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Abstract

Test-time adaptation aims to adapt a well-trained model to
potential distribution shifts at test time using only unla-
beled test data, without access to the original training data.
While previous efforts mainly focus on a single modality,
test-time distribution shift in the multi-modal setting is more
complex and calls for new solutions. This paper tackles the
problem of multi-modal test-time adaptation by proposing a
novel method named Attention Bootstrapping with Princi-
pal Entropy Minimization (ABPEM). We observe that test-
time distribution shift causes misalignment across modalities,
leading to a large gap between intra-modality discrepancies
(measured by self-attention) and inter-modality discrepancies
(measured by cross-attention). We name this the attention
gap. This attention gap widens with more severe distribution
shifts, hindering effective modality fusion. To mitigate this
attention gap and encourage better modality fusion, we pro-
pose attention bootstrapping that promotes cross-attention
with the guidance of self-attention. Moreover, to reduce the
gradient noise in the commonly-used entropy minimization,
we adopt principal entropy minimization, a refinement of en-
tropy minimization that reduces gradient noise by focusing on
the principal parts of entropy, excluding less reliable gradient
information. Extensive experiments on the benchmarks vali-
date the effectiveness of the proposed ABPEM in comparison
with competing baselines.

Introduction

Multi-modal learning (Blikstein 2013; Xu, Zhu, and Clifton
2023) has recently attracted increasing attention, with a wide
range of applications in many fields, including autonomous
driving (Zheng et al. 2023), video understanding (Lee et al.
2023a), sentiment analysis (Yu et al. 2021), and robotics
(Krauhausen et al. 2024). Recent advances in this field of-
ten encode each modality into tokens and utilize transform-
ers to learn the embedding (Yao and Wan 2020; Zhang et al.
2022). Then, the modalities are often fused with the attention
mechanism. Although this paradigm has achieved promising
results, it assumes that the test data have the same distribu-
tion as the training data, which may fail to hold in the wild
(Niu et al. 2023; Tang et al. 2023; Liang, He, and Tan 2024).

*Corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: During test time, the distribution shift typically has
a larger impact on the inter-modality discrepancy than intra-
modality discrepancy, leading to an increasing attention gap.

To tackle the challenge of test-time distribution shift, test-
time adaptation has emerged as a promising solution as it
assumes neither the labels of test data (which is more prac-
tical) nor the access of training data (which protects pri-
vacy). Recently, many test-time adaptation methods have
been proposed (Wang et al. 2021; Boudiaf et al. 2022; Chen
et al. 2022; Nguyen et al. 2023; Karmanov et al. 2024).
However, most existing test-time adaptation methods focus
on the uni-modal setting. In practice, multi-modal test-time
adaptation is more challenging. As is shown in Figure 1,
the test-time distribution shift causes not only intra-modality
changes (blue arrows) but also inter-modality changes (red
arrows), and the latter can potentially undermine the model’s
ability to effectively align and fuse different modalities as
the cross-attention tends to decrease under distribution shift.

Towards this end, we propose a novel method named At-
tention Bootstrapping with Principal Entropy Minimization
(ABPEM). ! As illustrated in Figure 1, when the attention-

'In this paper, the term bootstrap is used in its idiomatic sense
rather than the statistical sense.



based model is challenged by test-time distribution shift,
intra-modality discrepancies increase mildly, while inter-
modality discrepancies increase significantly. This is indi-
cated by a mild decrease in the raw self-attention score (be-
fore softmax) and a sharp decrease in the raw cross-attention
score, which leads to the attention gap. Decreased cross-
attention hinders the alignment and fusion across modali-
ties, leading to potentially inferior test-time performance. To
encourage cross-attention and decrease inter-modality dis-
crepancies, a naive approach is to minimize the difference
between modalities. However, such a method could cause
mode collapse and information loss.

