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ABSTRACT

Test-Time Adaptation (TTA) aims to help pre-trained model bridge the gap be-
tween source and target datasets using only the pre-trained model and unlabelled
test data. A key objective of TTA is to address domain shifts in test data caused by
corruption, such as weather changes, noise, or sensor malfunctions. Multi-Modal
Continual Test-Time Adaptation (MM-CTTA), an extension of TTA with better
real-world applications, further allows pre-trained models to handle multi-modal
inputs and adapt to continuously-changing target domains. MM-CTTA typically
faces challenges including error accumulation, catastrophic forgetting, and re-
liability bias, with few existing approaches effectively addressing these issues in
multi-modal corruption scenarios. In this paper, we propose a novel approach,
Multi-modality Dynamic Analytic Adapter (MDAA), for MM-CTTA tasks. We
innovatively introduce analytic learning into TTA, using the Analytic Classifiers
(ACs) to prevent model forgetting. Additionally, we develop Dynamic Selection
Mechanism (DSM) and Soft Pseudo-label Strategy (SPS), which enable MDAA
to dynamically filter reliable samples and integrate information from different
modalities. Extensive experiments demonstrate that MDAA achieves state-of-the-
art performance on MM-CTTA tasks while ensuring reliable model adaptation.

1 INTRODUCTION

Test-Time Adaptation (TTA) aims to help the pre-trained model bridge the gap between the source
domain and the target domain (Wang et al., 2021} |Liang et al.| [2024). Unlike Unsupervised Domain
Adaptation (UDA) (Zhang et al.l 2015} [Liang et al., 2024), TTA performs adaptation without the
need for any source data (i.e., pre-trained dataset), which not only saves computational resources by
avoiding retraining but also preserves the privacy of the source data. One key TTA application is
addressing the problem of domain shift from source data to corrupted test data, where the corruption
is often caused by external factors (e.g., weather changes, ambient noise) or sensor malfunctions. As
an extension of TTA, Continual Test-Time Adaptation (CTTA) has been proposed to align with real-
world scenarios where domain shifts usually are dynamic (Wang et al.| 2022)). Challenges in CTTA
mainly consist of error accumulation and catastrophic forgetting. Error accumulation, stem-
ming from incorrect pseudo-labels, can mislead models’ adaptation and potentially lead to collapse
(Chen et al.| |2019). Catastrophic forgetting refers to the loss of knowledge from the source data
during continuous adaptation, reducing the model’s generalization ability (McCloskey & Cohen)
1989). To address these challenges, various CTTA methods have been proposed, yielding promising
results in corruption-related tasks (Wang et al., [2022; (Gao et al., 2023} Niu et al.| 2022).

Most existing CTTA approaches focus solely on single-modal scenarios, paying less attention to
multi-modal applications. Compared with TTA and CTTA, Multi-Modal Continual Test-Time Adap-
tation (MM-CTTA) (Cao et al.| 2023)) shows greater potential for real-world applications, as multi-
modal data integrates a broader range of information than single-modality adaptation, resulting in
more robust networks (Radford et al., 2021). However, applying existing CTTA methods to MM-
TTA by simply replacing the backbone with muiti-modal encoders is less optimal. MM-CTTA
performance can easily suffer from reliability bias, where intra-modality domain shifts increase
information discrepancies in downstream fusion networks (Yang et al.,[2024). Such effect becomes
more pronounced when modality corruption changes dynamically. Although a few works address
Multi-Modal Test-Time Adaptation (MM-TTA) (Yang et al., 2024; |Lei & Pernkopfl [2024)), they
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struggle with model forgetting during continuous adaptation and the challenges posed by interleaved
modality corruption.
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Figure 1: Ilustration of the three key challenges in MM-CTTA, using the representative TTA method
TENT (Wang et al., 2021) with CAV-MAE (Gong et al., 2022b). (A) Error accumulation: The
model’s performance progressively degrades as adaptation progresses (batch increases). This ex-
periment is conducted on the Kinetic-C Fog dataset (Kay et al., [2017; [Yang et al.| [2024), with the
“Source” representing the model without adaptation during inference. (B) Catastrophic forgetting:
The model’s performance on the source data significantly declines during continuous adaptation.
The “Original” refers to the model’s performance on the clean test set of Kinetics50 without any
adaptation, while “TENT” represents the performance on the same dataset after adaptation to the
corresponding corruption. (C) Reliability bias: As the dominant modality (video) becomes in-
creasingly corrupted, the performance of the multi-modal network deteriorates, even falling below
that of the audio-only network. This experiment is conducted on Kinetic-C, with video as the domi-
nant corrupted modality.

To further illustrate, we use a representative TTA method, TENT (Wang et al.| 2021)), as an exam-
ple in Fig[T} The results indicate that traditional TTA methods face significant limitations due to
error accumulation, catastrophic forgetting, and reliability bias. These challenges suggest that
methods designed for MM-CTTA must meet three key requirements: (1) effectively mitigating error
accumulation during adaptation, (2) retaining knowledge of the source data after adapting to various
domains, and (3) dynamically suppressing the influence of corrupted modalities while prioritizing
more reliable ones. To the best of our knowledge, the method closest to meeting these criteria is
CoMAC (Cao et al., 2023)), which focuses on segmentation tasks in living environments rather than
addressing modality corruption.

In this paper, we propose a new approach named the Multi-modality Dynamic Analytic Adaptor
(MDAA) to address the challenges in MM-CTTA. MDAA comprises three primary components:
(1) the Analytic Classifiers (ACs), (ii) the Dynamic Selection Mechanism (DSM), and (iii) the Soft
Pseudo-label Strategy (SPS). ACs update the model by addressing a recursive ridge regression prob-
lem, optimizing on both new target data and learned knowledge to avoid catastrophic forgetting.
DSM selectively updates each AC based on its output reliability, thereby alleviating reliability bias.
The SPS enhances the model’s robustness to label noise by assigning varying probabilities to mul-
tiple labels, which mitigates potential error accumulation. The key contributions of this work can
be summarised as follows:

1). We propose a method, MDAA, for a more challenging TTA task named MM-CTTA, and explain
why typical TTA methods are not well-suited for this task, as illustrated by a example in Fig[T]

2). We innovatively apply AC to TTA to keep the model from catastrophic forgetting during adap-
tion. We propose DSM and SPS to further dynamically integrate the features of different modal thus
mitigating reliability bias the error accumulation.

3). We design two MM-CTTA tasks to meet the needs of real-world environments. Extensive exper-
iments demonstrate that MDAA achieves SOTA performance, surpassing previous methods by up
to 6.22% and 6.84% in the two tasks respectively.
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2 RELATED WORKS

2.1 TEST-TIME ADAPTATION

Test-Time Adaptation (TTA) focuses on enabling a pre-trained model to adapt to a new target
domain without requiring access to the source domain data used to initially train the model. A
major challenge in TTA is error accumulation, which affects methods that rely on pseudo-labeling;
incorrect predictions can mislead the adaptation process, potentially causing the model to collapse
(Chen et al.,|2019). One of the early solutions, TENT, addresses this by only updating the model’s
batch normalization (BN) layers through entropy minimization (Wang et al.l 2021). Subsequent
research (Niu et al., 2023} |Gong et al., [2022a; Zhou et al., [2023) has further mitigated this issue by
filtering out low-confidence predictions using carefully designed thresholds and updating the layer
normalization (LN) layers for more robust performance.

2.2 CONTINUAL TEST-TIME ADAPTATION

Continual Test-Time Adaptation (CTTA) extends TTA to scenarios where the target domain
changes continuously in an online manner without access to source data. The additional challenge
CTTA faces is known as catastrophic forgetting, which occurs when a model adapts to the target
domain, leading to the loss of knowledge acquired from the source domain and dimension of gener-
alization ability. To solve this problem, some studies turn to Continual Learning (CL) and achieve
great success (Niu et al., [2022; |Cao et al., |2023). We follow this trend and introduce a novel CL
approach called Analytic Continual Learning (ACL) in MDAA.

ACL provides a global optimal solution through matrix inverse operations (Guo & Lyu, |2004). To
address the out-of-memory issue caused by large inverse matrices, [Zhuang et al.| (2021a) demon-
strated that iterative computation using block-wise data achieves results equivalent to joint com-
putation, making analytic learning highly effective in continual learning. By treating data from
different time periods as blocks, ACL allows for recursive computation, with the final result being
as accurate as if all data were processed simultaneously. Thanks to its non-forgetting properties,
ACL has shown strong performance across various CL tasks in recent years (Zhuang et al., 2022;
2023)). Inspired by ACL’s success in CL tasks, we apply ACL to TTA for the first time in this work,
implementing several enhancements to address the issue of catastrophic forgetting.

