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6. Limitations

Although MAC demonstrates consistent robustness im-
provements across 20 diverse datasets without any retrain-
ing, it is inherently dependent on the choice of the aug-
mentation distribution and the multi-view configuration. In
our experiments, we adopt a set of low-level image trans-
formations and a small number of views, which may not
be optimal for all visual domains or attack types. Conse-
quently, the quality and diversity of the generated views
can bound the achievable robustness, particularly in spe-
cialized modalities (e.g., medical or remote-sensing im-
agery) where appropriate semantics-preserving transforma-
tions differ from those of natural images. Exploring richer,
domain-aware, or even learnable augmentation strategies
that can automatically adapt the multi-view generation pro-
cess to dataset- or task-specific characteristics is an impor-
tant direction for future work.

7. Datasets

As our method operates in a test-time setting, all experi-

ments are performed strictly on the test splits without using

training data. We evaluate our method on 20 datasets:

e Caltech101 [15]: Object category dataset with 101
classes and 2,465 test images.

e DTD [10]: Texture classification dataset with 47 classes
and 1,692 test images.

¢ Flower102 [44]: Flower species dataset with 102 classes
and 2,463 test images.

* Pets [46]: Pet image dataset with 37 classes and 3,669
test images.

e UCF101 [64]: Human action frame-based dataset with
101 classes and 3,783 test images.

 Aircraft [39]: Fine-grained aircraft recognition dataset
with 100 classes and 3,333 test images.

* EuroSAT [18]: Satellite imagery dataset with 10 classes
and 8,100 test images.

e Cars [31]: Fine-grained car model classification dataset
with 196 classes and 8,041 test images.

* SUN397 [78]: Scene recognition dataset with 397 classes
and 19,850 test images.

* Food101 [7]: Food image dataset containing 101 classes
and 30,300 test images.

* ImageNet [14]: Large-scale object classification dataset
with 1,000 classes and 50,000 test images.

* ImageNet-A [21]: Natural adversarial images with 200
classes and 7,500 test images.

* ImageNet-V2 [50]: Re-collected ImageNet samples with
1,000 classes and 10,000 test images.

* ImageNet-R [20]: Artistic renditions of ImageNet
classes with 200 classes and 30,000 test samples.

» ImageNet-S [71]: Sketch images with 1,000 classes and

50,889 test images.

* CIFAR10 [32]: 10-class natural image dataset with
10,000 test images.

* CIFAR100 [32]: 100-class natural image dataset with
10,000 test images.

* STL10 [11]: Image classification dataset with 10 classes
and 8,000 test images.

» Caltech256 [17]: Object recognition dataset with 256
classes and 30,607 test images.

* Country211 [48]: Geographic location prediction dataset
with 211 classes and 21,100 test images.

8. Implementation Details

Backbones and Baselines. We use pretrained CLIP
ResNet50, CLIP ViT-B/32, CLIP ViT-B/16, and CLIP ViT-
L/14 as the vision-language backbones, and all CLIP pa-
rameters are frozen without any tuning process. The CLIP
text prompt is formulated as “a photo of [CLASS]”. We use
CLIP ViT-B/32 as the default setting for all experiments,
unless mentioned otherwise. For fair comparisons, all com-
pared methods are evaluated under the same CLIP model
and strong attack scenario, using their officially released
implementations and default hyperparameters.! Among the
compared methods, we conduct TAPT [74] experiments
with CLIP ViT-B/16, as the method provides the necessary
precomputed values exclusively for this backbone.

Augmentation and counterattack. Inspired by Aug-
Mix [19], the augmentation distribution 7 applies a mild
random affine transformation (rotation < 5°, translation
< 4%, scale jitter +8%) to every image, followed by ad-
ditional augmentations, including Gaussian blur with stan-
dard deviation 0.5-1.2, additive Gaussian noise with stan-
dard deviation < 0.02, and color jitter (brightness, contrast,
and saturation £0.08; hue +0.02), each applied indepen-
dently with a probability of 0.5. For counterattack, we set
a reasonable £, budget of €(°® = 8 with short iterations
(K{=4) and step size of 2. Using this setting, we empir-
ically confirm that the counterattack perturbations remain

IMTA: https://github.com/MaxZanella/MTaA; TTC:
https :
Counterattacks; TAPT: https://github.com/xinwong/
TAPT; R-TPT: https://github.com/TomSheng21/R-TPT

/ / github . com / Sxing2 / CLIP - Test — time —
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https://github.com/Sxing2/CLIP-Test-time-Counterattacks
https://github.com/xinwong/TAPT
https://github.com/xinwong/TAPT
https://github.com/TomSheng21/R-TPT

Table 5. Evaluation of various adversarial finetuning and test-time adaptation methods on five datasets using CLIP-ViT-B/32, reporting
both clean accuracy (Acc.) and adversarial accuracy under PGD-10 attack with € = 4.0 (Rob.). The highest score is highlighted in bold.
In the adversarial fine-tuning methods, the superscripts represent the attack budgets used to generate adversarial images during adversarial

fine-tuning.