To solve this problem, we propose attention bootstrapping
that promotes cross-attention scores using self-attention
scores. Concretely, we model the distribution of raw cross-
/self-attention scores and use the distribution of self-
attention scores as the anchor to align the distribution of
cross-attention scores. This is better than the naive approach,
as it also takes into account the inherent reliability of each
modality. It is conceivable that when the intra-modality dis-
crepancies become larger under distribution shift (as indi-
cated by low self-attention scores), this modality becomes
less reliable. In such cases, we will have a low anchor (low
self-attention scores), and the cross-attention scores have a
low target, which results in less attention to this modality.

Moreover, to reduce the noise in the self-supervising sig-
nals in multi-modal test-time adaptation, we propose prin-
cipal entropy minimization. Entropy minimization (Wang
et al. 2021; Zhang et al. 2023; Gao, Zhang, and Liu 2024)
is a commonly used technique in test-time adaptation in
the absence of ground truth labels. However, the compu-
tation of entropy involves the model’s predictions on ev-
ery class, reliable ones and unreliable ones. Under test-time
distribution shift, the model’s predictions on the less-likely
classes (classes with lower probabilities) become less reli-
able, and the gradients of them become noisy. Therefore, the
proposed principal entropy minimization excludes the less-
likely classes and focuses only on the more-likely (principal)
classes, which reduce gradient noise.

Extensive experiments on the benchmarks demonstrate
the effectiveness of the proposed method. The contribution
of this work is summarized as follows:

* We tackle the problem of multi-modal test-time adapta-
tion, which is practical yet under-explored, and propose a
novel method named Attention Bootstrapping with Prin-
cipal Entropy Minimization (ABPEM).

¢ We reveal that test-time distribution shift causes modal-
ity misalignment, and propose attention bootstrapping to
encourage modality alignment and fusion.

* We propose principal entropy minimization that focuses
on the principal part of the entropy and reduces the gra-
dient noise in traditional entropy minimization.

Related Works

Test-time Adaptation. Test-time adaptation tackles the
problem of distribution shift during test-time, but it assumes
neither the knowledge of test data labels nor the access of
training data. It is a practical setting since test data labels are
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hard to obtain, and it also protects privacy (Zhu et al. 2021;
Tan et al. 2023). Recently, a number of methods have been
proposed to solve this problem, utilizing entropy minimiza-
tion (Wang et al. 2021; Kundu et al. 2020; Liu, Zhang, and
Wang 2021; Mummadi et al. 2021; Lee et al. 2023b, 2024),
sample selection (Litrico, Del Bue, and Morerio 2023; Pei
et al. 2023), normalization layer tuning (Hu et al. 2021;
Yang et al. 2022b; Lim et al. 2023; Wu et al. 2024), repre-
sentation invariance (Nguyen et al. 2023; Wang et al. 2023;
Chen et al. 2023; Ma et al. 2024a), self-supervised learn-
ing (Liu et al. 2021; Azimi et al. 2022; Ma 2024), and gen-
erative methods (Gao et al. 2023; Prabhudesai et al. 2024,
Tsai et al. 2024). While they have achieved remarkable per-
formance, existing efforts mainly focus on a single modal-
ity. In multi-modal setting, test-time distribution shift causes
not only intra-modal discrepancies but also inter-modal dis-
crepancies. There are some works on multi-modal test-time
adaptation, but this work differs from them. Shin et al. (Shin
et al. 2022) focus on the specific task of 2D-3D joint seg-
mentation, whereas our method is designed for more gen-
eral multi-modal settings. Yang et al. (Yang et al. 2024) re-
veal the challenge of reliability bias caused by multi-modal
distribution shifts, and propose READ to tackle the relia-
bility problem. By comparison, we observe a different phe-
nomenon named the attention gap that hinders modality fu-
sion, and propose ABPEM to promote modality fusion under
distribution shifts.