2.3 MULTI-MODALITY TEST-TIME ADAPTATION

Multi-modality Test-Time Adaptation (MM-TTA) seeks to enhance model reliability by incorpo-
rating multi-modal data into the TTA task. However, imbalances in inter-modal reliability can result
in significant performance degradation, known as reliability bias (Wang et al., 2020). Most existing
MM-TTA models address this issue by independently updating BN or LN layers of each feature
encoder, followed by a weighted fusion mechanisms (Shin et al., [2022} |Cao et al.l 2023} Xiong
et al.| 2024)). Although this allows more reliable modalities to carry more weight during fusion, the
approach remains relatively shallow in terms of information integration.

A recent model called READ (Yang et al.l [2024) introduced a more advanced approach by fusing
features through a Vision Transformer (ViT) (Dosovitskiy et al., [2020) block, which allows for
the preservation of parameters inherited from source data while effectively integrating inter-modal
information (Vaswani, 2017} |Gong et al., 2022b). READ achieves reliable adaptation by modulating
only the fusion layer within the attention module of the ViT block. Follow-up work (Lei & Pernkopf],
2024)) aimed to improve performance by updating both the feature encoders and the fusion layer.
However, this approach requires prior knowledge about which modalities are corrupted, making it
less capable for real-world scenario.

In this paper, our MDAA approach introduces classifiers for each feature encoder and the fusion
network. By adjusting the parameters of each classifier individually, MDAA maximizes the use
of information from each modality, thus mitigating the effects of reliability bias. Crucially, these
classifier updates for upstream and downstream blocks do not cause conflicts, as the entire pre-
trained model remains frozen throughout the process. This property enables MDAA to adapt to
changing modality corruption without extra prior knowledge, distinguishing it from existing MM-
TTA approaches.



Under review as a conference paper at ICLR 2025

3 METHOD

In this section, we first define the challenging MM-CTTA setting and introduce notations for key
concepts in Sec. [3.I] We then introduce the proposed Multi-modality Dynamic Analytic Adapter
(MDAA) approach, which includes Analytic Classifiers (ACs) integrated with pre-trained multi-
modal encoders (Sec. @), the Dynamic Selection Mechanism (DSM) (Sec. @), and the Soft
Pseudo-label Strategy (SPS) (Sec.[3.4). An overview of MDAA is illustrated in Fig. 2] and the
pseudo-code for MDAA is provided in Appendix [B]

A. AC Configuration

B. AC Adaptation
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Figure 2: The overview of MDAA. (A) Construct Analytic Classifiers (ACs) and initialize the mem-
ory bank to preserve the knowledge of source datasets. (B) Use the Dynamic Selection Mechanism
(DSM) to determine if the classifier and memory bank require updates. (C) Generate pseudo-labels
for adaptation and inference. The Soft Pseudo-label Strategy (SPS) is shown using top 2 largest
probability labels.

3.1 PROBLEM DEFINITION AND NOTATIONS

In this paper, we focus on an audio-video classification task as an example, using two modalities
for illustration without loss of generality. In MM-CTTA, the pre-trained model ®g () is trained
on a labeled source dataset Ds ~ {Xg,Xg, Ys} in source domain S, where Xg and Xg represent
the audio and video training data matrices respectively. Yg represents the corresponding one-hot
label set. During the adaptation phase, for each timestamp ¢ in the target domain T, the model must
perform inference and update its parameters based on the unlabeled test dataset Dt ; ~ {X%t, X7 ¢ }
The suffix T, ¢ indicates the current target domain, as it shifts continually. Note that only the test
dataset at timestamp ¢ is available for updating the parameters ®1; — ®1;11.
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3.2 SOURCE MODEL AND ANALYTIC CLASSIFIER CONFIGURATION

In the context of multi-modality classification task, we propose to integrate the ACs as classifiers
into a typical extraction-fusion approach. The standard structure can be represented as follows:

D5 (X%, X") = s (fs" (s (X*) @ f5' (X)), (1)

where f$ (-) and f§ (-) represent upstream feature encoders for audio and video modalities, respec-
tively, ® indicates the fusion operation implemented as concatenation in this paper, f¢"* (-) denotes
the downstream fusion network and 7 (-) indicates the classifier.

Specifically, we leverage multiple ACs as classifiers for extracted features of each modality and the
fused features, with each classifier making an independent prediction. Each AC is of the same struc-
ture as a two-layer fully connected network, denoted by ¢ (F'E (-)). Features are first non-linearly
projected into a higher dimensional space ¢ by the feature expansion layer F'E (), enhancing their
expressiveness (Zhuang et al.,2022;2021b)). The projected features are then passed through the lin-
ear layer C (-) for classification. The feature expansion layer remains frozen, while the linear layer
requires updates during the adaptation process. For simplicity, we combine the feature encoder
fs (+) and the feature expansion layer F'E (-) into a single function, denoted as f§ (-), and refer to
the projected features as X¢xr. Consequently, MDAA yields three classifiers as follows:

iy i [ pi! (xi :
o} (X') = ¢ (f (X)) = & (X)o7 € {a.0}, @)
D (X7, X) = ¢ (R (f¢ (X) @ £ (X)) = &' (X )
Since all ACs can be represented by the same equation, we will not distinguish between them except
for special needs in the following discussion. Following previous ACL works Zhuang et al.| (2022),
the classifier (g are updated by solving the ridge regression to optimize on the source data Ds. To

further solve the class imbalance problem within the source data, inspired by Fang et al.|(2024), we
formulate the optimization problem as follows:

. 2
argmin 305wy [ ¥s,5 — Xext.t W] [ + 7l W[z, “)
Ws

where ||| indicates the Frobenius norm, +y is the regularization parameter and Ny is the samples
size of Ds. wi, Xexf,; and ¥s. i represents the weight, expanded feature vector and one-hot label of
sample k in Dg, while the weight is further defined as
Ns
L 5
Yk = Nox N 4)

where N is the number of classes in Dg and N, is the number of samples in Dg from category
¢ to which sample k belongs. Following the ridge regression solution, the solution to optimization
problem is given in Theorem 1.

Theorem 1. The optimal solution to Formula[]is given as

Ns =T = _1—Ns ~T =
Ws = (Ekilxexf,kxexﬂk + 1) 1Ekslxexf,kys,k
~T  ~ -
= (Xexf SXCXf7S + 71) 1)(exf SYS? (6)

where Xexp k= /WrXext,k and y Ysk = = /Wi ¥Ys k- The proof of Theorem 1 is provided in Appendix
[A] In addition to the classifier Welghts Ws, a memory bank Bg needs to be constructed during the
training phase. Unlike other methods (Cao et al.l 2023} |Zhang et al.l 2023} | Xiong et al., [2024), our
memory bank contains only two types of matrices, which can be represented as Bs ~ {Ps,Ps},
where

Qs = exf sXext,s + 71, @)
QS = exf SYS (8)

Both Ps and Qg are used to extract and preserve the learned knowledge from the source dataset,
which cannot be accessed during adaptation. Therefore weight Wg can be further rewritten as

Ws = Pg'Qy. 9)
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3.3 DYNAMIC SELECTION MECHANISM

When adapting to sequentially incoming multi-modal data in MM-CTTA, some modality may be
unreliable due to corruption. Such corrupted data can mislead the model to learn incorrect informa-
tion. To address the reliability bias, we propose Dynamic Selection Mechanism (DSM) to determine
whether each AC should be updated in a dynamic way. DSM first identifies the most reliable clas-
sifier among the three (i.e., a, v, m) as the leader, while the other classifiers are treated as follower.

Specifically, the leader is determined by comparing the maximum
probability from each classifier’s distribution. For each sample, the
model prediction corresponds to the leader’s prediction, and the
leader will not be updated to maintain class balance. Whether to
update each follower in the model depends on the comparison be-
tween its maximum probability distribution max P (Follower) and
the leader’s maximum probability distribution maxP(Leader).
We consider four possible scenarios, as illustrated in Fig

(i). Close Distributions: maxP(Leader) and maxP(F ollower)
are quite close and refer to the same label. In this case, the follower
is not updated, as this would only reinforce what it has already
learned, potentially leading to an imbalanced class distribution.
(ii). Different Labels with Close Probabilities: maxP(Leader)
and max P(Follower) are quite close while they refer to different
labels. The follower is also not updated in this scenario because
there is no certainty that the leader’s result is correct, and updating
may introduce errors.

(iii). Evenly Distributed Probabilities: Both the leader and fol-
lower have evenly distributed probabilities with no significant dif-
ference between labels. Again, no update occurs.

