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Abstract

Multimodal unsupervised domain adaptation leverages un-
labeled data in the target domain to enhance multimodal
systems continuously. While current state-of-the-art meth-
ods encourage interaction between sub-models of differ-
ent modalities through pseudo-labeling and feature-level
exchange, varying sample quality across modalities can
lead to the propagation of inaccurate information, result-
ing in error accumulation. To address this, we propose
Modal-Affinity Multimodal Domain Adaptation (MODfin-
ity), a method that dynamically manages multimodal in-
formation flow through fine-grained control over teacher
model selection, guiding information intertwining at both
feature and label levels. By treating labels as an indepen-
dent modality, MODfinity enables balanced performance
assessment across modalities, employing a novel modal-
affinity measurement to evaluate information quality. Addi-
tionally, we introduce a modal-affinity distillation technique
to control sample-level information exchange, ensuring re-
liable multimodal interaction based on affinity evaluations
within the feature space. Extensive experiments on three
multimodal datasets demonstrate that our framework con-
sistently outperforms state-of-the-art methods, particularly
in high-noise environments.

1. Introduction

Recent advancements in multimodal information fusion
have greatly enhanced model understanding and reasoning
across various domains by integrating data from multiple
modalities. This progress is particularly evident in applica-
tions like multimodal image classification [10, 19, 33, 35],
multimodal image segmentation [8, 30, 34, 38], and multi-
modal object detection [5, 29].
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Figure 1. Comparison of Information Flow Optimization Ap-
proaches. (a) Coarse-grained optimization results in inaccurate
information exchange, leading to cross-modal contamination. (b)
Fine-grained optimization allows complementary interactions be-
tween sub-modalities, promoting mutual enhancement. Further
details are available in the supplementary materials.

However, deploying multimodal models in new envi-
ronments often results in substantial performance degra-
dation due to distributional shifts between the source and
target domains [2]. To mitigate this, recent research has
introduced Multimodal Unsupervised Domain Adaptation
(MUDA) methods, which leverage unlabeled data in the tar-
get domain to optimize models continuously. MUDA meth-
ods generally fall into two categories: Distribution Align-
ment and Co-learning.

Distribution Alignment techniques aim to bridge cross-
domain distributional gaps [9, 20] but often overlook the



diverse generalization strengths across modalities [18, 23].
In contrast, Co-learning methods optimize models through
structured inter-modal information exchange, establishing
state-of-the-art performance [ 15, 28].

The core challenge for co-learning methods lies in effec-
tively managing the learning process without ground-truth
labels in the target domain. Traditional approaches gen-
erally treat all modalities equally, allowing sub-models to
exchange information synchronously, with variable qual-
ity, and without specific constraints [3, 15, 22, 25, 26].
However, these straightforward co-learning schemes often
fail to address the complexities of real-world data, where
quality can vary significantly across modalities. As a re-
sult, low-quality data exchange can lead to error accumu-
lation. To address this, some coarse-grained methods at-
tempt to control inter-modal exchange by adjusting the de-
gree of learning with hyperparameters or using curriculum
learning to differentiate modality treatment in information
flow [21, 28]. While these methods offer some control over
the learning intensity of each modality, they do not fully
address the critical issue that target domain quality often
varies at the sample level, not just across modalities. Thus,
they fall short of optimizing information flow for samples
of differing quality, leading to suboptimal outcomes.

To overcome this limitation, we propose MODfinity, a
fine-grained optimization method for multimodal informa-
tion flow, as illustrated in Fig. 1 (b). Our approach in-
troduces a modal-affinity measurement to evaluate pseudo-
label quality and modality performance impartially by treat-
ing labels as an independent, continuously updated modal-
ity. This allows for balanced comparisons across modal-
ities, with multimodal features evaluated against the fea-
ture vectors of the label modality, which serves as a neu-
tral benchmark. Based on this measurement, we employ
a modal-affinity distillation technique to guide information
intertwining between modalities at a sample-specific level.