Multi-modal Learning. Learning from multi-modal data is
an essential topic of deep learning (He et al. 2021; Yang et al.
2022a; Zhao et al. 2022; Ma et al. 2024b; Huang et al. 2024).
Recently, there are increasing attention in alignment and
fusion of different modalities (Prakash, Chitta, and Geiger
2021; Xu, Yuan, and Ma 2023). Efforts have been devoted to
ensure effective fusion in adverse settings, including modal-
ity imbalance (Zhou, Chen, and Cao 2020; Peng et al. 2022;
Fan et al. 2023), missing modality (Ma et al. 2021, 2022;
Woo et al. 2023; Wang et al. 2024), and distribution shift
(Liu et al. 2023; Tang et al. 2024; Xia et al. 2024). How-
ever, these works focus mainly on the model’s training stage,
and in resource-limited scenarios, tuning the model’s back-
bone might be infeasible. Moreover, these algorithms often
require the labels of the data, which is hard to obtain in prac-
tice. This work differs from existing studies, as it explores
adapting the model online and during test-time, which is a
more practical setting under limited computation resources.

Methodology
Problem Definition

For simplicity, and without loss of generality, we use two
modalities (audio, denoted as A, and video, denoted as V') to
present the algorithm. The input of each modality is denoted
as 4 and V. The multi-modal learning system encodes
the inputs into two sets of tokens in the hidden space, i.e.
{2}, and {2Y}]v, (where T,y and Ty are the numbers
of tokens), using modality-specific encoders, i.e. £4 and
&Y. Then, an attention-based fusion module F is used that
combines the two sets of tokens and outputs the probability
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Figure 2: The framework of the proposed ABPEM.

distribution, i.e. p = F({z*}12,, {2} }]¥,). The probabil-
ity distribution is denoted as p = [p1,--- ,pc] € AL,
where C is the number of classes, and A€~ is the probabil-
ity simplex. In multi-modal test-time adaptation, the model

M = (E4,EV, F) has already been trained on the train-

ing set Dy, = {(wf,m}/,yi)}fv:‘{, where Ny, is the size

of the training set and y; is the label. However, the task
does not assume access of Dy, and instead, the goal is to
improve the model’s performance using unlabeled test data
Dy = {(z, ) )}, where Ny, is the size of the test set.
For practicability, we fix £4, £V and only tune a small part
of the parameters in F.

Framework Overview

The framework of the proposed ABPEM is illustrated in
Figure 2. During test time, the input audio and video are
encoded by £4 and £P to obtain hidden space representa-
tions (i.e. tokens). Then, the tokens from different modali-
ties are concatenated and a tunable layer is applied to gen-
erate queries, keys and values for each token, which are
used for attention. The attention bootstrapping is used on
the attention map that aligns the distributions of cross- and
self-attention. Subsequently, the attended tokens are pro-
cessed by layer normalization, the feed-forward network,
and the classifier network to generate predicted probabilities
p € A®~!. Finally, principal entropy minimization takes
top k reliable classes and computes the principal part of the
entropy, which is part of the objective.

Attention Bootstrapping

The attention mechanism (Vaswani et al. 2017) is the
most widely used paradigm for modality fusion (Nagrani
et al. 2021; Zong and Sun 2023). However, when the
model is challenged by multi-modal test-time distribution
shift, inter-modality discrepancy experiences more increase
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than intra-modality discrepancy, which leads to a widen-
ing gap between self-attention and cross-attention. Attention
bootstrapping aims to bootstrap cross-attention using self-
attention. Under the aforementioned paradigm, the tokens
learned by the modality-specific encoders are first concate-
natedas Z = [z{',- -+, 2,2}, , 21, |7 Subsequently,
query, key and value matrices (Q, K, V') are computed as:

Q= ZWqo+Bg, K =ZWgk + By,

V = ZWy + By, M

where Wg kv and Bg g,y are learnable parameters dur-
ing test time. Then, the unnormalized attention can be com-
puted as follows using queries and keys:

A=QK". (2)
We decompose A into four parts, i.e.