(iv). Significant Difference: The leader has a higher probability
label, while the follower has a more even probability distribution.
In this scenario, the follower should be updated.

In general, cases (i),(ii) and (iii) all belong to a small gap between
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Figure 3: Four possible rela-
tionship between the probabil-
ity distribution of leader and
follower. Only samples belong
to case (iv) will be used to up-
date follower.

maxP(Follower) and maxP(Leader), while case (iv) belongs to
a larger gap. Therefore, given a pre-defined threshold 8, DSM can
be noted as:

maxP(Leader) — maxP(Follower) > 0

Accept,
{ otherwise (10)

Reject,

3.4 SOFT PSEUDO-LABEL STRATEGY

Using soft labels in self-supervised learning is quite popular as it preserves a broader range of
possible outcomes compared to hard (one-hot) label learning (Miiller et al., 2019; Hinton et al.,
2015)). Inspired by such trend, we use soft pseudo-labels to update the ACs during MM-CTTA, as
illustrated in Fig[2JC). For each test sample k, we choose the top n classes of leader’s distribution
set C' = {1k, Coks- - -, Cn i} and assign them with weights a1 g, a2 ... Qn g, iy i = 1)
respectively. The reconstructed label y for sample &k through SPS can be represented as

_ e 7% ,i eC
Y = 0'

, otherwise
Since ACL considers global optimization, which means it accounts not only for the input data XT, ¢
at timestamp ¢, but also all previous data processed by the model, including Xs ; and Xt 1.;—1. With
the reconstructed label Y 1.+ throughout ¢, the optimization problem for weight matrix Wr + can be
represented as:

(1)

argmin Z;ivilwk ¥s.k — Xexf,kWT,tHf: + || Y11 — Xexf,l:tWT7tH12: + ||WTtH]2: (12)

Wrt

It is important to note that while we treat source data and target data separately, we adjust the cate-
gory balance for the source dataset by assigning weights to each class. In contrast, it is challenging
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to apply this approach to the target dataset, as it is impossible to know the exact number of samples
in each category within the target domain. However, with the help of the DSM, category balance
can still be maintained, as unimportant samples have been filtered out. Given that the weights added
to the sample data are expected to average out to 1, the impact of each sample from both the source
and target domains on the model can be considered equivalent.

Due to the definition of TTA, all datasets (i.e., Xgj and X 1.,—1) prior to timestamp ¢ are not
accessible when solving the optimization problem. However, with the aid of the memory bank
Br¢ ~ {Pr,Qr}, the solution can still be computed, as stated in Theorem 2.

Theorem 2. The optimal solution to Formula[I2]is given as
. ST & 16T o < _
WT7t = (Xexf,SXeXf,S + X;)r(f,lttXexf,ltt + ’YI) 1(Xexf,SYS + XeTxf,l:tYT,lit) = PT,iQTiv (13)
where the memory bank is updated in a recursive way with timestamp ¢, as

T T
Pri = Ps + Xoxr 1.0 Xext, 1:6 = Pr1 + Xogp 0.4 Xext, 2:

= =Pryo1 + Xo Xextt (14)
QT,t = QS + X;f,l:t?T,ltt = QT,l + X;f,zthT,Z:t
= =Qrs 1t X;f,t?Ti' (135

The proof of Theorem 2 is also provided in Appendix [A] It can be seen that, the size of the memory
bank B is constant and depends on the dimension of the feature expansion layer ¢ and class number
N¢. The equations above demonstrate that the size of B remains unchanged during adaptation,
regardless of the timestamp ¢.

4 EXPERIMENTS

In this section, we evaluate the proposed MDAA approach under the challenging MM-CTTA setting.
The MM-CTTA setting is detailed in Sec. Sec. compares MDAA with SOTA methods
through extensive experiments to demonstrate its superior performance. Additionally, the ablation
studies on each component of MDAA are presented in Sec. 4.3] which illustrate the effectiveness
of MDAA in addressing different challenges within the MM-CTTA setting. The implementation
details are provided in Appendix [C|

4.1 BENCHMARKS AND SETTINGS

In this section, we introduce the datasets and task settings used for MM-CTTA. The MM-CTTA
setting requires the model to initially train on uncorrupted source datasets. Subsequently, the model
performs TTA on each corrupted target domain in sequence. We utilize two datasets for this setting:
Kinetics50 (Kay et al., 2017) and VGGSound (Chen et al., |2020). While the original uncorrupted
datasets serve as source, the corrupted target datasets, Kinetics50-C and VGGSound-C, are con-
structed following |Yang et al.| (2024)), which introduces 15 types of video corruptions and 6 audio
corruptions at severity level 5.

To evaluate the model performance, we designed two classification tasks specifically for MM-CTTA
following previous research on corruption-related TTA (Wang et al.,|2022;|2021; | Yang et al.| 2024;
Lei & Pernkopf] [2024). The first task, named progressive single-modality corruption, sequen-
tially introduces different types of corruption to one modality while keeping the other modality
uncorrupted. Focusing on evaluating the model’s resistance to catastrophic forgetting, this task is
set in an online manner, where the model processes only one sample at a time. The second task,
called interleaved modality corruption, continually alternates corruption between the two modali-
ties. While most methods perform poorly in the online setting due to severe catastrophic forgetting,
this task uses a batch size of 64 during test time to emphasize assessing the model’s ability to adapt
to dynamic reliability biases.

4.2 PERFORMANCE COMPARISON

To provide a comprehensive comparison, we reproduce different types of TTA methods under the
MM-CTTA setting. Typical TTA methods of TENT (Wang et al.,|2021)) and SAR (N1u et al., [2023));
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Table 1: Comparison with SOTA methods on audio progressive single-modality corruption task
in terms of classification Top-1 accuracy (%), using dataset Kinetics50-C and VGGSound-C in
severity level 5. The best results for each domain are highlighted in bold. * means we revise the

method from BN to LN for fair comparison.
Kinetics50-C VGGSound-C

Method Type - - - -

Gauss. Traff. Crowd Rain Thund. Wind | Avg. | Gauss. Traff. Crowd Rain Thund. Wind | Avg.
t t

Source - 7397 6517 6788 7024 68.00 70.44 | 69.28 | 3729 21.24 1689 21.81 2736 25.66 | 25.04
TENT* TTA 73.02 6336 4531 37.02 3457 3401 | 47.88 | 0.68 0.28 0.28 0.28 0.28 028 | 035
SAR TTA 72.18 7036 4830 37.67 3621 39.09 | 50.64 | 16.09 450 433 360 1200 551 | 7.67
CoTTA CTTA 19.67 410 211 2.03 2.03 203 | 533 5.85 1.35 0.52 0.53 0.57 038 | 1.53
EATA CTTA 7391 6529 6824 7051 6828 7048 | 69.45 | 40.39 3199 3191 3238 39.24 3395 | 34.98
MMTTA* | MM-TTA 17.03 199 1.99 1.99 1.99 1.99 | 450 0.41 0.33 0.33 0.33 0.33 0.33 | 0.34

READ MM-TTA 6833 59.75 5738 5414 5349 5272 | 57.63 | 1853  7.99 7.44 5.71 8.19 473 | 877
MDAA | MM-CTTA  72.87 7145 7291 7226 7320 73.80 | 72.75 | 3880 3491 34.63 3459 3770 3585 36.08

t t
TENT* TTA 4327 4296 4381 60.19 69.17 70.17 | 5493 | 0.30 0.30 0.30 0.30 0.30 0.39 | 0.32
SAR TTA 4181  27.94 2441 4047 4290 7036 | 41.32 | 1491 456 4.61 3.72 1244 594 | 7.70
CoTTA CTTA 1.99 1.99 2.92 5.07 11.64 3256 | 9.36 0.30 0.30 0.30 0.30 0.30 0.36 | 0.31
EATA CTTA 7391 6532 68.18 7049 6826 7047 | 69.44 | 4022 33.69 31.61 32.64 39.67 3281 | 35.11
MMTTA* | MM-TTA 1.99 1.99 1.99 1.99 199 3921 | 8.19 0.33 0.30 0.31 0.30 0.61 1.49 | 0.56
READ MM-TTA | 56.50 56.09 56.30 57.25 6299 65.14 | 59.05 | 9.20 5.82 7.48 7.89 11.67  12.11 | 9.03

MDAA | MM-CTTA 7486 72.63 72.87 72.26 734  72.02 | 73.01 | 3895 3546 34.66 3470 3731 3520 36.05

Table 2: Comparison with SOTA methods on video progressive single-modality corruption task
in terms of classification Top-1 accuracy (%), with dataset Kinetics50-C in severity level 5.

