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Abstract

Existing test-time adaptation (TTA) methods primarily focus on scenarios involving
domain shifts in a single modality. However, they often prove ineffective when
multiple modalities simultaneously undergo domain shifts, as they struggle to
identify and utilize reliable samples within testing batches amid severe prediction
bias. To address this problem, we propose Partition-Then-Adapt (PTA), a novel
approach combating prediction bias for TTA with multi-modal domain shifts. PTA
comprises two key components: Partition and Debiased Reweighting (PDR) and
multi-modal Attention-Guided Alignment (AGA). Specifically, PDR evaluates each
sample’s predicted label frequency relative to the batch average, partitioning the
batch into potential reliable and unreliable subsets. It then reweights each sample by
jointly assessing its bias and confidence levels through a quantile-based approach.
By applying weighted entropy loss, PTA simultaneously promotes learning from
reliable subsets and discourages reliance on unreliable ones. Moreover, AGA
regularizes PDR to focus on semantically meaningful multi-modal cues. Extensive
experiments validate the effectiveness of PTA, surpassing state-of-the-art method
by 6.1% on Kinetics50-MC and 5.8% on VGGSound-MC, respectively. Code of
this paper is available at https://github.com/MPI-Lab/PTA.

1 Introduction

Pre-trained models tend to encounter performance degradation when deployed due to source-target
domain shifts. To mitigate this, TTA updates model parameters during inference using online data,
making it essential for applications like visual understanding [31}30] and embodied intelligence [6,
18]]. Recent studies have expanded TTA to multi-modal scenarios (MM-TTA), such as multi-modal
action recognition and event classification [43} 150} 9]. However, they primarily focus on single-modal
domain shifts in multi-modal tasks, where only one modality undergoes a shift while others remain
unaffected. In the real world, multi-modal domain shifts are more commonly encountered. For
instance, variations in lighting and background noise can degrade the performance of cameras and
acoustic sensors used in autonomous driving systems [43, |40]. In this paper, we investigate the
challenging problem of simultaneous domain shifts across multiple modalities in MM-TTA scenarios.

Existing MM-TTA methods typically address single-modal domain shifts in multi-modal tasks, but
they fall short in handling multi-modal domain shifts. This is mainly due to difficulties in identifying
and effectively leveraging reliable samples. From Fig. [T] (a), we observe that as more modalities
become contaminated, the pre-trained model gradually loses reliability in multi-modal fusion, causing
fused representations of different classes to overlap. Consequently, as shown in Fig.[T](b), this results
in biased predictions. In the context of TTA, updating the pre-trained model with biased predictions
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Figure 1: (a) t-SNE [35]] visualizations of fused representations under clean, single-modal, and multi-
modal domain shifts. (b) Proportions of predicted labels under the same domain shift conditions as (a).
(c) Comparison of true positive rates for test data grouped by normalized entropy bins (interval: 0.1) .
All experiments are conducted on the Kinetics50-C(MC) [43]] with the pre-trained CAV-MAE [43]]
model. The audio and video noise types are “Crowd” and “Gaussian Noise”, respectively.

rapidly accumulates errors, leading to collapsed trivial solutions [26], i.e., limiting predictions to
a narrow subset of classes. One popular way to mitigate this is to perform model adaptation using
only high-confidence samples [43} 50, 9. However, this strategy frequently struggles to adapt to
multi-modal domain shifts. As illustrated in Fig.[1|(c), we observe a notable drop in the true positive
rate for high-confidence samples, indicating that many of the selected “reliable” samples are actually
false positives. In this case, updating the pre-trained model with these “reliable” samples amplifies the
risk of error accumulation. Therefore, relying exclusively on prediction confidence fails to provide a
reliable basis for sample selection and reweighting during TTA under multi-modal domain shifts.