_ AA2A fA2v

= Lﬁiva szv} J 3)
where the X 2Y superscript denotes the unnormalized atten-
tion when modality X is the query and modality Y is the
key. The normalized version of attention scores are used to
fuse different modalities:

A = softmax(A/Vd),

where d is the dimension of tokens and Z’ is the attended
token embeddings.

When the model experiences test-time distribution shifts,
modality mismatch may happen, and this will cause both
intra- and inter- modality discrepancy. For example, when
the input video is subject to distribution shift, the distribution
of token embeddings {z)’ ZTZV , will have slightly higher vari-
ance due to the increased uncertainty (intra-modality dis-
crepancy), and they will also shift away from audio tokens

7 = AV, 4)
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Figure 3: As the test-time distribution shift becomes severer,
the attention gap (blue bar plot) tends to increase, and the
prediction accuracy (orange line plot) tends to decrease.

(inter-modality discrepancy). The intra-modality discrep-
ancy is signified by the decreasing value of self-attention
scores (i.e. AV2V), and inter-modality discrepancy is shown
by the decreasing of cross-attention (i.e. A42V). Note that
we use the unnormalized attention scores (the ones before
softmax), as they better reflect the distance of distributions.
Normalized attention scores are influenced by many factors
(e.g. the number of tokens). To better describe the attention
scores, we model them as Gaussian distributions:

Pasa(a) ~ N(1raza;0%4),

HA2A Zan(AiA}M)a 0,242,4 = Vaf(l‘iiAjQA)’

&)

where ¢ = 1,2,--- Ty and j = 1,2, ,T4. Similarly,
Pyoy(a), Pyav(a), and Pyoa(a) can be defined.

In Figure 3, we provide the empirical evidence that the at-
tention gap exists and tends to increase as the test-time distri-
bution shift becomes severer. Specifically, we introduce two
types of noise to the vision modality, i.e. defocus blur (a) and
zoom blur (b), and measure the attention gap pyay — fhaoy
as well as the prediction accuracy of the model. As can be
seen from the figure, when the model faces test-time distri-
bution shift, the attention gap (blue bar plot) generally in-
creases and the prediction accuracy (orange line plot) drops.
This suggests that inter-modality dependencies (signified by
cross-attention scores, i.e. P4oy (a) and Py 4(a)) are more
affected than intra-modality dependencies (signified by self-
attention scores, i.e. Paa(a) and Pyoy (a)) under distribu-
tion shift. Therefore, a feasible solution is to perform atten-
tion bootstrapping that uses self-attention scores as anchors
to boost cross-attention scores, and thus reduce the attention
gap, encouraging modality fusion.

Specifically, we adopt the strategy that minimizes the
Kullback-Leibler divergence between the distributions of at-
tention scores, which is formulated as follows:

o 1
Drr(Pasv||Pvav) = log UZ;‘j )
6
0oy + (pazv — pvav)? ©
+ 5 .
2075y

In Eq. 6, Py oy reflects how the video modality attends it-
self, and P2y describes how the audio modality attends the
video modality. In other words, Py oy reflects the video’s
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Figure 4: The test-time mean error increases with the rank of
the class. Classes with lower ranks are more robust to test-
time distribution shift (lower errors).

evaluation of itself: py oy is an evaluation of the amount of
information relevant to the prediction task, while oy 9y is
an evaluation of discriminability across tokens. When the
video modality itself has been fully adapted to the distribu-
tion shift, it is conceivable that such evaluation is better than
the assessment from the audio modality (©a2y and o g2v)
since there are modality discrepancies. Thus, our goal is to
decrease inter-modality discrepancies so that they are simi-
lar to intra-modality ones (not decreased to zero as we want
to preserve the natural discrepancies of different tokens).
Therefore, it is reasonable to use Py oy as an anchor to boot-
strap P4oy . We stop the gradient flow of the self-attention
scores (y 2y and oy 9y to avoid influencing the anchor.