Extensive experiments demonstrate the efficacy of our
method in assessing modality and sample performance
accurately, effectively managing multimodal information
flow. Our approach shows substantial performance gains
across all modalities, especially on noisy datasets. On
the AVE [32], Epic-Kitchens 55 [7], and CogBeacon [24]
datasets, our framework consistently outperforms state-of-
the-art methods. Notably, on the noisy AVE dataset, where
other methods struggle or even degrade performance (e.g.,
contrastive learning [15] results in a 16.67% performance
drop), our method provides reliable guidance, achieving a
5.79% performance improvement.

The main contributions of this paper are threefold:
We introduce a multimodal domain adaptation framework
that provides fine-grained control over information flow
between sub-models at both feature and label levels.
We propose a dynamic modal-affinity measurement that
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continuously evaluates sub-model performance and sam-
ple quality by treating labels as an independent modality,
enabling balanced comparisons across modalities.

We develop a modal-affinity distillation method, allowing
the teacher modality to guide the student modality effec-
tively in high-quality samples while minimizing its influ-
ence in low-quality samples.

2. Related Work
2.1. Multimodal Domain Adaptation

Domain adaptation strategies are essential for deploying
learned models in new, previously unseen environments,
particularly when labeled data in the target domain is
scarce. This challenge is even more complex in multimodal
settings, where each modality may require distinct adapta-
tion techniques or adapt at different rates.

Traditional unsupervised domain adaptation (UDA)
methods include minimizing domain discrepancies through
distance-based approaches [6, 36, 37], adversarial strate-
gies [9, 34], and adaptive normalization [16, 17]. However,
these techniques are predominantly designed for unimodal
scenarios. In Multimodal Unsupervised Domain Adapta-
tion (MUDA), co-training methods leverage the comple-
mentary perspectives of multiple modalities to enhance
model performance through inter-modal synergies [3, 13].
For instance, Munro et al. [22] employed adversarial tech-
niques to align and synchronize features across modalities
during adaptation. Kim et al. [15] tackled domain shift by
aligning domain-specific feature distributions, while Plana-
mente et al. [25, 26] improved cross-domain generalization
by normalizing feature norms across modalities. Extending
these approaches, Tang et al. [31] addressed target-domain
adaptation without access to source-domain data, leverag-
ing multimodal base models with memory-aware predictors
and class-attention calibration mechanisms. Additionally,
Ke et al. [14] explored missing modality completion in mul-
timedia settings.

2.2. Differentiated Learning

Differentiated learning aims to address the unique charac-
teristics and requirements of each modality within a multi-
modal system. This approach is crucial for optimizing per-
formance across modalities that vary widely in nature and
the type of data they process.

Lvetal. [21, 27] proposed methods for modality-specific
treatment, significantly enhancing adaptation and learning
efficiency across diverse modalities. Subsequent research
has shown the effectiveness of applying tailored processing
techniques to individual modalities [1]. Additionally, adap-
tive architectures and learning strategies have been explored
to capitalize on each modality’s strengths while compensat-
ing for its weaknesses [11, 18]. Meta-learning have been
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Figure 2. Our Modal-Affinity Multimodal Domain Adaptation framework consists of three main stages. (S1) Training of Affinity
Measurement: The class encoder E° is trained using Modal-Affinity Metric Learning (MOML). (S2) Fine-Grained Sample Filtering:
Pseudo-labels Y7 are generated for each target domain sample ¢;, the corresponding teacher modality m is identified, and this information
is packaged as Learning Material (LM). (S3) Modal-Affinity Distillation: For each LM; € LM, the designated teacher modality /m
transfers information to the student modality via Modal-Affinity Distillation (MOD).

used to dynamically adjust learning parameters, allowing
more capable modalities to guide less capable ones [28].

3. MODfinity

3.1. Problem Definition

Multimodal Unsupervised Domain Adaptation (MUDA)
aims to transfer a multimodal system, which is trained on
a labeled source domain, to an unlabeled target domain and
leverage the unlabeled data to further optimize the model to
increase its adaptability towards the new environment.

