25.60 62.26 54.69 40.01 48.37 19.28 32.69 19.45 37.63
DANN 69.24 65.75 76.30 78.93 67.78 49.25 56.55 53.35 49.08 74.42 50.30 47.00 48.09 26.43 38.13 24.07 43.64
CDAN 68.69 64.62 70.04 72.20 75.50 52.77 57.61 54.45 42.19 74.19 59.33 51.54 60.26 41.07 45.37 40.76 48.81

ITA 69.20 69.56 70.99 79.63 73.15 41.13 55.98 52.66 29.80 64.17 57.03 48.21 49.20 19.98 40.71 33.18 46.67
CCL 68.20 61.80 82.48 78.21 71.77 53.45 67.93 42.51 63.24 77.88 42.94 54.27 58.59 22.06 38.57 36.68 53.22

DALN 73.99 67.41 77.14 76.69 63.27 51.97 62.42 63.49 47.11 66.79 46.97 48.64 51.20 44.11 48.42 40.54 44.23
DADA 65.39 64.07 65.43 76.69 75.91 50.59 68.84 52.29 49.93 54.40 56.47 37.74 56.33 35.41 37.43 29.92 48.05
PCL 68.70 57.94 73.70 80.08 67.17 42.47 57.28 51.03 45.46 78.05 50.48 31.45 50.08 30.43 47.82 15.88 34.80
f -DD 68.97 64.81 71.82 76.76 78.58 45.20 56.30 60.68 50.28 70.85 59.46 50.89 44.89 31.78 42.80 37.13 39.80
A3D2 69.08 69.04 71.62 79.73 70.89 55.52 55.55 48.87 21.07 68.03 63.24 51.28 57.19 18.76 34.90 39.78 47.05
SEAL 64.93 72.10 78.67 74.10 73.50 59.62 55.08 59.31 65.45 65.54 64.98 55.41 62.42 46.38 48.39 37.92 48.84

Table 2: Detailed F1 score on each target domain for the IEMOCAP dataset (e.g., column 100 denotes domain
d = [1, 0, 0])

2025), which are introduced in the Related Works505

section.506

4.2 Implementation details507

For the IEMOCAP dataset, WavLM (Chen et al.,508

2022b) followed by a TextCNN is employed as the509

acoustic feature encoder. For the visual modality,510

APViT pretrained on the RAF-DB (Li et al., 2017)511

database is utilized for sequence feature extraction,512

and then a one-layer LSTM is utilized to encode the513

sequence feature. Bert-base (Devlin et al., 2018)514

and TextCNN are adopted for the lexical modality.515

For the KINETICS dataset, the acoustic and visual516

encoders in CAV-MAE pretained on large scale517

web data are employed. The parameters in the last518

three layers of the pretrained models are set to be519

trainable, with all other parameters frozen. The di-520

mension of the representations Zm, ∀m ∈ [M ], is521

256. The Adam optimizer is used for model train-522

ing with learning rate 1× 10−3, momentum coeffi-523

cient (0.9, 0.999) and batch size 48. The hyperpa-524

rameter settings are α1 = 0.5, α2 = 5, α3 = 0.2.525

More details of the implementation can be found526

from the code in the supplementary material. We527

use the weighted F1 score as model performance528

metric, which is obtained by averaging the results 529

from four repeated experiments, conducted on four 530

Nvidia A40 GPUs with memory of 48GB. 531

4.3 Comparison studies 532

The F1 score comparisons are reported in Table 1, 533

where DT refers to direct transfer, meaning the 534

model is trained with only the source domain data 535

and tested directly without any domain adaptation 536

technique. The “Source", “Avg(a)", “Avg(F)", and 537

“Avg(U)" columns correspond to the performance 538

on source domain, the average of all target domains, 539

the average of all F-target domains, and the aver- 540

age of all U-target domains, respectively. On the 541

IEMOCAP dataset, it is observed that most base- 542

line methods outperform DT even on the source 543

domain. This is attributed to the inclusion of un- 544

labeled F-target samples during training, which 545

help enhance generalization despite lacking ground 546

truth annotations. 547

The objective of domain adaptation lies in im- 548

proving performance on the target domains. In 549

this regard, SEAL demonstrates consistent supe- 550

riority over all compared methods. Specifically, 551

SEAL achieves an average F1 score of 60.75 across 552
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Figure 4: Sensitivity analysis for weights α1, α2 and α3 on the IEMOCAP dataset