To address the above challenges, we propose a Partition-Then-Adapt (PTA) method, which discovers
and leverages reliable samples for TTA in the presence of multi-modal domain shifts. PTA consists
of two key components, i.e., Partition and Debiased Reweighting (PDR) and multi-modal Attention-
Guided Alignment (AGA). Specifically, given test samples under multi-modal domain shifts, PTA first
quantifies the prediction bias level for each sample. This bias is calculated based on how frequently
the sample’s predicted label appears relative to the average frequency of predicted labels within the
batch. Samples with lower prediction bias are identified as potentially reliable, while those with
higher bias are deemed potentially unreliable. It then employs a quantile-based reweighting scheme
in the multi-modal adaptation that jointly assesses prediction bias and confidence levels, assigning
positive and negative weighting factors for reliable and unreliable samples. By separately applying
weighted entropy minimization and maximization to each group, it simultaneously promotes learning
from reliable samples and discourages reliance on unreliable ones. Since the entropy maximization for
unreliable samples may drive the attention map toward an undesired uniform distribution, potentially
causing the model to attend to non-discriminative or noisy signals, we further introduce a multi-modal
attention-guided alignment (AGA) method to mitigate this risk. Specifically, AGA uses the attention
map distributions of reliable samples to guide the update of those from unreliable samples through
a maximum mean discrepancy-based regularization. It ensures the attention maps distribution of
unreliable samples remains aligned with the semantically meaningful cues from reliable samples,
rather than being misled by undesired uniform distributions. The contributions of this work can be
summarized as follows:

(1) We show that solely believing in prediction confidence may induce error accumulation under
multi-modal domain shifts in TTA.

(2) We propose a novel PTA method, which consists of Partition and Debiased Reweighting (PDR)
and multi-modal Attention-Guided Alignment (AGA). PDR offers a reliable sample selection
and reweighting scheme that combats prediction bias for MM-TTA. AGA further regularizes
PDR to focus on semantically meaningful multi-modal cues.



(3) PTA consistently outperforms all state-of-the-art methods on multi-modal tasks, with pronounced
advantages under multi-modal domain shifts.

2 Related Work

Test-Time Adaptation. TTA [37,[19] aims to adapt a pre-trained model to the target domain using
online data without ground-truth labels. Traditional works typically address four core challenges of
TTA, i.e., noisy pseudo-label8[24], biased entropyd5,[16,[13,/38,/41], catastrophic forgettingdd],

and miscalibrated batch normalization statisti€5].[ To mitigate noisy pseudo-labels and biased
entropy, existing methods employ sample selection/reweighfg2p, 16], pseudo-label re ne-

ment ], and robust prototypes learning, 48, 39]. For catastrophic forgetting, memory bankg,

Fisher regularization2b, 33|, and teacher-student frameworl®] 5, 22, 34, 28] are commonly
adopted to achieve prediction consistency. Meanwhile, miscalibrated statistics are typically corrected
via source-target normalization statistics mixdp,[7, 49]. Although effective in single-modal set-
tings, their direct application to multi-modal scenarios often yields suboptimal results, as real-world
multi-modal domain shifts involve more complex noise patterns [9].

Multi-Modal Test-Time Adaptation. Different from traditional TTA studies, which primarily handle
single-modal data, MM-TTA addresses the challenge of domain shifts in multi-modal data. Pioneer
works [29, 2, 1] attribute the challenges to intra- and cross-modal error accumulation, and conduct
similar operations with traditional single-modal TTA methods, such as pseudo-lab&irQ] and
teacher-student guidancéd, 5]. A recent work 3] advocates that the key of MM-TTA is mitigating
increasing information discrepancies, i.e., reliability bias, and proposes reliable fusion and robust
adaptation as a solution. Its followers introduce attention bootstrapphgniutual information
sharing P] to further boost the performance. However, they focus on addressing single-modal domain
shifts, where only one modality undergoes domain shift while others remain intact. In this paper, we
demonstrate the robustness of our method on both single-modal and more practical and challenging
multi-modal domain shifts.

3 Method

3.1 Problem Formulation

We de ne the problem using the example of video and audio co-classi cation for clarity. Consider
a multi-modal pre-trained mod& = ( ; a;F),where |, and , are the encoders for video
modality v and audio modalitya, respectively, and the blodk is the fusion component with

a prediction head. Let the output logits peX) = M (X) for online mini-batchX, where

X =fx 0L = f(x 1;x3);(x%;x5);  ;(xh:x3)g. For samplex 2 X , the prediction can be
computed by}(x) = arg max(softmax(p(x)) ). During MM-TTA, the model updates the tunable
parameters™ with self-supervised loss functions, e.g., entropy loss.