In particular, the source domain is represented as S
, which is formulated as S = {si,s2,...,8,}. Here

8; = (Xs(j), Xg), . ,Xﬁfw),YS) indicates a labeled sam-
ple with M modalities, where X{"™ (1 < m < M) is
the input data of the m!”* modality, and Y, is the label of
the sample. Similarly, the target domain dataset is defined
as: T = {t1,ta,...,t, } containing n’ unlabeled samples,
where ¢; (Xt(il), Xt(2 by Xt(iM)>. The objective is to
leverage the unlabeled data {¢;} to optimize the multimodal

model on the target domain.

3.2. Model Overview

We propose the Modal-Affinity Multimodal Domain Adap-
tation framework, namely MODfinity, to achieve efficient
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filtering of pseudo labels and fine-grained control for the
flow of information. As shown in Fig. 2, the pipeline
of MODfinity contains three main stages: the Training of
Affinity Measurement, the Fine-grained Sample Filtering,
and the Modal-Affinity Distillation.

In particular, in the Training of Affinity Measurement
stage, the labels are modeled as independent modality, the
feature vectors of which are optimized through affinity
learning in the source domain. In this way, the label modal-
ity can act as an independent measurement to judge the
affinity of sub-models from different modalities for each
sample. In the subsequent Fine-grained Sample Filtering
stage, modal-affinity measurement is applied in the target
domain to assess the performance of modalities and per-
form the filtering of samples, which are prepared for the
following fine-grained co-learning. Finally, in the Modal-
Affinity Distillation stage, for each individual sample, the
better-performing modalities act as teachers to provide both
label and feature-level guidance to other student modali-
ties, which promotes the performance of the whole system
through the differentiated training for different modalities.
Furthermore, the Affinity Measurement module is continu-
ously optimized through the Modal-Affinity Metric Learn-
ing loss, so as to remain adaptable to the change of the fea-
ture distribution in the target domain.
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Figure 3. t-SNE plots of different measurement methods for the
"Church bell’ category in the AVE dataset.

3.3. Affinity Measurement

To evaluate the pseudo labels of unlabeled samples, tradi-
tional methods typically use confidence scores based on the
logits [3, 22, 28] or distances to cluster centers [21], which
are measured in each modality independently.

However, due to the diverse feature distribution and dif-
ferent degrees of domain shift, the separate measurements
from different modalities become incomparable as shown in
Fig. 3. This inspires us to propose a unified measurement.
The simplest way to achieve this goal is to project all of the
feature vectors from different modalities into one unified
feature space for the convenience of comparison, but this
solution may lead to serious performance degradation in the
unbalanced multimodal systems, where the worse modality
may ruin the performance of others during the end-to-end
supervised learning as shown in the following experiments.
How to achieve a unified measurement of different modal-
ities without projecting them into the same feature space is
a challenging problem.

Motivated by the above analysis, we propose a more flex-
ible affinity measurement to achieve a good trade-off be-
tween union and separation of different modalities. Specif-
ically, we model the labels as an independent modality to
construct the cross-modal measurement which is optimized
by affinity learning between different modalities.

Fig. 4 shows the structure of the Affinity Measurement
module, which is firstly trained in the labeled source do-
main. For each sample s; = (Xs(il), Xg), . ,Xﬁi 1), Ys.),
the feature encoder E™ of the m!" modality transforms the
input X Sn) into the feature vector F&(:n ) which are fed to
the following classifiers to conduct the supervised learning
based on the traditional cross-entropy loss £7* as shown in
Fig. 2. Meanwhile, the labels are modeled as an indepen-
dent modality in Fig. 4, where a class encoder E° is applied
to transform the one-hot label vector Y, into the feature

Ls,. The affinity between the label Y, and the input X §j”>
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Figure 4. Architecture of the Modal-Affinity Metric Learning
(MOML) process. MOML specifically enhances E° by leveraging
affinity loss between feature representations from modal encoders,
Modall and Modal2, without directly affecting the operation of the
individual modal encoders E™.

is measured by the similarity of their feature vectors:

G(F™, Ly,) = exp(F™ - Ly, /7), (1)

where 7 is the temperature parameter used to control the
gradient flow during back-propagation.