all target domains, exceeding the second-highest553

score (57.61) by more than 3 percentage points.554

On the F-target domains, SEAL can slightly out-555

performs the strongest multi-target domain adapta-556

tion method, ITA. More notably, on the completely557

unseen U-target domains, SEAL achieves a sub-558

stantial improvement of over 3.4 percentage points,559

validating the effectiveness of our strategy in simu-560

lating labeled U-target samples. Similar results are561

observed on the KINETICS-C50 dataset, corrob-562

orating the robustness and generalizability of the563

proposed approach.564

Table 2 exhibits the detailed F1 score on each of565

the 12 target domains for the IEMOCAP dataset566

(the results for KINETICS50-C are provided in567

the appendix). It is shown that SEAL achieves568

the highest performance on 7 domains and ranks569

second on 3 others. In comparison, the second570

best method by this metric, DALN, ranks first on571

3 domains and second on 2. These results further572

highlight the superior overall performance of SEAL573

across diverse domain shifts.574

4.4 Ablation studies575

We conduct ablation studies on the IEMOCAP576

dataset by progressively introducing the loss com-577

ponents LSEP(θ), LDEC(θ), and LPLS(θ). As578

shown in Table 3, the addition of LSEP validates579

the effectiveness of our separating and augmenting580

strategy, which exposes the model to simulated un-581

seen U-target domains and boosts the average F1582

score from 41.21 to 49.01. Incorporating the disen-583

tangling loss LDEC further improves performance584

on both F-target and U-target domains, albeit with585

a slight decrease on the source domain. Finally,586

introducing the pseudo-labeling loss LPLS benefits587

both the source and U-target domains. While it588

results in a minor drop on F-target domains, likely589

due to label noise, it yields a significant gain on U-590

target domains, ultimately increasing the average591

F1 score across all target domains from 58.68 to592

Loss terms IEMOCAP
Source Avg(a) Avg(F) Avg(U)

LCLS 75.81 49.23 68.48 41.21
LCLS + LSEP 77.10 55.98 72.69 49.01

LCLS + LSEP + LDEC 76.18 58.68 73.92 52.33
LCLS+LSEP+LDEC+LPLS 77.12 60.75 72.67 55.78

Table 3: The ablation study on the IEMOCAP dataset

60.75. 593

Figure 4 presents the sensitivity analysis of the 594

loss weights α1, α2, and α3 on the IEMOCAP 595

dataset. To cover a broad range of values, the x- 596

axis is shown on a logarithmic scale. For all three 597

weights, we observe a similar trend: the F1 scores 598

for different domains initially increase and then 599

decrease, which illustrates how each loss term in- 600

fluences the model performance. The results also 601

demonstrate that our method, SEAL, exhibits ro- 602

bustness across a wide range of hyperparameter val- 603

ues. The optimal configuration, α1 = 0.5, α2 = 5, 604

and α3 = 0.2, can be identified from the peak 605

performance regions in Figure 4. 606

5 Conclusions 607

This paper investigates the problem of multimodal 608

multi-target domain adaptation, with the goal of 609

developing an efficient approach that requires only 610

samples from F-target domains, thereby achieving 611

linear sample complexity. To this end, we pro- 612

pose a novel “separate-and-augment with pseudo- 613

labeling" strategy. Specifically, we decompose the 614

representation of each modality into task-relevant 615

and domain-relevant components, and simulate la- 616

beled target domain samples by augmenting source- 617

domain task-relevant features with target-domain 618

domain-relevant ones. In addition, we leverage the 619

unshifted modalities in F-target domains to gener- 620

ate pseudo labels for training. Extensive experi- 621

ments on widely used benchmark datasets demon- 622

strate the effectiveness and robustness of the pro- 623

posed method. 624
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Limitations625

The limitations of this paper are mainly twofold:626

1) No theoretical generalization bound for the adap-627

tation method is established.628

2) The negative impact of erroneous pseudo-629

labeling is not considered in our work. In order630

to focus on our task, we do not have an in-depth631

investigation on this issue; nevertheless, existing632

approaches that improve the pseudo-labeling can633

be incorporated into our framework.634
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A Appendix855