Previous MM-TTA methods43, 50] focus on single-modal domain shifts, where only one modality

is corrupted, which may deviate from real-world scenarios. In this paper, we focus on multi-modal
domain shifts in MM-TTA, and propose a novel Partition-Then-Adapt (PTA) method. As shown in
Fig. 2, PTA consists of Partition and Debiased Reweighting (PDR) and multi-modal Attention-Guided
Alignment (AGA). PDR identi es reliable and unreliable candidates and reweights their contributions,
and AGA regularizes PDR to focus on semantically meaningful multi-modal cues.

3.2 Partition and Debiased Reweighting

Sample reweighting is a widely adopted strategy in traditional TTA, designed to balance the in uence
of reliable and unreliable samples. Building on this approach, previous MM-TTA methods select and
reweight samples simply guided by low entro@p,[43, 9] or high softmax con denceq0]. They
perform well when only one modality undergoes domain shift among multiple modalities, allowing
the pre-trained model to leverage reliable, unaffected modalities to preserve prior knowdgdgje [
thereby maintaining the reliability of selected samples.

However, as we demonstrate in the experimentation section (Tables 1-3 and 6-7), the effectiveness of
existing reweighting strategies becomes less effective under multi-modal domain shifts compared to
single-modal domain shifts. In such scenarios, corrupted modalities compromise the reliability of



Figure 2: Overview of PTA. PTA rst partitions the online data into two subsets, and jointly evaluates
sample importance considering their prediction bias and con dence levels. It then adapts the pre-
trained model by weighted entropy minimization and multi-modal attention-guided alignment.

prior knowledge, degrade fused representations, and constrain predictions to a narrow set of classes.
Unlike single-modal settings, noise in a single modality can propagate through the fusion process,
disrupting the entire multi-modal syste®].[ As more modalities are affected, the collapse of prior
knowledge leads to a sharp decline in the true positive rate of con dent predictions and a more
pronounced increase in false positives. Consequently, con dence or entropy becomes an unreliable
indicator for identifying and reweighting samples under multi-modal domain shifts. In such cases,
adapting the model further increase the risk of prediction bias. To address this challenge, we design
a Partion and Debiased Reweighting (PDR) strategy that effectively combats prediction bias under
multi-modal domain shifts.

PTA rst identi es reliable and unreliable samples, and respectively promote and restrain their
contributions for better adaptation. Given a batch of multi-modal samflesith corresponding
predicted categorie®. Forx 2 X , the frequency of its predicted label can be expressed as
Z(x) = E le(yi =) . Here,1() is the indicator function that equals 1 when the condition is
true. For samples in the mini-batch X, we de ne their bias level of prediction as:

Z(X)= Z Z(X)=  Z Z(x 1);Z Z(X 2);::5Z Z(X ) 1)

whereZ = E ,ox Z(X) is the mean frequency of the predicted labels, therefore representing the
average bias level of all samples in the batch. Let the prediction con denk¥els denoted as

K(X) = max(softmax(p(X))) . Based on Eq(1), we partitionX into two subsetsX™* for less

biased predictionsZ{ 0 ) andX for more biased predictionZ (< 0), yielding corresponding

pairs of bias levels and con dence& * ;K*) and(Z ;K ). Building upon this partitioning, we
introduce a novel approach that leverages the sample-wise bias levels for achieving more reliable
reweighting adaptation.

To identify the reliability of test samples, we reweight thos&ih using their corresponding bias

and con dence levelsZ * andK™, via a quantile-based importance weighting sche@& * ) and

Q(K™*), whereQ() denotes the quantile ranking operation inspired ¥y B2]. Speci cally, we

rst sort all elements irZ andK, then compute each element's quantile by averaging the positions

of its rst and last occurrences in the sorted sequence, normalized by the total number of elements.
The details can be found in Algorithm 1. This quantile-based operatiah*oandK™* serves to
normalize sample in uence and suppress outliers by mapping raw scores to a relative scale. By jointly
ranking bias and con dence, it highlights samples that are both con dent and less biased, enabling
more reliable and robust adaptation. For a test sampl& , the reweighting indicator function can

be formulated as,

)

I(x) = E(Z *(9) QK *(X); ifx2X *;

ifx2 X
The reliable samples M * are those with less prediction bias and high con dence, and the unreliable
ones inX are those with large prediction bias. We set the weigh ofto s (s >=0), to reject
samples with obviously biased predictions during entropy minimization. Therefore, the weighted
entropy loss can be formulated as,