Similarly, Dxr,(Py24||Pa2a) can be calculated, and the
loss objective of attention bootstrapping is written as:

Lag =Dk (Pasv||Pvav) + Prr(Pvaal|Paza). (7)

Principal Entropy Minimization

Entropy minimization is a commonly used technique in test-
time adaptation (Wang et al. 2021; Liu, Zhang, and Wang
2021; Lee et al. 2023b), as it does not require the labels to
compute loss objective. Although it improves performance,
entropy minimization inevitably introduce noisy gradient
signals, and there are some works that tackle this prob-
lem from the sample perspective (Zhang et al. 2023; Gao,
Zhang, and Liu 2024; Xiong and Xiang 2024). However,
these methods may fail to fully utilize all the samples from
the test data. In this part, we introduce principal entropy
minimization that tackles this problem from the class per-
spective. Specifically, we can write the entropy of p as:

H(p) =—> pilogp;, ®)
ies
where S = {1,2,---,C} is the set of all classes.
However, Eq. 8 contains terms of all classes, including the
more reliable ones and the less reliable ones. Denote the rank
of each class as r;, i € S, which can be formally defined as:

ri = {p; | €S Ap; > pi}l, )

where | - | denotes the cardinality of a set. Our observation is
that classes with lower ranks are more reliable. The empiri-
cal evidence is presented in Figure 4, where we measure the



Algorithm 1: Optimization Algorithm of ABPEM

Requires: The well-trained model M = (£4,EY, F), the
unlabeled test dataset D;., and k in Eq. 10.
Ensures: The adapted model, and the prediction on test data.

1: for each batch in D;, do

2. Compute the embeddings of inputs, i.e. {z}14 =
EA(@A) and (=) }T, = €V (")
3:  Compute the attention scores using Eq. 2.
4:  Compute the attention bootstrapping loss using Eq. 7.
5:  Obtain the predicted probabilities p from the output
of the fusion module F.
6:  Sort the predicted probabilities to obtain the ranks r;
defined in Eq. 10.
7. Compute the principal entropy in Eq. 11 as Lpgas.
8:  Compute the final loss function in Eq. 13.
9:  Update the tunable parameters in the fusion module
F through back-propagation.
10: end for

changes of predicted probability with respect to the rank of
the class. The results show that classes with lower ranks (or
relatively higher probabilities) are more robust to test-time
distribution shifts. Therefore, it is reasonable to exclude the
less reliable set from S in the computation of entropy.

Specifically, we define the reliable class set Sl(%k) for each
test sample based on the ranks r; derived from the predicted
probabilities p;, which is defined as follows:

S = {i e Sl <k}, (10)

where k is a hyper-parameter. Subsequently, we define the
principal entropy of p as:

H (p)=— > pilogpi.

iesH

Y

The principal entropy is then used as the minimizing objec-
tive to replace the entropy defined in Eq. 8:

Lpen =HW (p). (12)

Summary

In this part, we provide a summary of our method. When the
multi-modal learning system M receives data, it first en-
codes the inputs of each modality using modality-specific
encoders £4 and £Y. Then the learned embeddings are sent
into the fusion module F, in which attention bootstrapping
is performed using the attention scores. The fusion mod-
ule yields a probability distribution for each sample, and the
principal entropy is computed as the loss objective. The final
loss function can be written as:

L=Map+ Lpem (13)

The optimization procedure is summarized in Algorithm
1. It can be shown that this algorithm has the same time
complexity as the model M without adaptation, which is
O(Ned(Ta + Ty )?). Empirical results about efficiency are
provided in the experiment section.
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Experiments
Experimental Settings

Benchmarks. The experiments are performed on two
benchmarks: Kinetics50-C and VGGSound-C (Yang et al.
2024), which are based on the widely used Kinetics (Kay
et al. 2017) and VGGSound (Chen et al. 2020) datasets.
Each of the benchmarks contains two settings, i.e. corrupted
video setting (which contains 15 types of video corruptions)
and corrupted audio setting (which contains 6 types of au-
dio corruptions). Each type of corruption has 5 severity,
and we adopt severity 5 as default following (Yang et al.
2024). In the Kinetics50 dataset (from which Kinetics50-C
benchmark is constructed), the video modality typically con-
tains more information, whereas in the VGGSound dataset
(from which VGGSound-C is constructed), the audio modal-
ity typically contains more information.