Method Type | Gauss. Shot. Impul. Defoc. Glass. Motion. Zoom. Snow Frost Fog Bright Cont. Elastic. Pixel. Jpeg | Avg.
t

Source B 4874 4980 4899 67.68 6184 70.88  66.18 6135 6139 4534 7595 5187 6577 6878 66.10 | 60.71
TENT* TTA 1623 207 203 208 206 203 203 203 203 203 203 203 203 203 203 | 29
SAR TTA 3836 3597 3451 4440 4886 5077 4753 4359 3581 4254 5211 3544 5020 4015 50.73 | 43.40
CoTTA CTTA | 3343 2751 2520 2019 1819 1641 1491 1329 1118 960 843 689 636 539 409 | 14.80
EATA CTTA | 4880 49.82 49.03 67.66 6198 7084 6616 6164 6154 4540 7599 5195 6588 68.71 66.08 | 60.77
MMTTA* | MM-TTA | 1431 264 203 203 203 203 203 203 203 203 203 203 203 203 203 | 289
READ | MM-TTA | 1192 204 203 297 241 246 241 230 204 204 204 204 204 204 203 | 2386

MDAA | MM-CTTA | 54.89 5525 5532 63.89 6249 6726 6586 6432 6531 61.86 7320 61.60 67.83 69.22 68.69 | 63.80
t

TENT* TTA 203 203 203 2.03 2.03 2.03 203 203 203 203 2.03 2.03 2.10 347 5326 | 555
SAR TTA 3475 3508 3589 4270 4599 4943 50.12 4408 4242 40.02 5754 3556 4886 5722 66.26 | 45.73
CoTTA CTTA 389 401 4.50 539 547 575 782 498 579 9385 689 1272 1426 2233 51.34 | 11.00
EATA CTTA 4881 4979 49.02 6771 6196 7088  66.17 6156 6151 4538 7596 51.90 6590 68.76 66.09 | 60.76
MMTTA* | MM-TTA 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 1.99 2388 | 345

READ MM-TTA 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.19 293 2295 | 350
MDAA | MM-CTTA | 67.32 6748 67.76 6898 67.60 69.59 6849 6646 66.18 63.14 72.87 5933 66.59 67.64 6525 | 66.98

CTTA methods of CoTTA (Wang et al.,|2022)) and EATA (Niu et al., 2022); and MM-TTA methods
of MMTTA (Shin et al.| 2022) and READ (Xiong et al., [2024). To ensure a fair comparison, all
methods are based on the pre-trained ViT-baesed CAV-MAE (Gong et al.|[2022b)) as the multi-modal
encoders. When reproduce methods that update the BN layers, we instead update the LN layers to
suit the ViT structure. Additionally, we evaluate the Source model as a strong baseline, which is
only trained on the source dataset and remains frozen during test time.

Performances of different methods on progressive single-modality corruption are listed in Table[T}
[2)and [3] where Table|I]is based on the audio corruption, Table [2]and [Bhre performance on the video
corruption in Kinetics50-C and VGGSound-C. The proposed MDAA achieves SOTA performance
on most target domains. It is noteworthy that nearly all comparison models collapse and perform
significantly worse than non-updating models on VGGSound-C. In contrast, EATA achieves better
results by restricting model parameter updates, which facilitates successful adaptation. Specifically,
MDAA outperforms previous methods by 3.00%-3.57% and 3.03%-6.22% on average for audio
and video tasks in Kinetics50-C, and by 0.94%-1.10% and 0.13%-0.18% on average for audio and
video tasks in VGGSound-C. Furthermore, MDAA consistently maintains its lead over other meth-
ods in the later stages of the tasks. These results demonstrate that MDAA is more robust against
catastrophic forgetting in MM-CTTA. The comparison results of interleaved modality corrup-
tion tasks are shown in Table E] and [5] In this task, EATA, which is more good at memorisation,
is not dominant in the task of highlighting reliability bias. READ, which is specifically designed
to address intra-modal reliability bias, demonstrates strong performance in this area. However, its
effectiveness is limited to video corruption in MM-CTTA, as performance drops significantly dur-
ing audio corruption. In contrast, MDAA is well-adapted to the corruption of different modalities,
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outperforming READ by 2.39%-6.84% and EATA by 0.60%-7.28% on average across Kinetics50-C
and VGGSound-C.

Table 3: Comparison with SOTA methods on video progressive single-modality corruption task
in terms of classification Top-1 accuracy (%), with dataset VGGSound-C in severity level 5.

Method Type | Gauss. Shot. Impul. Defoc. Glass. Motion. Zoom. Snow Frost Fog Bright. Cont. Elastic. Pixel. Jpeg | Avg.

t
Source B 5302 5290 5298 5720 57.38 5837 5748 5640 5646 5541 5916 5373 5722 5644 57.33 | 56.10
TENT* TTA 5148 5070 5087 5115 5090 5109 5082 5065 5075 5073 5073 5058 5070 50.73 50.70 | 50.84
SAR TTA 4312 3899 3777 4243 4384 4361 4379 4213 4126 4283 4384 3034 4275 4349 4038 | 4197
CoTTA CTTA | 3120 693 051 038 126 095 045 033 033 033 027 032 034 036 040 | 296
EATA CTTA | 5357 5370 5357 5700 57.29 5846 5777 5624 5657 5545 5906 5413 5824 57.22 57.38 | 56.38
MMTTA* | MM-TTA | 046 034 034 034 034 034 034 034 034 034 034 034 034 034 034 | 035
READ | MM-TTA | 3302 033 033 041 033 033 033 033 033 033 033 033 033 033 033 | 251
MDAA | MM-CTTA | 5513 5529 5530 5691 5720 5778 57.32 5652 5625 56.14 58.11 5532 57.06 5627 57.39 | 56.53

t
TENT* TTA 5268 5274 5249 5345 5345 5350 5310 5335 5367 5283 5586 5182 5681 5746 57.43 | 54.04
SAR TTA 4031 3924 3833 4153 4136 4443 4359 4246 4111 4152 4224 3897 4349 4097 4622 | 4172
CoTTA CTTA 033 033 035 033 033 033 032 046 036 035 056 224 836 1922 3895 | 485
EATA CTTA | 5363 5360 5361 57.06 5727 5835 57.83 5622 5674 5573 59.16 5409 5819 5727 57.35 | 5641
MMTTA* | MM-TTA | 034 034 034 034 034 034 034 034 034 034 034 034 034 034 832 | 087
READ | MM-TTA | 032 032 032 032 032 032 032 032 089 1632 2548 2695 3293 4025 5031 | 13.05
MDAA | MM-CTTA | 5530 5538 5525 5690 57.19 5779 57.32 5650 5631 5622 58.13 5528 57.07 5630 57.47 | 56.56

Table 4: Comparison with SOTA methods on interleaved modality corruption
classification Top-1 accuracy (%), with dataset Kinetics50-C in severity level 5. A-C and V-C
indicates the corrupted modality in current phase.

task in terms of

M V-C AC | v-C [ ac V-C [ ac] v-C [ac] v-C [ ac] v [ac] V-C
ethod - _ Avg
Gauss.Shot. | Gauss. | Impul. Defoc. | Traff. | Glass. Motion. | Crowd | Zoom. Snow Frost | Rain | Fog Bright | Thund. | Cont Elastic. | Wind | Pixel. Jpeg
t

Source | 4871 4998 | 7403 | 4898 67.69 | 67.89 | 6182 7092 | 7029 | 66.14 6136 61.35 | 68.02 [ 4534 7594 | 6520 | 5182 6584 | 7038 | 6873 66.11 | 63.17
TENT* | 4877 4834 | 7411 | 4638 6283 | 6722 | 6230 6835 | 6932 | 6461 5464 5736 | 6632 | 4622 6395 | 3712 | 3887 4277 | 4062 | 1013 540 | 51.22
48.65 4981 | 74.15 | 4853 6687 | 6568 | 62.56  70.67 | 68.00 | 6645 5880 60.42 | 69.96 | 47.69 7519 | 67.89 | 5096 6554 |70.03 | 66.77 63.67 | 6278

5021 4772 | 7216 | 4496  S8.80 | 55.53 | 5828 6135 | 61.52 | 5973 S0.05 5392 | 63.15 | 4948 65.16 | 5671 | 43.97 5547 | 4968 | 5479 60.14 | 5585