As shown in Fig. 4, we introduce the following Modal-
Affinity Metric Learning (MOML) loss to train £:
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Here s indicates the positive samples in the batch sharing
the same label Y with s; while s;” for the negative ones with
different labels. By applying affinity learning on all modal-
ities, the encoder £¢ will learn the multi-modal character-
istics of each category. Furthermore, a copy of each FS(Z”)
without gradient propagation is adopted for affinity learning
as shown in Fig. 4, ensuring the independent optimization
of each encoder £ so as to avoid the worse modality ruin
the better one.

3.4. Fine-grained Sample Filtering

When transferring the model to the unlabeled target do-
main, the class encoder E¢ and the feature encoder of each
modality E™ are applied to generate the pseudo labels as



shown in stage S2 of Fig. 2. Given an unlabeled sample,
t; = <Xt(,-1)v Xt(f), o ,Xt(iM)>, the feature encoders £™ in
the m'" modality is applied to extract the feature vector
Ft(im). Meanwhile, for each label Y, (1 < k < C) where C
indicates the number of the different labels, the correspond-
ing one-hot label vector is input into the class encoder E°
to achieve the feature representations L. The similarity be-
tween the feature vector Ft(im) and the label Y7, is calculated
as (;S(Ft(im), L;,) according to Eq. (1).
Based on the affinity measurement, we can achieve the
most confident pseudo label of the sample ¢;:
(mi, ki) = argmax 6(F™, Ly), 3)
where k; indicates the index of the label, and Y}, is the best
pseudo label predicted by the modality m,;. The confidence
of the pseudo label is:
Ry, = max ¢(F™, Ly). )
After collecting the pseudo labels of all samples, we rank
the samples by the confidence R;, and select the ones with
the top a% confidence to form the labeled learning material
LM:
)

LM provides a fine-grained teaching information about the
learning object ¢;, the teacher modality m,;, the pseudo label
Yy, from the teacher, and the confidence of the teacher Ry, .

3.5. Modal-Affinity Distillation

Based on LM, we can organize multi-modal co-learning by
deciding the teacher-student relationship for each sample,
which allows for the control of the flow of information. In
particular, for the m*" modality, the pseudo labels generated
by other modalities form their own learning material:

LM = {(ti, R, Y, M)}

LM™ = {(t;,m;)|(t;, Ry, Yy, , i) € LM, mm; # m}.
(6)
As shown in Fig. 5, for each sample ¢; in LM (") with the
pseudo label Y, generated by the modality 1, the Modal-
Affinity Distillation (MOD) loss is introduced to finely dis-
till the knowledge from the teacher modality m; to the stu-
dent modality m:

m —
'CMOD -

(tismi)€LM ™ (1;,m;)etf

2 2

(ti,mgyeLM M) (t; m;)yeLM(m)

()

— log -
(m) (my)
¢(Fti ’ th )

Here tj indicates the positive samples in LM (™) sharing
the same pseudo label with ¢;. Furthermore, we utilize a
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Figure 5. The process of Modal-Affinity Distillation. Each modal-
ity sends information flows to other modalities for samples it ex-
cels in, and receives information flows from other modalities for
samples where it performs poorly.

copy of the feature representation FZI] to enable unidirec-
tional information flow from the teacher modality to the stu-
dent while minimizing the loss L7}, .

3.6. Continuous Optimization

During the transition from the source domain S to the tar-
get domain 7', feature distributions inevitably vary due to
differences between domains. Consequently, continuing to
use the class feature representation L extracted by the class
encoder E° trained in S may lead to inaccurate measure-
ments. Therefore, it is essential to update /°. Specifically,
we employ the Modal-Affinity Metric Learning (MOML)
loss of Eq. (2) to update E°.
The overall loss function is formulated as follows:

M
Loy = Z L7+ A
m=1

m
MOML

+ BLYiop: (8)

which combines the classification loss £7* for each modal-
ity m, MOML loss L}, Weighted by A, and MOD loss
LYo p weighted by .