Baselines Methods. The proposed ABPEM is compared
with several competing baselines, including Tent (Wang
et al. 2021), MMT (Shin et al. 2022), EATA (Niu et al.
2022), SAR (Niu et al. 2023), and READ (Yang et al. 2024).

Implementation Details. In the experiments, we use CAV-
MAE (Gong et al. 2023) as the architecture of M. The
model is pretrained on the corresponding training set (Ki-
netics or VGGSound). We set k£ in Eq. 10 to about 8 for
Kinetics50-C and 30 for VGGSound-C, and A to 1 by de-
fault. Moreover, we also use a class-balancing loss in align-
ment with (Yang et al. 2024). For optimization, we use
Adam optimizer (Kingma and Ba 2014) and the model is
optimized within a single epoch, with the learning rate of
1 x 10~*. More details can be found at https://github.com/
YushengZhao/ABPEM.

Performance Comparison

We first compare the performance of the proposed ABPEM
and the baselines in Table 1, Table 2 and Table 3. The first
model (Raw) denotes the model without any test-time adap-
tation. From the results, we have several observations.

* The proposed ABPEM achieves a consistent lead in both
Kinetics50-C and VGGSound-C benchmarks in the face
of various types of test-time distribution shifts. This
shows the overall effectiveness of the proposed ABPEM.

Our model experiences more significant improvement
when facing the test-time distribution that affects the
more informative modality (i.e. corrupted video modal-
ity of Kinetics50-C and corrupted audio modality of VG-
GSound). Previous efforts often ignore the problem of
increasing attention gap, whereas the proposed ABPEM
explicitly reduces this gap, which is beneficial for the
model to incorporate the more informative modality with
the other modality, and thus achieves higher accuracy.

The task of multi-modal test-time adaptation is inher-
ently hard. When the model is challenged by adverse dis-
tribution shifts, some models fail to achieve satisfactory
performance, and sometimes even worse than the model
before adaptation. This shows that without ground truth
labels, the gradients can be very noisy and are potentially



Noise Blur Weather Digital
Models Avg.
Gauss. Shot Impul. Defoc. Glass Mot. Zoom Snow Frost Fog Brit. Contr. Elas. Pix. JPEG
Raw 46.8 48.0 46.9 67.5 622 706 67.7 61.6 603 46.7 752 52.1 657 66.5 619 599
MMT 46.2 46.6 46.1 58.8 557 624 61.7 526 544 485 693 49.3 57.6 564 545 545
Tent 46.3 47.0 46.3 67.4 625 704 67.7 63.1 61.1 349 754 51.6 66.7 66.5 620 594
EATA 46.8 47.6 47.1 67.2 61.8 702 67.7 61.6 60.6 460 752 52.4 659 664 627 60.1
SAR 46.7 474 46.6 67.0 61.7 70.0 664 61.8 60.6 460 752 52.1 657 66.0 620 59.8
READ 494 497 490 68.0 65.1 712  69.0 645 644 574 755 536 683 680 651 625
ABPEM 503 511 504 70.0 69.6 725 71.2 652 662 65.6 75.7 566 719 705 67.8 65.0
Table 1: Prediction accuracies (in %) on Kinetics50-C benchmark (corrupted video modality).
Models Noise Weather Noise Weather Avg.
Gauss. Traff. Crowd. Rain Thund. Wind Gauss. Traff. Crowd. Rain Thund. Wind
Raw 73.7 65.5 67.9 70.3 67.9 70.3 693 37.0 255 16.8 21.6 27.3 255 256
MMT 70.8 69.2 68.5 69.0 69.8 68.5 694 14.1 52 6.4 9.8 8.6 4.5 7.6
Tent 73.9 67.4 68.5 70.4 66.5 704  69.6 10.6 2.6 1.8 2.3 3.3 4.1 4.5
EATA 73.7 66.1 68.5 69.5 70.6 69.4 694 392 26.1 22.9 26.0 31.7 304 294
SAR 73.7 65.4 68.2 69.9 67.2 70.2  69.1 37.4 9.5 11.0 12.1 26.8 23.7  20.1
READ 74.1 69.0 69.7 71.1 71.8 70.7  71.1 40.4 28.9 26.6 30.9 36.7 30.6 324
ABPEM  74.8 71.3 71.5 71.9 73.8 71.6 725  40.6 33.7 34.8 32.2 41.1 344 36.1