Dataset Metric ‘ CLIP‘ Adversarial Fine-tuning ‘ Test-time Defense
| | CLIP-FT TeCoA' TeCoA* PMG-AFT' PMG-AFT* FARE' FARE*| RN TTE Anti-adv HD TTC Ours
CIFAR10 Ace |8512] 8490 6461 6515 70.69 7145 7444 7846 |81.18 8474 8344 7823 81.18 83.84
Rob. | 043 | 275 769 117 10.20 15.59 1.94 542 | 000 347 032 167 2851 3596
CIFARIQ0 Acc- [57.14] 5951 3596 3630 4032 4151 46.67 47.38 |56.34 58.61 53.96 52.86 56.34 56.70
Rob. | 005| 067 654 925 7.60 10.80 264 454 000 137 022 000 9.06 18.36
STL1O Acc. |9640| 9449 8740  81.69 88.56 8435  91.72 89.11 [95.85 96.26 9547 89.50 95.83 96.17
Rob. | 0.16 | 375 2480 31.83 28.49 35.40 999 1759 | 0.06 3256 225 339 5240 73.49
Caltechase e |8172] 7853 6114 5205 62.24 5332 7332 67.22 [81.25 82.48 79.40 79.12 76.59 81.57
Rob. | 0.12 | 1.41 829 1176 10.65 13.68 218 509 |0.16 2323 144 034 27.25 52.56
Countrya1] Acc- |15.25| 1207 475 366 4.64 334 926 658 |14.80 14.66 11.60 11.72 11.99 14.45
Rob. | 0.00| 000 005 0.9 0.12 0.24 000 002 | 0.00 024 000 000 244 3.78
Average  Acc. |67.13| 6590 5077 47.77 53.29 5079 59.08 57.75 |65.88 67.35 64.77 62.29 64.39 66.55
Rob. | 0.15| 172 947 1295 11.41 15.14 335 653 | 004 1217 085 1.08 23.93 36.83

Algorithm 1 MAC: Multi-View Guided Adaptive Counter-

attack

Require: CLIP image encoder f, text encoder g, class
prompts {¢(c;)}, test image x

Ensure: Robust prediction ¢

1: Construct a multi-view v = [vp, ..., vy—_1] by applying
N — 1 stochastic augmentations to x.

2: Obtain view embeddings z; = f(v;) for all i.

3: Initialize perturbations &; ~ U[—¢(©®) €(¢®)] and up-
date §; through K steps of projected gradient ascent on
| f(vi + 6;) — 2i||3 with step size a and £,-projection
[16i]|oc < €(®), yielding &; for each view.

4: Sample an augmentation 7', compute normalized em-
beddings z; = z;/||zil|2 and Z; = f(T(v:))/|lzi]l2, set
corruption degree d; = ||z} — Z;||2, and obtain a soft
weight w; = O‘((di — Tthres)/Ttemp) € [0, 1] for all 4.

5. Form adaptively counterattacked views v; = v; + w;J;
for all 4.

6: Compute CLIP similarities between f(7;) and
{g(#(c;))}, average scores across all views, and set
§ = argmax; 5; where 5; is the aggregated similarity
for class j.

visually imperceptible, as illustrated in Fig. 11.

Algorithm Algorithm 1 provides an overview of our
proposed MAC method, detailing how multi-view guided
counterattacks and corruption-aware soft weighting are in-
corporated during test-time inference.

Attack settings. For all attack settings, perturbations
are applied to image tensors normalized to the [0, 1] range,
where the perturbation budget is expressed in the [0, 1] do-
main as €(®%) /255, We enable a random initialization and
use one restart for the attack to ensure strong adversarial

pressure. The detailed configurations are as follows:

PGD attack. We use an L -bounded PGD attack with
a perturbation budget of ¢(*%) = 4. The step size is set
to e(atk) /4, following common practice. We run 100 it-
erations for CLIP ViT models and 10 iterations for CLIP
ResNet models.