4. Experimental Results

In this section, we present an evaluation of the performance
of our framework across various domain adaptation classi-
fication tasks, benchmarking it against several existing do-
main adaptation methodologies.

4.1. Datasets and Experimental Settings

Our evaluation employs three datasets covering diverse
modalities. The source code will be released upon accep-
tance of the paper. For more details, please refer to the sup-
plementary materials.



AVE [32] cover a broad spectrum of event types from an-
imal sounds to human activities, along with diverse natural
and man-made noises. The dataset features two modalities:
image and audio. Following [21], this dataset was trans-
formed into a collection of image-spectrogram pairs across
28 categories, comprising 41,728 source domain samples
and 23,919 target domain samples. We utilize ResNet-18
[12] as the model backbone.

EPIC-Kitchens 55 [7]is a first-person perspective video
dataset that includes fine-grained action categories. Video
segments from participants PO1, P08, and P22 represent
three distinct domains: D1, D2, and D3, covering differ-
ent kitchen layouts and lighting conditions. The number
of action segments is 1,978, 3,245, and 4,871, respectively.
We adopted the partitioning method from [22], categoriz-
ing tasks into eight action classes. The dataset features two
modalities: RGB and optical flow. Following [22], we em-
ploy a dual-stream I3D network [4] as the model backbone.

CogBeacon [24] is a medium-sized collection dedicated
to cognitive behavior analysis, featuring audio and video
recordings of various human actions and interactions. The
number of samples corresponding to the cognitive tasks for
V1, V2, and V3 are 2,259, 2,221, and 2,389, respectively.
The dataset features two modalities: EEG signals and fa-
cial key points. We utilize a three-layer one-dimensional
ResNet network [12] as the model backbone.

4.2. Comparisons with State-of-the-Art Methods

We present the experimental results for the AVE, EPIC-
Kitchens 55, and CogBeacon datasets in Tables 1, 2, and
3, respectively. These results are compared with traditional
and contemporary domain adaptation methods, including
DANN [9], CT [3], MM-SADA [22], , CL [15], RNA [25],
C-RNA [26], DLMM [21], and MCT [28]. Additionally,
MO [15] is a variant of CL [15], applies contrastive learn-
ing solely for cross-domain feature regularization.

In addition to comparisons with other methods, ’Source-
only’ serves as our experimental baseline, utilizing only la-
beled source domain data for training. ’Supervised-target,’
which trains with target data that includes ground truth, rep-
resents the upper boundary for our experiments. All meth-
ods employ the same model architecture.

Furthermore, we explored several variants of our frame-
work: Ours-unlock and Ours-logits. These versions cor-
respond to employing Modal-Affinity Metric Learning
(MOML) loss without unidirectional locking and using log-
its for evaluation outcomes. Experimental results across the
AVE, EPIC-Kitchens 55, and CogBeacon datasets demon-
strate that our framework consistently delivers superior per-
formance across all modalities and fusion results.

Compared to methods like DANN [9] that optimize
within individual modalities, or approaches like RNA [25]
and C-RNA [26] that perform weak alignment of modal fea-
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Table 1. Performance comparison on AVE.

Method Image  Audio | Fusion
Source-only 15.55 43.08 44.13
CT [3] 4742  49.12 49.47
DANN [9] 16.76  43.23 47.39
MM-SADA [22] 42.57 44091 50.64
MO [15] 2255  47.84 45.89
CL [15] 30.12  50.30 47.20
DLMM [21] 4358  52.32 55.27
RNA [25] 16.62  44.09 43.52
C-RNA [26] 16.86  43.67 42.59
MCT [28] 52.38 5245 54.56
Ours-unlock 53.17  54.55 55.74
Ours-logits 55.37 55.68 56.90
Ours 57.38  57.66 58.11
Supervised-target | 66.83 79.79 83.55

Mean Accuracy
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Figure 6. Accuracy of Measurements for Image and Audio Modal-
ities in the AVE Dataset.

tures, our proposed method enables substantial inter-modal
information exchange. This enhances the distinct perspec-
tives each modality brings to a common problem. Such
information exchange is particularly evident in the AVE
dataset, where the image modality, guided by the audio
modality, improved its accuracy from 15.55% to 57.38%,
an increase of 41.83%.