Table 2: Prediction accuracies (in %) on Kinetics50-C (left) and VGGSound- C (right) benchmarks (corrupted audio modality).

Noise Blur Weather Digital
Models Avg.
Gauss.  Shot Impul. Defoc. Glass Mot. Zoom Snow Frost Fog Brit. Contr. Elas. Pix. JPEG

Raw 52.8 527 527 572 572 587 56.8 564 566 55.6 589 537 569 558 569 560

MMT 7.1 73 73 44.8 415 48.0 455 274 235 305 463 240 43.0 40.7 457 320

Tent 52.7 527 527 56.7 565 580 565 550 57.0 563 58.7 540 574 5677 574 558

EATA 530 528 53.0 57.2 57.1 586 578 563 56.8 564 59.0 54.1 574 561 57.0 56.2

SAR 529 528 529 570 571 585 56.8 563 567 559 589 540 576 571 572  56.1

READ 536 536 535 57.9 5777 594 588 572 578 550 599 552 586 571 579 569
ABPEM 540 539 54.0 58.2 581 596 593 575 582 582 60.2 562 591 575 583 575
Table 3: Prediction accuracies (in %) on VGGSound-C benchmark (corrupted video modality).

75.0 places principal entropy minimization with vanilla entropy
7254 Vi V2 V3 Ours minimization. The last model is the proposed ABPEM,
&3 which contains both attention bootstrapping and principal
§7°'°' entropy minimization. The results on Kinetics50-C bench-
5 67.5+ mark are shown in Figure 5. As can be seen from the re-
< 65.0 sults, the use of attention bootstrapping increases accuracy

' significantly (comparing V1 and V2), this can be attributed

62.5 | T | T T | to the better fusion of modalities under distribution shift.

Glass Zoom Elas. Pix. Crowd Avg.

Type of Distribution Shift
Figure 5: Ablation of the main components of ABPEM.

harmful for the model. Our model adopts principal en-
tropy minimization, which reduces the noise in the gra-
dient and leads to better results.

Ablation Studies

Ablation of the main components. We design several vari-
ants of the model to investigate the role of attention boot-
strapping and principal entropy minimization. V1 is the
model that adopt a tunable layer , and use a basic self-
supervised objective in (Yang et al. 2024). V2 is the model
that uses attention bootstrapping. V3 is the model that re-
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Moreover, the improvement of vanilla entropy minimiza-
tion is marginal (comparing V2 and V3), whereas the pro-
posed principal entropy minimization further boosts the ac-
curacy (comparing V2 and Ours). This shows that reducing
the noise in the gradients, which is achieved by principal en-
tropy minimization, is beneficial for the performance.

Ablation of k£ in Eq. 10. We then investigate the role of hy-
perparameter k in principal entropy minimization. The re-
sults on Kinetics50-C benchmark are shown in Table 5. As
can be seen from the table, the model is generally not sensi-
tive to k, and the highest accuracy is achieved at 8. When &

is small, the reliable class set Sgg) for each sample is small,
which may not fully utilize all the information. Conversely,
when k is large, the reliability of class probabilities p; de-
creases, leading to noisy gradient information.