4881 4970 | 74.07 | 4896 6775 | 6535 | 61.96  70.95 | 6798 | 66.05 6160 61.49 | 7040 | 4529 7611 | 68.13 | 51.85 6598 | 7051 | 68.80 66.15 | 63.23
4863 4920 | 5624 | 4779 4752 | 476 | 4296 2987 | 196 | 413 227 196 | 196 | 196 192 | 203 | 196 192 | 196 | 192 199 | 1690

SLIS 5362 | 7388 | 5473 68.67 | 67.95 | 67.07  70.14 | 6884 | 67.62 6268 6490 | 6824 | 5946 7143 | 6816 | 52.60 6635 | 66.18 | 6285 6335 | 64.28
5504 5591 | 7364 | 5589 6378 7312 | 6354  67.62 | 7490 | 6700 6560 67.21 | 7544 6489 7269 7694 | 6545  69.21 | 7695 70.94 7L16 67195

t

Source | 4873 4975 4899 67.61 | 6521 [ 6193 7087 | 67.87 | 66.17 6136 6143 | 7027 [ 4532 7588 | 6797 | 5184 6574 | 7047 [ 6874 66.10 | 63.16
TENT* | 672 1003 2389 5344 | 6396 | 6040 6498 | 6775 | 6293 6028 6120 | 67.26 | 5250 7188 | 5844 | 5124  67.56 | 70.84 | 68.87 66.41 | 55.40
SAR | 4797 4873 4846 6639 | 6675 | 6369 7028 | 68.00 | 6633 5924 5985 | 70.17 | 4642 7552 | 6759 | 5112 6523 | 7024 | 6831 66.18 | 6279
CoTTA | 5640 5883 | 71. 5856 65.01 | 64.63 | 6533 6754 | 6449 | 6516 6244 G661 | 6898 | 5240 7339 | 68.37 | 4900 6600 | 67.99 | 6645 6562 | 63.78
EATA | 4876 4976 | 7389 | 4886  67.75 | 6520 | 6189 7067 | 6828 | 6616 61.64 6144 | 7033 [ 4557 7596 | 6830 | 5188 6587 | 7051 | 68.59 6598 | 6320
MMTTA* | 196 196 | 200 | 196 196 | 200 | 200 203 | 196 | 203 196 200 | 196 | 252 1831 | 488 | 4311 4971 |6228 | 5569 60.04 | 1535
READ | 5149 5229 | 7109 | 5070 6244 | 6372 | 6501 6642 | 6639 | 64.86 6097 6444 | 67.85 | 6248 7468 | 7212 | 5412 69.15 | 7027 | 69.74 68.37 | 64.22
MDAA 7044 7021 | 77.35 | 70.12 7213 7656 | 7005 7244 | 7607 | 7146 68.94 6872|7592 6651 7332 7510 | 6178 68.05 | 7352 68.56 6491 7106

Table 5: Comparison with SOTA methods on interleaved modality corruption task in terms of
classification Top-1 accuracy (%), with dataset VGGSound-C in severity level 5.

Me V-C [ ac] V-C [ ac v-C AC V-C [ac] V-C [ ac ] v-C [ac] vc

ethod [ — _ Avg.
Gauss._Shot. | Gauss. | Impul. Defoc. | Traff. | Glass. Motion. | Crowd | Zoom. Snow Frost | Rain | Fog Bright | Thund. | Cont. Elastic. | Wind | Pixel. Jpeg
t
Source | 53.05 5291 [ 3732 | 5298 5719 | 21.24 | 5737 5837 | 1689 | 5745 5637 5647 | 2182 | 5541 59.19 | 27.37 | 5375 57.19 | 25.66 | 56.44 4723
TENT* | 53.19 5280 | 343 | 5052 5315 | 0.65 | 51.83 5310 | 0.60 | 52.64 5091 5189 | 067 | 5115 5173 | 203 | 4868 5076 | 079 | 50.38 3720
SAR | 5306 5333 | 3426 | 5317 5694 | 1127 | 57.14 5829 | 930 | 57.65 S6.11 5678 | 13.36 | 5594 5787 | 1795 | 5313 5651 | 2046 | 55.30 44.94
CoTTA | 5224 5226 | 1066 | 49.15 4922 | 1.68 | 4615 4638 | 134 | 4484 4466 44.13 | 0.65 | 4357 4323 | 483 | 3516 3485 | 056 |36.10 3224
EATA | 5363 5370 | 40.51 | 5359 5721 | 3081 | 57.45 5849 | 2980 | 57.85 5637 5685 |30.55 | 5672 59.13 | 37.29 | 5431 5827 | 3258 | 57.28 50.00
MMTTA® | 827 034 | 034 | 034 034 | 034 | 034 034 | 034 | 034 034 034 | 034 | 034 034 | 034 | 034 034 | 034 | 034 072
READ | 5378 5391 | 3983 | 5417 57.81 | 2600 | 58.14 5942 | 2163 | 59.03 57.38 5829 2279 | 5771 5932 | 2607 | 5546 5836 | 1829 | 57.36 4821
MDAA 5509 5531 | 3860 | 5531 5680 | 3483 5720 57.69 | 3465 | 5735 5647 5627 3428|5617 5805 3686 5533 57.00 | 35.53 | 56.28 50.60
T~ - - - - - .

Source | 5301 5288 [ 3731 | 5297 5720 | 2125 [ 5742 5841 | 1689 | 5749 5637 5649 | 2181 | 5543 59.16 | 2737 | 5374 S57.19 | 2566 | 5642 5729 | 47.23
TENT* | 2480 4244 | 165 | 4978 5165 | 032 | 51.64 5152 | 034 | 51.35 5051 5089 | 043 | 5127 5207 | 114 | 5114 5494 | 164 | 5650 5692 | 3585
SAR | 5190 5178 | 2590 | 5130 5473 | 501 | 5482 5652 | 7.82 | 5631 54.63 5549 | 1344 | 5512 5759 | 1507 | 5357 5692 | 1504 | 5653 5730 | 43.19
CoTTA | 4297 4365 | 610 | 4429 4497 | 1.09 | 4545 4560 | 220 | 4953 4897 49.89 | 13.53 | 5133 5372 | 1960 | 5245 5604 | 1876 | 5622 5588 | 38.20
EATA | 5377 5365 | 4039 | 5361 577 | 3049 | 5736 5859 | 30.16 | 57.82 5621 5664 | 3122 | 5677 59.24 | 3744 | 5430 S8.18 | 3301 | 5746 5753 | 5005
MMTTA* | 034 034 | 034 | 034 034 | 034 | 034 034 | 034 | 034 034 034 | 034 | 034 034 | 034 | 034 034 | 836 | 1874 4632 | 3.79
READ | 5435 5456 | 2503 | 5438 57.99 | 1767 | 57.76 5874 | 2057 | 58.66 5691 57.58 | 2081 | 58.04 50.10 | 3382 | 5554 5813 | 3275 | 57.80 5834 | 48.03
MDAA 5530 5541 | 3864 | 5529 5691 | 3540 S57.14 5781 | 3485 | 5734 5648 5629 3452|5623 5824 3722 5531 ST.U3 | 352 | 5630 5747  50.69

4.3 ABLATION STUDY

In this section, we conduct three ablation studies on both video-corrupted Kinetics50-C dataset and
audio-corrupted VGGSound-C dataset in severity level 5, with the batch size of 64. For simplicity,
in the following section we use KS-video and VGG-audio to represent these two tasks.

Component analysis. To verify the effectiveness of each MDAA component, we adopt an ablation
study w.r.¢ three components as shown in Table [f] As observed, the model using only AC under-
performs, with an average accuracy 0.5%-0.57% lower than READ on KS-video, and the model
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even collapses on VGG-audio, with an average accuracy of 0.47%-0.56%. This occurs because,
while AC can prevent model forgetting, it cannot filter out unreliable samples, leading to issues
with error accumulation and reliability bias. In contrast, the addition of DSM significantly improves
performance, with gains of 1.73%-7.52% on KS-video and 33.74%-33.90% on VGG-audio. The
introduction of SPS allows the model to learn from more possibly correct labels at the same time,
thus further improving the performances on most tasks.

Reliable selection threshold. To examine the

effect of the threshold 6 on the DSM, we plot

the model’s performance with 6 of 0, 1e-4, Se- Table 6: Ablation studies on different component
4, le-3, 2e-3 and Se-3 in Figlf(A-B). The per- combinations. Grey denotes the default setting.

formance of the model on both datasets exhibits | yroihod KS-video VGG-audio

: : . — — — —
an increasing and then decreasing trend. When READ TS T
6 is close to 0, the ACs are updated for nearly | ppaa (acs) 6182 6202 | 047  0.56
every sample, introducing more error. Con- | MDAA (ACs+DSM) 63.55 69.54 | 34.87 34.85
versely, when @ increases too much, the ACs | MDAA (ACs+DSM+SPS) | 6543 69.30 3582 3577

do not learn from new inputs since no samples
can pass through the DSM, leading to a decline in performance. Therefore, the we choose 1e-3 a
moderate valuefor both datasets as the threshold.