Furthermore, our proposed method provides fine-grained
control to guide the flow of information at both the feature
and label levels. In contrast to methods such as CT [3]
, MMSADA [22], and CL [15] that treat all modalities
equally without assessing their performances, our results
are significantly better.

4.3. More Results and Analysis
4.3.1. Accuracy of Affinity Measurements

To assess the reliability of our proposed affinity measure-
ment, we tracked the accuracy of measurements across im-
age and audio modalities during each iteration of domain
adaptation on the AVE dataset. Our results were compared
with those from CT [3], DLMM [21], and MCT [28]. Ad-
ditionally, we evaluated the accuracy of our measurement
without updating the class encoder (Ours w/o MOML). We
set the learning threshold « to increment by 0.15 in each it-



Table 2. Performance comparison on EPIC-Kitchens 55. D1, D2, and D3 indicate three different domains.

Method D1-D2 i D2-D3 i D3—-Dl1 i D2—-Dl1 i D3—-D2 i D1-D3 i Mean i
RGB Flow Fusion | RGB Flow Fusion | RGB Flow Fusion | RGB Flow Fusion | RGB Flow Fusion | RGB Flow Fusion | RGB Flow Fusion
Source-only 36.7 464 4777 | 3511 469 469 |38.1 438 440 |37.6 451 43.1 | 457 538 559 |363 42.0 427 |383 463 467
CT [3] 46.8 488 49.0 | 46.1 504 51.6 | 41.7 453 467 | 412 451 456 | 464 557 564 | 374 41.1 423 | 433 477 486
DANN [9] 40.6 47.0 483 |39.6 487 483 | 403 448 456 |39.1 459 451 | 462 547 57.0 | 375 436 442 | 406 474 481
MM-SADA [22] | 49.1 505 51.0 | 473 528 53.0 |433 444 452 | 419 46.7 487 | 487 562 565 |400 453 458 |451 493 500
MO [15] 46.8 48.6 50.6 | 463 50.0 513 | 465 450 451 | 467 471 474 | 552 564 57.0 | 418 43,1 446 | 472 484 493
CL [15] 47.1 51.7 522 | 488 53.1 547 | 489 502 520 | 469 480 485 |56.6 57.1 578 |43.7 453 46.1 | 487 509 519
DLMM [21] 477 524 529 | 51.0 562 557 |47.1 49.6 525 | 449 473 504 | 492 566 57.0 | 422 450 449 | 470 512 522
RNA [25] 433 473 515 | 472 49.1 562 | 42,6 43.0 428 | 454 462 50.0 | 47.6 545 547 | 425 449 443 | 448 475 499
C-RNA [26] 43.1 46.8 50.6 | 489 502 542 | 419 429 444 | 431 453 457 | 49.6 519 531 | 417 442 448 | 447 469 488
MCT [28] 483 499 527 | 514 531 537 | 44.6 49.1 503 | 432 463 46.7 | 483 564 57.1 | 408 456 464 | 46.1 501 512
Ours-unlock 53.8 53.6 546 | 555 573 583 | 513 53.0 534 | 445 479 475 | 504 543 558 | 443 465 474 | 500 52.1 528
Ours-logits 56.1 559 584 |61.1 603 614 | 538 548 552 | 478 496 50.1 | 571 573 584 |456 47.1 483 |53.6 542 553
Ours 56.2 56.0 58.6 | 612 60.1 613 |539 551 556 |481 49.6 503 |57.0 57.1 58.7 |445 482 49.0 | 535 544 55.6
Supervised-target | 66.8 723  73.6 | 70.5 724 745 | 61.6 639 652 |61.6 639 652 | 668 723 73.6 | 705 724 745 | 663 695 7.1
Table 3. Performance comparison on CogBeacon. V1, V2, and V3 indicate three different domains.
Method V1i—-V2 i V2—-V3 i V3—-Vl1 i V2—-V1 i V3—-V2 i V1-V3 i Mean i
FK EEG Fusion | FK EEG Fusion | FK EEG Fusion | FK EEG Fusion | FK EEG Fusion | FK EEG Fusion | FK EEG Fusion