A1. Table of notations856

To improve readability, Table 4 (on the next page)857

lists the important notations used in the paper858

along with their definitions, descriptions, values, or859

ranges.860

A2. The calculation of correlation matrix Cm861

Let Ẑ be the feature matrix that concatenates all862

feature {zdm,n
m,n }NS+NF

n=1 , that is,863

Ẑm :=



(
z
dm,1

m,1

)⊤(
z
dm,2

m,2

)⊤

...(
z
dm,NS+NF
m,NS+NF

)⊤


∈ R(NS+NF )×p.864

We first center the features by subtracting the865

mean of each column:866

Z̄m = Ẑm − 1µ⊤
m,867

where µm = 1
NS+NF

∑NS+NF
n=1 z

dm,n
m,n .868

The empirical covariance matrix is computed as:869

C̄m =
1

NS +NF − 1
Z̄⊤
mZ̄m.870

Let σm ∈ Rp be the vector of standard devia-871

tions of each feature:872

σm =
√
diag(C̄m).873

Then, the correlation matrix is given by:874

Cm = D−1
m C̄mD−1

m , where Dm = diag(σm).875

A3. Detailed comparisons on all target domains 876

for the KINETICS50-C dataset 877

Table 5 reports the detailed F1 score on each of the 878

8 target domains for the KINETICS50-C dataset. 879

SEAL ranks first on 5 domains and second on 1 880

domain. In comparison, the second-best method, 881

PCL, ranks first on 2 domains and second on 1. 882

These results again demonstrate the superior per- 883

formance of SEAL. 884
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Notation Definition / Description / Value / Range
m modality index; m ∈ {1, 2, · · · ,M}
xm the raw feature of modality m
dm unimodal domain index (label); dm ∈ {0, 1, · · · , Dm − 1} or corresponding one-hot vector
d multimodal domain indicator; d := [d1, d2, · · · , dM ]
DS the set of source domain indicator; DS := {d|d1 = d2 = · · · = dM = 0}
DF the set of F-target domain indicators; DF := {d|

∑M
m=1 1(dm ̸=0) = 1}

DU the set of U-target domain indicators; DU := {d|
∑M

m=1 1(dm ̸=0) ≥ 2}
n sample index; n ∈ {1, 2, · · · , NS +NF }

dm,n domain index (label) of modality m; dm,n ∈ {0, 1, · · · , Dm − 1} or corresponding one-hot vector
dn domain indicator of sample n; dn = [d1,n, d2,n, · · · , dM,n]

x
dm,n
m,n the raw feature of the n-th sample
xdn

n all raw feature of the n-th sample; xdn
n = {xdm,n

m,n }Mm=1

yn task label of the n-th sample; scalar value of class or corresponding one-hot vector
z
dm,n
m,n representation derived from the raw feature x

dm,n
m,n

u
dm,n
m,n task-relevant representation contained in z

dm,n
m,n

v
dm,n
m,n domain-relevant representation contained in z

dm,n
m,n

Xdm
m random variable of the raw feature, with x

dm,n
m,n as its instance

Y random variable of the task label, with yn as its instance
Dm random variable of the domain label, with dm,n as its instance
Zdm

m random variable of the representation, with z
dm,n
m,n as its instance

Udm
m random variable of the task-relevant representation, with u

dm,n
m,n as its instance

V dm
m random variable of the domain-relevant representation, with v

dm,n
m,n as its instance

Table 4: Notations and their definitions/descriptions/values/ranges

Method F-target domains U-target domains
10 20 01 02 11 12 21 22

DT 65.20 66.35 55.58 58.01 44.70 53.77 42.63 48.81
DANN 67.70 69.42 59.70 62.08 53.60 60.54 46.08 55.7
CDAN 67.60 69.41 60.00 64.60 50.02 59.31 48.36 56.95

ITA 68.70 70.08 62.30 64.36 50.77 61.59 40.54 56.31
CCL 65.43 66.40 50.67 59.51 44.83 58.87 42.24 53.25

DALN 23.83 20.65 24.79 25.36 21.36 21.22 16.20 18.59
DADA 69.06 71.00 58.77 64.38 50.03 59.46 45.95 54.33
PCL 70.22 73.79 61.28 62.64 50.72 60.28 49.71 56.19
f -DD 67.86 70.14 58.59 64.60 49.69 61.01 42.83 57.74
A3D2 63.20 65.53 54.55 58.64 47.76 54.76 45.88 53.03
SEAL 68.63 71.64 65.26 64.69 57.64 62.41 54.44 55.37

Table 5: Detailed F1 score on each target domain for the KINETICS50-C dataset (the highest and second-highest
scores in each column are highlighted in bold and in blue color, respectively)
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