Models Raw Tent EATA SAR READ ABPEM
Samples per second  92.4  68.5 69.8 55.6 88.2 87.3
# Tunable parameters 0 02M 02M 02M 1.8M 1.8M
Table 4: Comparison of models’ efficiency.
k  Glass Zoom Elas. Pix. Crowd Avg.
6 6928 7083 7171 69.88 7149 70.64
7 6940 71.18 71.89 7042 7148 70.87
8§ 69.56 7124 7193 7053 7152 70.96
9 6953 7133 7183 7059 7149 70.95
10 69.55 7134 7175 7061 7148 70.94

Table 5: Ablated study about & in Eq. 10.
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Figure 6: The attention map with attention bootstrapping
(w/ A.B., left) and without (w/o A.B., middle). The pro-
posed attention bootstrapping encourages cross-attention,
and achieves better alignment with increased cosine simi-
larity between token embeddings of different modalities.

Efficiency Comparison

We then show that the proposed ABPEM is efficient. As
mentioned in the previous section, the time complexity of
the model is equivalent to the raw model M without adap-
tation. In Table 4, empirical evidences are provided where
we count the number of samples that the model processes
per second and the total number of tunable parameters on
the Kinetics50-C dataset. As is shown in the table, ABPEM
achieves similar speed (samples per second) compared to
READ. Moreover, it is faster than methods that require tun-
ing layer normalization modules (Tent, EATA, and SAR)
with relatively more tunable parameters, similar to READ.
The results show the efficiency of the proposed method.

Further Analysis

Better alignment with decreased attention gap. We inves-
tigate the role of attention bootstrapping in the alignment
and fusion of different modalities. As mentioned before,
attention bootstrapping encourages cross-attention with the
help of self-attention, and we visualize the unnormalized at-
tention map A of Eq. 2 in Figure 6 (left and middle, on the
Kinetics50-C benchmark, Fog corruption). The results show
a significant increase in cross-attention scores, and the atten-
tion gap pyay — pazy reduces from 1.02 to 0.11 (another
gap fta24 — 24 reduces from 0.98 to 0.23). This leads to
more aligned representations, as shown in Figure 6 (right),
where we plot the distribution of cosine similarities between
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Figure 7: The cosine similarities between the gradients of
cross entropy objective (with ground truth labels) and the
gradients of principal entropy minimization (P.E.M.) / en-
tropy minimization (E.M.) objective. P.E.M. yields gradient
directions closer to the ground truth than E.M.

the token embeddings of two modalities. This shows that
the representations of different modalities are more aligned
(higher similarity) when attention bootstrapping is used.

Reduced gradient noise. We then show the effect of princi-
pal entropy minimization in the reduction of gradient noise.
Specifically, we perform experiments on Kinetics50-C un-
der various types of distribution shifts and compare the gra-
dients generated from two sources: (1) the cross entropy loss
objective using the ground truth labels of the samples, and
(2) the principal entropy minimization (P.E.M.) objective or
the commonly used entropy minimization (E.M.) objective.
The distributions of the cosine similarities between gradients
from sources (1) and (2) are illustrated in Figure 7. As can
be seen from the figure, the gradients generated by P.E.M.
objective are closer to the gradients generated using ground
truth labels. This shows that by excluding the less reliable
classes from the computation of entropy, P.E.M. objective
reduces the noise signals in the gradients.

Conclusion

This paper tackles the problem of multi-modal test-time
adaptation, and proposes attention bootstrapping and prin-
cipal entropy minimization (ABPEM) to solve this problem.
When the multi-modal learning system is influenced by dis-
tribution shifts, modality mismatch occurs, and the attention
gap increases, which hinders the fusion of different modali-
ties. To reduce this gap, attention bootstrapping is proposed.
Moreover, we observe that classes with lower probabilities
are less reliable and may introduce noise in the gradients.
To tackle this, we differentiate the reliable classes and less
reliable classes with the proposed principal entropy mini-
mization. Extensive experiments on the benchmark datasets
demonstrate the effectiveness of the proposed ABPEM.
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