X
H(X) = 1(X) p(X)log p(X): ®)



Algorithm 1 Quantile Ranking Algorithm 2 PTA

1. Input: Sequence T 1: Input: Trained model M , Data batch X

2: Output: Quantile sequence Q 2: Calculate the prediction logitsp(X) =

3: Tsorted SOM(T), Q [1] M (X)

4: foreacht2 T do 3: Reweighting each element iX using

5. Find rstindex j where oredj] = t Eqg. (1), Eq. (2), and Algorithm 1

6: Find last index k where fredk] =t 4: Calculate the weighted entropy loss using
7:  Compute Q 'ZT'T‘J Eq. (3)

8: Append QtoQ 5: Calculate the MMD-based loss via Eq. (4)
9: end for 6: Calculate the overall loss using Eq. (5)

10: Return Q 7: Update the tunable parametéetd M

In summary, PTA takes both bias and con dence levels into account. Consequently, in the presence
of numerous false positives, the high bias levels help reduce the corresponding weights, thereby
mitigating error propagation during MM-TTA.

3.3 Multi-modal Attention-Guided Alignment

In Eq. (3), we introduce an entropy-based objective that assigns positive weights to reliable samples
X* and negative weights to unreliable oné¢s, aiming to minimize the entropy of * while
maximizing that ofX . X* has robust prior knowledge compared to thaXof, and we will verify

in Section 4.3. This mechanism, however, introduces a potential risks. In multi-modal learning,
attention-based fusior8p, 23], especially self- and cross-modal attention, is widely used to integrate
information from different modalities. Under the entropy maximization objective, the attention map
A associated witikK may converge toward a uniform distribution during adaptation. This can
cause the model to attend to non-discriminative or noisy signals, which in turn interferes with the
reliability and effectiveness gk * in the fusion process. To mitigate this issue, based on the partition
above, we propose a multi-modal Attention-Guided Alignment (AGA), which ensures that attention
remains aligned with semantically meaningful multi-modal cues. We explicitly enforces the model to
learn semantically meaningful multi-modal cues and push it as a guide for model adaptation via AGA.
Speci cally, we model the distribution oh* andA by mapping them into a high-dimensional
Reproducing Kernel Hilbert Space (RKHS) with Gaussian kernel g, and compute the regularization
based on maximum mean discrepancy [42] (MMD) as follows:

RA" ;A )=Emmoa + [MMOI+E nnoa [9(N9] 2 E a +na  [g(mn)]; (4

where(m; m9 are the positive pair drawn frol* , and(n; n9 are the negative pair drawn from
A . The rst two terms of Eq(4) encourage similarity among positives (negatives), promoting
consistency within each respective group. And the third term regularizes the model by guiding
with A* . Speci cally, it aligns the distributions o&  with those ofA* . As a result, to minimize
Eq. (4), the model has to focus on the semantically meaningful multi-modal cues&fomvhile
suppressing the knowledge from A

3.4 Overall Optimization
Finally, we combine Eq. (3) and Eq. (4) with a coef cient factor as the overall loss function:
LX)=H(X)+ R(A *;A ): (5)

For the clarity of our design, we summarize PTA in Algorithm 2. When the multi-modal system
receives online datX , it encodes the data of each modality as modality-speci c tokens, sends
the tokens to the fusion block, and outputs the corresponding logits. We use PTA to s&parate
intoX* andX based on the distribution of predicted class, and then reweight their contribution
using a quantile-based weighting approach. Moreover, we enforce the model to learn semantically
meaningful multi-modal cues using AGA.



Table 1: Accuracy comparison with SOTAs on Kinetics50-MC for multi-modal domain shifts (severity
level is 5 for all tables except Table 3 and 5). The best performances are highlighted.

| Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel ! Avg.
Source | 1292 1395 1305 37.20 36.94 4530 4179 30.36 31.88 2047 5529 1828 4230 3890 31.76
Tent [37] 6.72 7.03 6.68 27.02 29.00 3896 3443 1750 2222 830 5342 995 36.02 2871 23.72