Source-only 549 60.0 599 |61.3 639 653 [609 61.6 619 [59.5 63.0 63.6 [603 614 61.1 [624 646 649 [599 624 628
CT [3] 57.1 595 61.1 |67.2 683 692 |643 648 647 |639 668 674 |[63.1 637 638 |646 68.1 685 634 652 658
DANN [9] 545 628 643 |623 655 674 |640 635 641 |623 637 648 |61.1 633 633 |645 672 679 |[61.5 643 653
MM-SADA [22] | 56.0 63.8 646 |63.8 674 683 |622 63.8 645 [643 660 668 |64.1 664 650 |66.7 684 70.1 |628 66.0 66.6
MO [15] 569 649 619 |63.0 662 684 |61.8 643 649 |62.6 664 670 [625 637 642 |650 698 7TI.1 [619 659 663
CL [15] 57.8 657 658 |62.5 700 714 |61.7 634 643 |63.1 668 67.1 |[623 64.1 638 |66.1 70.1 71.0 |623 66.7 67.2
DLMM [21] 603 634 650 |67.5 702 715 |63.1 651 654 |646 67.1 672 |[622 643 656 |66.6 692 702 |64.1 66.6 67.5
RNA [25] 545 635 628 |575 666 682 |603 626 635 |594 651 650 [59.8 62.1 623 |61.7 656 662 |589 643 64.7
C-RNA [26] 542 635 63.1 |620 69.6 70.1 |[60.6 634 639 |59.0 654 651 [599 629 625 |61.1 658 67.0 [59.5 65.1 653
MCT [28] 59.0 640 653 |669 683 692 |647 658 66.7 | 647 673 68.1 |[643 651 655 |651 699 70.7 |64.1 66.7 67.6
Ours-unlock 623 66.1 658 |67.5 640 653 |61.1 644 651 |649 674 678 635 640 63.7 |664 698 704 |643 66.0 66.4
Ours-logits 628 674 675 | 684 69.1 69.1 |[625 653 660 |67.1 68.7 69.0 [640 651 656 |67.5 713 726 |654 67.8 683
Ours 664 689 68.7 |70.0 72.8 733 |643 665 664 |67.2 69.1 711 [639 661 663 |67.8 719 734 |66.6 69.2 69.9
Supervised-target | 80.2 83.8 86.5 | 829 84.7 859 |80.6 82.1 84.6 |80.6 82.1 84.6 |80.2 83.8 865 |829 847 859 |81.2 835 857

eration and utilize consistent modality encoders. As shown
in Fig. 6, our affinity measurement consistently provided
precise assessments in each modality. Furthermore, as E°
was continuously updated in the target domain, our mea-
surement demonstrated a lesser reduction in accuracy over
iterations compared to DLMM [21] and other methods that
do not update their metrics.

4.3.2. Performance in Noisy Target Domains

As mentioned in the introduction, samples from target do-
main include those with significant domain shifts and noisy
samples in certain modalities with unclear features that do
not effectively represent their categories. The former al-
lows the model to learn valuable features from the target
domain, positively influencing both itself and other modali-
ties during the domain adaptation process. The latter, being
improperly handled during collection, turns into dirty sam-
ples. These not only fail to contribute positively to their
modality but also negatively affect other modalities during
the flow of information exchange.