70 . 35 70 36
KS-video — VGG-audio — * KS-video — VGG-audio —
69 KS-video ¢ *VGG-audio < N\ % KS-video *VGG-audio
30 69 <

68

Accuracy(%)
2 2 3
w

(SRR R A 3

0"

‘ 62 348
0 le-d  Sed  le3 2e3 Se3 0 le-4  Se-4  le3  2e-3 S5e3 0 2 4 6 8 1070 2 4 6 8 10
threshold 6 threshold ¢ number n number n

(A) (8) © (©)

Figure 4: (A-B) Comparison between different threshold #. (C-D) Comparison of reconstructed
pseudo-labels using different numbers of categories.

Soft label reconstruction. In this part we determine a suitable number n to reconstruct the pseudo-
labels. Given the sorted top n distribution set C' = {cy, ¢, . . ., ¢,, },we assign weights to each class
in a decreasing manner using the formula a; = round((n+1—14)/>._, i). The results of the
model are plotted in Fig[d(C-D) with n chosen from 1 to 9. While using soft labels can inevitably
introduce error, there are instances where performance with one-hot labels may exceed that of the
SPS (e.g., KS-video —). However, SPS remains beneficial as the dataset becomes larger and more
complex. In fact, performance using SPS surpasses that of one-hot labels in most tasks, making SPS
a worthwhile trade-off in MM-CTTA. Generally, the optimal number for reconstructions depends
on the number of categories in the dataset, and a larger number of categories warrants a larger n.
However, more classes will be included in the reconstruction as n increase, thereby introducing
more error and reducing model performance. Therefore in SPS, we determine to use top 2 and 7
classes to reconstructed label in Kinetics50-C and VGGSound-C respectively.

5 CONCLUSION

In this paper, we analysed the factors that affect the model in the MM-CTTA task (i.e., error ac-
cumulation, catastrophic forgetting and reliability bias) and demonstrate that typical TTA methods
are not suitable for the MM-CTTA task. To address the impact of these factors, we propose a new
paradigm MDAA that introduce analytic learning to TTA for the first time. Instead of just adapting
the model to the target domain, MDAA integrates the target domain into source domain, and thus
prevent network from forgetting. With the help of DSM and SPS, model is able to dynamically and
comprehensively process the information provided by each modality and use reliable samples to up-
date. In the future, we will try to adapt this paradigm to more modalities to solve more challenging
problems in real scenarios.

10
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A PROOFS OF THEOREMS

In this section, we provide comprehensive proofs of Theorems 1 and 2 presented in the main paper.
Proof of[Theorem 1] known the optimal problem in Egnf4]can be further written as:

argminszilwk (Yo, — Xexf,kWS)T(yS,k — Xext,k Ws) + YWs Ws

Ws

— Vs T T T T T T T
_ar%vmanIczlwk(WS Xext, i Xext,k Ws = ¥s 1 Xext,k Ws — W Xep 1¥s i + Vs 1¥s x) + 7Ws Ws.
S

Note above equation as Ly, derive L; for Wy as
oLy
OWg
= 2Zgi1(i;f,kiexf,kws - i;f,kys,k) + 27Ws
= 2(X;fﬁkxexf,kws - X;f’k?s,k) + 2vWg
=0.

N,
2502 1wk (Xeyr pXextk Ws — Xop Vs ) + 27Ws

Therefore Wg = (X;ﬂsf(exf,s + 71)’15(;75?5 =P 'Qs.
Proofs of | Similar to the proof of Theorem 1, we note the optimal formula as Ly and
derive it in terms of Wr ; as
L,
OWr ¢

~T ~ ~ T ~ _
= 2(X ey 1 Xext e Wt + X 10 Xext, 1t Wt — Xy Yok — Xeyr: Y1,1:0) + 27Wryg
=0.

N ~T -~ ~T o~ _
Therefore W = (Xexp s Xext,s + X;f,l;txexf,l:t + D) Xexrs Ys + X;f,l:tYTJ:t)'
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B PSEUDO-CODE FOR MDAA

In this appendix, we provide the pseudo-code for our MDAA in Algorithm |1} For the pre-trained
model, we integrate an individual Analytic Classifier (AC) for each network block, using the source
dataset to initialize the classifiers as well as the memory bank. During the inference and adaptation
periods, the model reconstructs the output labels for each sample using the Soft Pseudo-label Strat-
egy (SPS) and determines which ACs need to be updated through the Dynamic Selecting Mechanism
(DSM).

Algorithm 1 Multi-modality Dynamic Analytic Adaptor (MDAA)

Require: Source datasets Ds ~ {Xg, Xg, Ys} and target datasets Dr; ~ {X7 ;, X7}, pre-trained
network ®g.
1. Training phase:
(1) integrate AC for each network block in ®g through Eqn [2]and 3}
(2) Determine the parameters of each AC using Ds through Eqn[6}
(3) Initialize the memory bank Bg through Eqgn[7]and[8]
2. Inference and Adaptation phase:
for Samples in each batch do
(1) Calculate the output leader of each classifier and choose leader classifier;
(2) Reconstruct leader’s label through SPS (Eqn;
for Each follower classifier: do
Determine whether to update using DSM (Eqn[I0);
if needs to be updated then
Update parameters through Eqn[13}
Update memory bank through E¢n [I4]and[T3]
end if
end for
end for
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C BENCHMARKS,BACKBONE AND IMPLEMENTATION DETAILS

C.1 DETAILS ABOUT THE BENCHMARKS

ALL experiments are conducted on the two popular multi-modal datasets Kinetics (Kay et al.,[2017)
and VGGSound (Chen et al., 2020). [Yang et al.[| (2024} further provides their corrupted visual and
audio modality for TTA tasks.

Kinetics50 is a subset of the Kinetics dataset (Kay et al [2017), consisting of 50 randomly se-
lected classes (Yang et al.l |2024)). It primarily includes videos that focus on human motion-related
activities, with each clip lasting approximately 10 seconds and labeled with a single action class.
All videos are sourced from YouTube. The Kinetics50 dataset comprises 29,204 visual-audio pairs
for training and 2,466 pairs for testing, with the video modality playing a more prominent role in
modality pairing.

VGGSound is a large-scale audio-visual dataset containing short audio clips extracted from YouTube
videos (Chen et al., [2020), covering 309 distinct everyday audio events. Each clip has a fixed
duration of 10 seconds. For this study, we utilize the 157,602 pairs for training and 14,046 pairs
for testing. Compared to Kinetics50, VGGSound includes a wider range of categories, introducing
additional complexity to the classification task.

Both datasets’ visual and audio modalities were extracted following the method described in|Gong
et al. (2022b)). To systematically explore the distributional shifts across modalities, various corrup-
tion types were applied to both visual and audio components. Following [Yang et al.| (2024), 15
corruption types were introduced for the visual modality, each with five levels of severity for com-

ELINEL) [T TH

prehensive evaluation. These corruptions include “gaussian noise”, shot noise”, “impulse noise”,
”defocus blur”, ”’glass blur”, motion blur”, ”zoom blur”, ”snow”, ”frost”, ”fog”, brightness”, ’con-
trast”, “elastic transform”, “’pixelate”, and “’jpeg compression”. Similarly, the audio modality was
subjected to 6 different corruptions: “gaussian noise”, “traffic noise”, ”crowd noise”, rain”, “’thun-
der”, and "wind”. The corrupted versions of these benchmarks are referred to as Kinetics50-C and
VGGSound-C, respectively. Visualizations of sample corrupted video frames and audio spectro-

grams are provided in Fig[5|and Fig[6]

C.2 CAV-MAE BACKBONE

CAV-MAE is employed as the pre-trained model for MM-CTTA in this paper. Its architecture con-
sists of 11 Transformer blocks (known as feature encoder networks) dedicated to modality-specific
feature extraction, followed by an additional Transformer block (known as fusion network) respon-
sible for cross modal fusion. For the video input, 10 frames are sampled from each clip, from which
a single frame is randomly selected and fed into the Transformer encoder for the visual modality. In
the case of the audio input, the original 10-second audio waveform is transformed into a 2D spec-
trogram before being processed by the Transformer encoder for the audio modality (Gong et al.,
2022a).