ETA[25] 1290 13.80 13.00 38.83 39.36 47.42 4371 3250 33.13 19.90 57.13 18.07 4439 4148 33.02
MMTTA [29] 8.56 9.23 8.45 3217 34.06 4257 4035 24.06 28.02 11.62 55.53 12.88 4093 3596 27.97
ABPEM[50] | 12.27 13.16 12.24 40.59 41.08 50.05 4592 33.02 37.21 19.19 5841 20.02 46.25 40.72 33.91

SuMi [9] 12.38 1351 1275 3721 36.99 46.11 4223 29.80 3156 19.10 55.76 17.92 4190 37.78 31.44
READ [43] 14.14 1496 1478 43.12 4123 50.12 4592 35.06 37.20 26.28 5858 22.09 46.39 4297 35.40
PTA 21.93 2298 2211 47.72 4592 5255 49.31 40.25 4357 39.66 59.99 27.32 50.35 50.86 47.59 4147
Table 2: Accuracy comparison with SOTAs on VGGSound-MC for multi-modal domain shifts.
| Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. Contr. Elastic Pixel ! Avg.
Source \ 4.67 4.77 4.65 9.27 9.04 11.75 12.83 9.03 11.78 9.10 1582 5.97 12.82 10.03 9.56
Tent [37] 0.74 0.74 0.75 0.96 0.88 1.16 1.35 0.90 1.03 0.79 1.66 0.74 1.09 1.11 1.01
ETA [25] 6.72 6.86 6.69 13.34 1449 1715 1822 13.30 16.48 13.64 2330 7.77 19.92 1545 14.10

MMTTA [29] 241 2.79 2.44 4.16 3.63 5.24 580 363 375 214 826 214 4.72 4.76 4.14
ABPEM [50] 4.59 5.75 4.47 1262 13.70 1649 16.62 1272 14.62 1425 20.05 7.62 16.51 1212 1243
SuMi [9] 4.68 4.76 4.60 9.24 922 1147 1235 910 1140 869 1516 5097 1255 9.88 9.34
READ [43] 7.43 7.71 7.65 13.01 13.71 1528 1458 1265 13.79 12.88 16.57 9.69 1575 13.16 12.50
PTA 10.89 10.96 10.73 18.08 1891 2186 21.22 19.06 21.08 20.61 25.32 13.78 2251 18.42 20.97 18.29

4 Experiment

4.1 Experimental Setting

Datasets. To comprehensively validate MM-TTA, we conduct experiments on benchmarks featuring
both synthetic and real-world domain shifts. For synthetic shifts, we apply 15 types of corrufitlpns [

to the video modality and 6 types of corruptiod§][to the audio modality of Kinetics50Lf] and
VGGSound 4], following the protocol in #3]. This results in a total of 90 combinations for each
benchmark, e.g., Kinetics50-MC and VGGSound-MC. Each corruption type is applied at 5 severity
levels. For real-world domain shifts, we choose CMU-MO&|] CMU-MOSEI [47], and CH-

SIMS [44] for evaluation, each comprising three modalities (e.g., text, audio, and video). See
Appendix A for more details.

Baselines. We compare our method with state-of-the-art (SOTA) methods, including TENT |

ETA [25], MMTTA [29], READ [43], SuMi [9], and ABPEM [50]. Details are in Appendix C.
Implementation details. For experiments on synthetic multi-modal domain shifts, we adopt the
pre-trained model from43] based on the CAV-MAE architectur8]| following [43, 9, 50]. The
learning rate and batch size are set to 2e-4 and 32 for Kinetics-C, and 1e-4 and 64 for VGGSound-C,
respectively. For the experiments on real-world domain shifts, we provide pre-trained models for
CMU-MOSI [46], CMU-MOSEI [47], and CH-SIMS 4] following the training protocol 10]. The
learning rate and batch size are set to 1e-3 and 24. Details are in Appendix B. By default, hyper-
parameters are setas= 0:5, =1 . Following [43, 50], we update query/key/value transformation
matrices of the attention layer in the fusion block. We run all experiments with 5 random seeds on
one NVIDIA 4090 GPU, and report the average accuracy.