In this experiment, we replaced 80% of the image sam-
ples in the AVE dataset with Gaussian noise images to test
the efficacy of our proposed metric in distinguishing be-
tween noisy samples and domain-shifted but feature-rich
samples across modalities. We compared our method with
CL [15], DLMM]21], CT [3] and MCT [28]. The results,
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Table 4. Performance Comparison on AVE Dataset with Noise.

Method Image  Audio | Fusion
Source-only 10.48 42.86 43.02
CL[15] 9.37 28.47 26.35
DLMM]|21] 9.85 43.14 43.77
CTI[3] 9.02 42.92 43.02
MCTI[28] 10.85  43.29 43.53
Ours 13.36  48.95 48.81
Supervised-target 17.53 79.79 78.41

presented in Table 4, demonstrate that our method identifies
quality samples among noisy ones at the modality level and
submits them for learning by other modalities.

4.3.3. Cross-Modal Feature Distribution Analysis

Fig. 7 illustrates the t-SNE visualization results on the AVE
dataset. Our method outperforms MCT [28] and DLMM
[21] in metric accuracy and knowledge transfer, enabling
the Image modality to acquire richer information from
the Audio modality and form well-defined feature clusters.
Compared to CL [15], our approach finely optimizes the
flow of information and achieves more consistent align-
ment between source and target domain feature distribu-
tions, thereby enhancing cross-domain feature alignment.



Direct-Transfer

MCT

Image

Figure 7. t-SNE plots of Image and Audio feature distribution in the AVE dataset produced by the baseline models and our proposed
method. The source domain is shown in purple and the target domain is shown in orange.
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Figure 8. The accuracy of the MODfinity model with different configurations of the hyper-parameters «, 3, and A.

4.3.4. Parameter Sensitivity Analysis

The sensitivity of the hyper-parameters «, 3, and A\ ap-
plied in MODfinity is evaluated, with the results presented
in Fig. 8. Specifically, « is the parameter that controls the
threshold for the size of the learning material. Experimen-
tal results show that setting « to 0.15 has the best effect. 3
is the scale parameter used to adjust the intensity of affin-
ity distillation. § that is too large can diminish accuracy in
datasets of smaller sizes, leading us to set 3 to 1.2 in Cog-
Beacon, as illustrated in Fig. 8. A is the scale parameter for
adjusting the intensity of affinity measurement training. If
A is set too high or too low, it can adversely affect accuracy,
prompting us to set A to 4.5 across all three tasks, as shown
in Fig. 8.

4.3.5. Ablation Study

To systematically understand the contribution of each com-
ponent within our method, we conducted an ablation study.
As shown in Table 5, our proposed Modal-Affinity Distil-
lation (MOD) enables differentiated information flow be-
tween modalities, substantially enhancing weaker modali-
ties” performance under stronger ones’ guidance. Mean-
while, Modal-Affinity Metric Learning (MOML) provides
a fairer and more accurate affinity measurement that can be
continuously updated during domain adaptation. This accu-
rate metric offers superior target domain information for all
modalities, significantly improving model accuracy.
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Table 5. Ablation Study of Our Method on the AVE Dataset.

Method Image Audio | Fusion
Source-only 1555 43.08 | 44.13
CE 4990 47.83 | 49.65
CE+MOD 53.22  53.80 | 54.46
CE+MOML 51.17  53.60 | 54.55
CE+MOD+MOML | 57.38 57.66 | 58.11
Supervised-target 66.83  79.79 | 83.55

5. Conclusion

In this paper, we introduce a modal-affinity distillation
framework for multimodal domain adaptation. Extensive
experiments across three multimodal learning tasks demon-
strate that our framework consistently outperforms state-of-
the-art multimodal domain adaptation methods. While our
current approach primarily targets image and audio modal-
ities, it establishes a robust foundation that can be readily
extended to other data types.

One limitation is that our framework currently requires
separate tuning for each modality pair, which may limit
scalability as more modalities are added. In future work,
we plan to explore training-free mechanisms to broaden the
applicability and impact of our framework.
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