C.3 IMPLEMENTATION DETAILS

In the final step of Algorithm|I] we determine the hyperparameters for MDAA. The expansion layer
dimension, denoted as ¢, theoretically benefits from larger values. However, an excessively large
dimension may introduce a significant number of parameters, increasing the computational load.
Given the constraints of our available GPU resources, we set the dimension of ¢ to 8000. The
necessity of the parameter y in Eqn[f] has been established in Zhuang et al.| (2022). The model
demonstrates stable performance over a wide range of y values, indicating that as long as -y is within
a reasonable range, its impact on the model’s performance remains minimal. After conducting a
sweep over five orders of magnitude (1073,1072,...,10?%), we set 7 to 1 for Kinetics-50 and 10
for VGGSound. As discussed in Sections and [4.3] the threshold 6 in DSM is fixed at 0.001 for
both datasets, while the parameter n in SPS is set to 2 for Kinetics-50 and 7 for VGGSound. All
experiments were conducted on an RTX3090 GPU, with results averaged over three runs.
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Figure 5: Visualization of 15 corruption types on the sampled video in Kinetics50-C benchmark.
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Figure 6: Spectrogram visualization of the clean audio and the corresponding 6 corruption types on
the constructed Kinetics50-C benchmark. All Spectrogram use the same range of colorbar.
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D MORE EXPERIMENT RESULTS

In this appendix we provide four more experiments for reference where Appendix and [D.2]are
the supplementary comparative studies while Appendix [D.3]and are the further discussion on
hyperparameters applied in MDAA.

D.1 PERFORMANCE COMPARISON ON MULTI-MODAL CORRUPTION

We follow the experimental setup in (Yang et al) [2024) to examine whether our model remains
superior to others when the adaptation task is not continual. In this section, the corrupted target
domains are treated as independent, and the results for corrupted audio and video modalities are
presented in Tables[7] [8] and[0] The results show that the SOTA performance of MDAA is not only
due to its ability to combat catastrophic forgetting but also its strong capacity to handle MM-TTA
tasks effectively.

Table 7: Comparison with SOTA methods on audio single-modality corruption task in terms of
classification Top-1 accuracy (%), using dataset Kinetics50-C and VGGSound-C in severity level
5. Results of the comparison methods are cite from|Yang et al.| (2024).

Method Type _ Kineti0§50-C - _ VGGSotAmd-C .
Gauss. Traff. Crowd Rain Thund. Wind ‘ Avg. | Gauss. Traff. Crowd Rain Thund. Wind ‘ Avg.
Source - 73.7 65.5 679 703 67.9 703 | 69.3 | 37.0 25.5 168 216 273 255 | 25.6
TENT TTA 73.9 67.4 692 704  66.5 70.5 | 69.6 10.6 2.6 1.8 2.8 53 4.1 4.5
SAR TTA 73.7 65.4 682 699 672 70.2 | 69.1 374 9.5 1.0 1211 26.8 23.7 | 20.1
EATA CTTA 73.7 66.1 685 703 67.9 70.1 | 694 | 392 26.1 229 260 317 304 | 294
MMTTA | MM-TTA 70.8 69.2 685 69.0 69.8 694 | 694 14.1 52 6.4 6.9 8.6 4.5 7.6
READ MM-TTA 74.1 69.0 69.7 711 71.8 70.7 | 71.1 | 404 28.9 266 309 367 30.6 | 324
MDAA | MM-CTTA | 73.8 70.3 71.0 709 728 714 | 71.7 | 38.6 34.9 346 343 374 352 | 35.8

Table 8: Comparison with SOTA methods on video single-modality corruption task in terms of
classification Top-1 accuracy (%), with dataset Kinetics50-C in severity level 5. Results of the
comparison methods are cite from|Yang et al.|(2024).

Method Type Gauss. Shot. Impul. Defoc. Glass. Motion. Zoom. Snow Frost Fog Bright. Cont. Elastic. Pixel. Jpeg | Avg.
Source - 46.8  48.0 469 67.5 62.2 70.8 66.7 61.6 603 467 752 52.1 65.7 66.5 619 | 599
TENT TTA 46.3 470 463 67.2 62.5 71.0 67.6 63.1 61.1 349 754 51.6 66.8 672  62.7 | 594
SAR TTA 467 474 468 67.0 61.9 70.4 66.4 618 606 46.0 752 52.1 65.7 66.4 620 | 59.8
EATA CTTA 46.8 476  47.1 67.2 62.7 70.6 67.2 623 609 467 752 524 65.9 66.8  62.5 | 60.1
MMTTA | MM-TTA 462 466  46.1 58.8 55.7 62.6 58.7 526 544 485  69.1 49.3 57.6 564 546 | 54.5
READ MM-TTA 494 497 49.0 68.0 65.1 712 69.0 645 644 574 755 53.6 68.3 68.0 65.1 | 62.5
MDAA | MM-CTTA  55.1 S5 587 64.5 62.3 67.7 65.0 61.6 63.6 579 722 54.8 66.6 670 652 | 62.3

Table 9: Comparison with SOTA methods on video single-modality corruption task in terms of
classification Top-1 accuracy (%), with dataset VGGSound-C in severity level 5. Results of the
comparison methods are cite from|Yang et al.|(2024).

Method Type Gauss.  Shot. Impul. Defoc. Glass. Motion. Zoom. Snow Frost Fog Bright. Cont. Elastic. Pixel. Jpeg | Avg.
Source - 528 527 527 572 572 58.7 576 564 566 556 589 537 56.9 558 569 | 56.0
TENT TTA 527 527 527 56.7 56.5 579 572 559 563 563 584 54.0 574 562 567 | 55.8
SAR TTA 529 52.8 529 572 57.1 58.6 576 563 567 559 589 54.0 57.0 56.0 57.0 | 56.1
EATA CTTA 53.0 52.8 53.0 572 57.1 58.6 57.8 56.3 56.8 56.4 59.0 54.1 574 56.1 57.0 56.2
MMTTA | MM-TTA 7.1 73 7.3 44.8 41.5 48.0 455 274 235 305 46.9 242 403 407 457 | 320
READ MM-TTA 53.6 536 535 579 577 59.4 58.8 572 578 550 599 552 58.6 571 579 | 569
MDAA | MM-CTTA | 54.89 5525 5532 63.89 6249 6726 6586 6432 6531 61.86 7320 61.60 67.83 69.22 68.69 | 63.80

D.2 PERFORMANCE COMPARISON ON SINGLE-MODALITY CONTINUAL CORRUPTION
In this section, we compare the performance of each method under single-modality corruption. This

task is similar to the progressive single-modality corruption task described in the main text, but
here we use a batch size of 64.
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Table 10: Comparison with SOTA methods on audio single-modality continual corruption task
in terms of classification Top-1 accuracy (%), using dataset Kinetics50-C and VGGSound-C in
severity level 5. The best results for each domain are highlighted in bold. * means we revise the
method from BN to LN for fair comparison.

Method Type KinetiC§50—C ‘ VGGSo_und—C _

Gauss. Traff. Crowd Rain  Thund. Wind | Avg. | Gauss. Traff. Crowd Rain Thund. Wind | Avg.
t t

Source - 7397 6521 6779 7027 6798 7045 | 69.28 | 3732 21.24 16.89 21.82 27.37 25.66 | 25.05
TENT* TTA 7444 68.04 7130 7025 7253 7035 | 71.15 10.76 1.15 0.40 0.32 0.51 0.31 224
SAR TTA 73.88 65.68 68.00 7091 69.07 7045 | 69.66 | 37.39 857 7.03 1258 1077 13.71 | 15.01
CoTTA CTTA 73.89 66.84 68.08 6753 71.10 6933 | 69.46 | 39.70 34.88 3554 33.67 3942 33.83 | 36.17
EATA CTTA 7395 6526 68.03 7045 68.17 7048 | 69.39 | 40.49 31.07 3198 31.40 3826 33.84 | 34.51

MMTTA* | MM-TTA | 6932 69.01 69.00 69.07 6896 6895 | 69.05 | 1440 192 0.84 0.36 0.47 0.31 3.05
READ MM-TTA | 7474 6888 7043 70.69 7231 69.73 | 71.13 | 40.51 2539 2038 20.06 21.14 16.07 | 23.93
MDAA  MM-CTTA | 7333 7199 7336 7326 7424 73.76 | 73.32 | 3857 3457 3437 3430 3740 3570 | 35.82

t t
Source - 74.00 6520 67.92 7024 68.01 7043 | 69.30 | 37.31 21.25 16.89 21.81 27.37 2566 | 25.05
TENT* TTA 7331 7000 7157 7030 6887 71.09 | 70.86 | 0.37 0.30 0.30 0.31 0.97 3.73 1.00
SAR TTA 7329 6679 68.14 7071 6797 7036 | 69.55 | 32.02 9.92 7.04 9.49 1141  16.03 | 14.32
CoTTA CTTA 69.88 67.67 6784 6854 69.63 70.76 | 69.05 | 25.06 25.08 28.01 3322 3790 29.67 | 29.82
EATA CTTA 7396 6530 68.15 7036 68.18 7040 | 69.39 | 40.65 3232 30.65 3223 38.16 3239 | 3440

MMTTA* | MM-TTA | 6892 6947 70.50 69.59 69.62 69.63 | 69.62 | 0.35 0.32 0.30 0.23 0.67 325 | 085
READ MM-TTA | 73.11 70.16 69.68 7090 72.07 70.73 | 71.11 | 2423 1623 16.84 17.65 29.12  30.30 | 22.39
MDAA  MM-CTTA | 72,55 73.67 7298 73.04 7318 71.55 | 72.83 | 38.59 3535 3450 3431 3694 3491 | 35.77

Table 11: Comparison with SOTA methods on video single-modality continual corruption task in
terms of classification Top-1 accuracy (%), with dataset Kinetics50-C in severity level 5.