4.2 Comparison with SOTAs

Robustness to synthetic multi-modal domain shifts. We present the results of the most challenging
task, where online data from both audio and video modalities is corrupted with the highest noise
severity (level 5), in Tables 1 and 2. Each number denotes the average performance over six audio
corruptions under a speci ¢ video corruption. As the rate of true positives experiences a signi cant
drop, existing methods that employ con dend8[50] or entropy P5, 9] as the criterion for sample
reweighting demonstrate limited improvement under multi-modal domain shifts. In comparison, PTA
outperforms all existing SOTA methods across all corruption combinations. Speci cally, it achieves
a 9.71% and 8.73% performance gains compared to the pre-trained model on Kinetics50-MC and
VGGSound-MC, respectively. This demonstrates the effectiveness of PTA in jointly assesses the
contribution of each data based on their prediction con dence and bias levels, and the importance of
leveraging the semantically meaningful multi-modal cues to guide model adaptation.

Robustness to real-world multi-modal domain shifts. We summarize the empirical results on
real-world multi-modal domain shifts in Table 3, where! “/B” denotes the source domain to the
target domain. We observe that existing methet$; 25, 50] that depend on con dence or entropy as

the criterion to select and reweight samples bring marginal improvements compared to the pre-trained
model.



Table 3: Accuracy comparison with SOTA methods on CMU-MOSI, CMU-MOSEI, and CH-SIMS.
We denote CMU-MOSI, CMU-MOSEI, and CH-SIMS as MOSI, MOSEI, and SIMS for clarity.

| MOSIIMOSEI  MOSI!SIMS Avg. | MOSEI!MOSI  MOSEI'SIMS Avg. | SIMS!IMOSI  SIMS!MOSEI Avg.

Source | 54.42 24.80 39.61 | 77.00 30.05 53.53 | 51.86 31.42 41.64
Tent [37] 51.15 23.50 37.33 76.72 30.15 53.44 52.04 29.11 40.58
ETA[25] 55.04 2531 37.33 77.66 31.05 54.34 52.32 32.67 42.45
MMTTA [29] 54.15 25.80 39.98 76.41 30.16 53.29 52.24 29.28 40.76
ABPEM [50] 56.72 23.80 40.30 76.83 31.25 54.04 52.10 35.86 43.98
SuMi [9] 56.37 24.40 40.39 78.11 30.62 54.37 52.53 36.36 44.45
READ [43] 55.63 24.00 39.82 76.97 29.80 53.39 52.10 35.32 43.71
PTA 57.17 25.96 41.66 78.83 31.85 55.34 52.94 38.01 45.48

Table 4. Comparisons on the key components of PTA. “Baseline + PTéverages only X .

| Gauss. Shot Impul. Defoc. Glass Motion Zoom Snow Frost Fog Brit. ~Contr. Elastic Pixel | Avg.
Baseline | 9.03 972 907 3252 34.03 4316 40.08 2446 27.97 12.87 5504 1377 4040 3465 | 28.11
+PTA 10.77 1169 11.16 43.74 41.80 50.04 46.94 3418 39.11 21.04 5842 16.95 47.61 45.76 | 34.82
+PTA 20.65 2165 20.66 45.85 44.63 51.34 4892 40.11 4343 3923 5871 27.07 49.77 49.68 | 40.57

+PTA+AGA | 21.93 2298 22.11 47.72 4592 5255 4931 40.25 43,57 39.66 59.99 2732 5035 50.86 47.59| 41.47

Figure 3: (a) Comparisons on existing sample reweighting methods. (b) The distribution of the
weighting factors computed by comparison methods. The prediction confusion matrix of the (c)
pre-trained model and (d) PDR on video corruption “Defocus” and audio corruption “Crowd”.

This is because their selected “reliable” samples contain a plenty of false positives, which negates
the potential improvement. In comparison, PTA outperforms all SOTA methods, and improve the
pre-trained model by 2.56% on average. These improvements are mainly attributed to the effective
handling of sample reliability under multi-modal domain shifts. These results demonstrate the rational
design and effectiveness of PTA.

4.3 Ablation Study

All experiments in this subsection are performed on Kinetics50-MC (severity level 5).

Contribution of each component. To analyze the importance of each component, we evaluate the
baseline with the proposed partition and debiased Reweighting (PDR) and multi-modal attention-
guided alignment (AGA) in Table 4. The baseline is T&¥ [ modi ed to update the same tunable
parameters as ours. The results indicate that PDR is an effective sample reweighting solution under
multi-modal domain shifts, indicating that the joint assessment of prediction bias and con dence levels
are important. The combination of baseline and PDR results in further improvements, supporting
the rationale that simultaneously promoting the knowledge in reliable samples and restraining the
error propagation of unreliable ones effectively aids model adaptation. Moreover, the integration
with AGA consistently improves the performance, demonstrating that guiding the optimization of
A with the semantically meaningful multi-modal cues from 4s effective.

Comparison with sample reweighting methods. To verify the effectiveness of PDR, we compare it
with SOTA sample reweighting methods in MM-TTA, including low entropy (LEJ][and single-

modal assistance (UAR[ with entropy-based reweighing (EW)9,[25] and robust adaptation

(RA) [43]. The results are summarized in Fig. 3 (a). We observe that sample reweighting-based
methods outperform those relying solely on sample selection (i.e., “LE”), indicating that they partially
mitigate the prediction bias issue. Unlike previous methods that follow single-modal TTA mefjods [
and rely solely on con dence or entropy as smaple selection and reweighting signal, PDR introduces a
comprehensive measurement. Empirical evidence supports that PDR is effective in combats prediction
bias under multi-modal domain shifts, as it simultaneously leverages the respective strengths of both
reliable and unreliable samples.



Figure 4: (a) Comparisons on variants of AGA. “none” denotes the performance with the absence of
AGA. (b) The distribution of attention maps for four blocks on »and A | respectively.

Figure 5: Comparisons on (a) s, (b) , (¢jand (d) learning rate. (e) Analysis oi.

Analysis of PDR. We further conduct a deeper analysis of PDR by visualizing the distribution of
weighting factors for three SOTA methods in Fig. 3 (b), and providing the prediction confusion matrix
for both the pre-trained model and PDR in Fig. 3 (c). As shown in Fig. 3 (b), “UA + EW” assigns
high weights to the selected candidates, regardless of whether they are false positives or not. This
increases the risk of error accumulation. As we demonstrate in Fig. 1 (c), the rates of true positives
in predictions run low under multi-modal domain shifts, and the increasing false positives may
counteract the positive contribution. “LE + EW” and “LE + RA’ mitigate this issue by conservatively
assigning lower weighting factors for each sample. However, this brings limited performance gains
as shown in Fig. 3 (a). In contrast to these methods, PDR explicitly assigns negative weights to
potential false positives, while also promoting the importance of potential true positives based on a
joint assessment of prediction bias and con dence levels. This guarantees a signi cant improvement
compared to previous methods.

As illustrated in Fig. 3 (c), the pre-trained model experience severe prediction bias dealing multi-
modal domain shits. This bias can be substantially alleviated by equipping the pre-trained model with
PDR, which is proven by Fig. 3 (d). Speci cally, the false positive rates for the top two biased classes
are 24.24 and 24.04, respectively, whereas PDR reduces them to 5.66 and 6.74. This con rms that
the design of PDR mitigating false positives is effective.

We also compare our choice gfwith static values in Fig. 5 (e). We note that static values are not
ideal, as overly large or small values can introduce noise. The results demogsisappropriate

for representing the average bias level within the batch.

Analysis of AGA. To investigate the mechanism of AGA, we compare the performance for different
attention blocks and their combinations in Fig. 4 (a), and provide the distribution of attention maps
for each block computed by clea@; , andA . The attention map (denoted as “all”) can be divided
into self-attention blocks (denoted as “aa” and “av”) and cross-attention blocks (denoted as “av”’ and
“w"). From Fig. 4 (a), we observe that the performance gain achieved by applying AGA on different
attention blocks or their combination varies. In speci ¢, “aa” and “va” achieve the best results for
single attention block, while “vv” and “av” achieve modest improvement. As evidenced in Fig. 4 (b),
the attention maps “aa” and “va” in* have distributions closer to the clean versions, whereas “vv”
and “av” show distributions farther from them. This explains the necessity of guiding the optimization
of A with the semantically meaningful multi-modal cuesAifi. In practice, one can effectively
choose the attention blocks with semantically meaningful multi-modal cues by analyzing the variance
of each block since the optimal ones are less sensitive to multi-modal domain shifts.

Analysis of hyper-parameters. We summarize the ablation for hyper-parameters, inclugiimg
Eq.(2), inEg.(5), the learning rate, and the tunable parameteris Fig. 5 (a)-(d), respectively. We
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