Method Type Gauss.  Shot. Impul. Defoc. Glass. Motion. Zoom. Snow Frost Fog Bright. Cont. Elastic. Pixel. Jpeg | Avg.
t

Source - 4867 4981 49.01 6777 6188 7095  66.19 6139 6142 4535 7594 51.86 6581 6877 66.10 | 60.73

TENT* TTA 4853 48.65 46.06 6291 6215 6577 6383 5478 5464 3379 3679 1986 1175 382 338 | 4111

SAR TTA 4848 4987 4871 6692 6256 70.58  66.77 59.25 60.50 47.19 7534 50.77 6523 6691 64.01 | 60.21

CoTTA CTTA 49.17  46.65 43.69 6182 60.00 6354 6234 50.60 52.13 5335 6025 50.86 60.43 5828 62.61 | 55.71

EATA CTTA 4876 4984 49.03 6778 6202 7092 6620 61.55 61.53 4538 7597 5190 6591 6874 66.09 | 60.77

MMTTA* | MM-TTA | 4874 49.05 48.88 49.12 4894  48.88 48.86 4892 4892 4886 49.03 4879 4888 48.80 48.92 | 48.91
READ MM-TTA | 51.02 5354 5424 68.16 6636 6895 67.76 6285 6472 59.62 7099 53.02 67.03 63.71 6278 | 62.32
MDAA | MM-CTTA | 5584 5579 5550 6429 63.71 68.04 68.10 66.06 6801 6571 7297 6636 70.04 7051 70.53 6543

t

Source - 48.68 49.79 4897 67.69 61.82 7093 66.18 6139 6137 4529 7599 5189 6578 68.71 66.14 | 60.71
TENT* TTA 41.93  47.19 4922 6480 6433  68.05 63.86 6142 6212 51.65 7392 50.80 6747 69.03 66.80 | 60.17

SAR TTA 48.08 49.07 4883 6625 63.02  70.39 66.27 59.53 6031 4628 7562 5123 6547 6847 66.14 | 60.33
CoTTA CTTA 56.89 5726 5692 6639 65.16  68.11 66.52 6023 6246 5036 7347 50.02 66.04 67.85 67.06 | 62.31
EATA CTTA 48.67 49.80 49.16 67.68 62.02  70.92 66.13  61.57 6146 4517 76.02 5195 6590 68.71 66.22 | 60.76

MMTTA* | MM-TTA | 4982 4990 49.85 49.94 4986 49.92 49.89 4997 4994 4979 50.54 50.01 5433 5620 59.99 | 51.33
READ MM-TTA | 5200 5228 51.02 6243 6447  66.04 65.38 6139 65.10 6296 75.14 5359 6889 69.95 68.20 | 62.59
MDAA | MM-CTTA | 70.55 70.43 70.08 71.81 7030  72.19 70.88 69.38 69.35 6748 73.16 62.07 68.63 6798 6521 69.30

Table 12: Comparison with SOTA methods on video single-modality continual corruption task in

terms of classification Top-1 accuracy (%), with dataset VGGSound-C in severity level 5.
Method Type Gauss.  Shot. Impul. Defoc. Glass. Motion. Zoom. Snow Frost Fog Bright. Cont. Elastic. Pixel. Jpeg | Avg.
t

Source - 53.05 5291 5298 57.19 57.37 58.37 5745 5637 5647 5541 59.19 5375 5719 56.44 5733 | 56.10
TENT* TTA 5327 5276 5200 5458 54.35 55.04 54.86 52,59 5281 53.11 53,50 50.80 53.03 5231 52.14 | 53.14
SAR TTA 53.14 5329 5321 5695 5691 58.41 5747 56.10 56.78 56.34 5835 5398 5727 5593 5648 | 56.04

CoTTA CTTA 53.03 53.08 53.03 5292 5228 51.84 5141  50.83 50.08 49.66 49.22 4885 4830 47.62 47.20 | 50.62
EATA CTTA 53.74 53.67 5368 5720 5726  58.53 5793 5638 56.67 5623 59.04 53.63 58.19 57.36 5748 | 56.47
READ | MM-TTA 5377 5426 5428 5804 58.00  59.09 58.84 57.43 58.18 58.12 59.38 5599 5830 5751 5791 | 57.27
MDAA MM-CTTA | 5563 5591 5588 5750 57.77 58.27 57.84 57.05 56.72 56.77 58.67 5578 5755 56.87 57.84 | 57.07
t

Source - 53.01 5288 5297 5720 5742 5841 5749 5637 5649 5543 59.16 5374 57.19 5642 5729 | 56.10
TENT* TTA 5048 5050 50.50 53.09 53.19  53.70 53.18 5231 5347 53.57 5540 5222 5623 5674 56.99 | 53.44
SAR TTA 53.02 5295 5271 5678  56.63 58.18 5738 5597 56.69 5645 5846 5403 5741 56.53 57.16 | 56.02

CoTTA CTTA 48.10 4851 49.13 4990 5047  50.93 51.67 5214 53.17 53.19 5586 5321 58.02 56.60 56.71 | 52.51
EATA CTTA 53.69 53.66 5361 5726 5734 5846 57.84 5635 5682 5672 5921 54.10 5828 57.39 57.54 | 56.55
READ | MM-TTA | 5533 5534 5493 5816 57.88  58.82 58.50 5724 5794 57.86 59.65 55.67 5879 57.87 58.10 | 57.47
MDAA MM-CTTA | 55.85 55.87 5594 5740 5785 5825 57.95 57.02 56.89 56.68 58.66 5584 57.58 56.92 58.00 | 57.11
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D.3 DYNAMIC THRESHOLD UPDATE

The threshold ¢ we used in DSM is a fixed number. In this section we attempt to update ¢ in a
dynamic way during the adaptation. We define the threshold 6; for classifier ¢ in time ¢ as

- 0i_ —i—)\(di—d’;) ift >1 .
i_ )V t t—1) _
Ht—{eim ft=1 ,i={a,v,m} (16)
Ny, leader 7
) P — P,
di — PO (max( kN ) — max( k)) i = {a,u,m}, 17
k

where ) is the learning rate, 6;,; is the initial threshold and Ny is the batch size. d: is calculated to
reflect the gap between leader and follower i. The original intention of this design is to adjust the
size of the threshold according to the change of d;, so as to eliminate the statistical bias of different
domains. However, as shown in Table[I3] such attempt is not only achieve lower performance while
needs more variables to be memorized. So only the fixed threshold is used in the formal method.

Table 13: Ablation studies on parameter \. Table 14: Ablation studies on parameter c.

\ KS-video VGG-audio Q | KS-video |
= — = — — AN

0 63.55 69.54 | 34.37 34.35 09 | 6429 69.29

0.01 | 63.49 69.31 | 3435 34.30 0.8 | 64.88 69.29

0.05 | 63.36 69.43 | 34.38 3431 0.7 | 6543 69.30

0.1 | 63.18 6942 | 3440 34.29 0.6 | 6520 68.81

02 | 6293 69.33 | 3441 3431 05 | 3537 37.37

D.4 LABEL WEIGHT DISTRIBUTION

The weight assignment in SPS follows the formula o; = round((n+1—14)/>." ). In this
section we make a toy experiment to explore whether such assignment is reasonable. We take KS-
video as example which use top 2 classes for reconstruction. Table [I4]show the results on different
weight assignment. It can be seen that the performance peaks at 0.7, corresponding to the assignment
in main text. Therefore the assignment of weights in the main text is justified.
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