DI2-FGSM attack. We use an L.,-bounded DI>-FGSM
attack with the same e(®tK) step size, and number of it-
erations as PGD. All diversity-transformation parameters
follow standard settings, with a resize rate of 0.9, diver-
sity probability of 0.5, and decay set to 0.0.

CW attack. We adopt the Ly-bounded Carlini-Wagner
attack with ¢=3.0, k=0, 500 optimization steps, and a
learning rate of 0.01.

AutoAttack. We use the L.-bounded standard AutoAt-
tack configuration with the same ¢(®*%) as PGD, keeping
all internal thresholds and settings at default values of
their library.

MAC-adaptive attack. To evaluate robustness under
fully adaptive white-box threats, we design a pipeline-
aware PGD attack that explicitly incorporates the MAC
defense into the attack objective. At each iteration, the
attacker forms a perturbed image, generates N views us-
ing the augmentation distribution 7, and then applies the
multi-view guided counterattack with corruption-aware
soft weighting to these views. The attack maximizes
the cross-entropy loss between the aggregated logits over
the counterattacked views and the ground-truth label,
thereby increasing the model’s prediction error and effec-
tively implementing an expectation-over-transformations
(EOT) objective [4]. To backpropagate through MAC,
including its non-differentiable operations, we employ a
BPDA-style straight-through estimator [3, 6]: the forward
pass runs the full MAC pipeline, while the backward pass



DTD Caltech101 Flower102 Aircraft
@ 1.5 =@=Corruption @ 1.5 ==@=Corruption @ 1.5 ==@=Corruption @ 1.5 ==@=Corruption
= =#= Noise = =#= Noise = =#= Noise = =#= Noise
Sio o Sio Sio
= = = =
Sos gos Sos gos
200 SN ——y — 20“ SN — e g 200 S N — = —— — g — g 20“ e g
“0 1 2 4 8 16 ) 1 2 4 8 16 “0 1 2 4 8 16 ) 1 2 4 8 16
Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (¢ Budget)
Pets UCF101 EuroSAT SUN397
@ 1.5{=@=Corruption @ 1.5 =@=Corruption @ 1.5{=@=Corruption @ 1.5 =@=Corruption
= | == Noise 2 | == Noise 2 | == Noise 2 | == Noise
o S0 o S0
= = = =
Sos Sos Sos Z Sos
-~ — — -~
EOO e g —— g g EOO N e EOO e ey EOO N — g oy
0 1 2 4 8 16 T 1 2 4 8 16 “ o 1 2 4 8 16 T 1 2 4 8 16
Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (¢ Budget)
Food101 Cars ImageNet ImageNet-S
@ 1.5{==@=Corruption @ 1.5 =@=Corruption @ 1.5{==@=Corruption @ 1.5 ==@=Corruption
2 =#= Noise 2 =#= Noise 2 =#= Noise =2 =&= Noise
S0 1o S0 10
= = = =
o5 05 o5 o5
200 TN g g Eon TN — g g 200 e g gy 200 e e a
o 1 2 4 8 16 ) 1 2 4 8 16 : 1 2 4 8 16 ) 1 2 4 8 16
Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (€ Budget) Attack Strength (€ Budget)
ImageNet-R ImageNet-V2 ImageNet-A CIFAR10
@ 1.5{=@=Corruption @ 1.5 ==@=Corruption @ 1.5{=@=Corruption @ 1.5 =@=Corruption
= =#= Noise 2 == Noise = == Noise =2 =&= Noise
o S0 o S0
= = = =
Sos $05 Sos S05| e
B
EOO g g EOO g g EOO NN —— g g EOO e e gy
) 1 2 4 8 16 T0 1 2 4 8 16 T 1 2 4 8 16 T 1 2 4 8 16
Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (¢ Budget) Attack Strength (¢ Budget)
CIFAR100 STL10 Caltech256 Country211
 1.5{=@=Corruption @ 1.5 =@=Corruption 1.5 ==@=Corruption @ 1.5 ==@=Corruption
2 =#= Noise 2 =#= Noise 2 =#= Noise = =&= Noise
S0 10 S0 10
= = = =
Sos Z gos Sos gos
EOO “‘——-I—_.___.___. EO“ SN — —— ——y EOO \*——-.——..__.___. 200 .‘~_.__-.__.___.__-
0 1 2 4 8 16 ) 1 2 4 8 16 0 1 2 4 8 16 T 1 2 4 8 16
Attack Strength (€ Budget) Attack Strength (¢ Budget) Attack Strength (€ Budget) Attack Strength (€ Budget)

Figure 9. Comparison of the mean corruption degree of our MAC and the mean noise-driven deviation of TTC [81] under varying attack

strengths e(*%)

across 20 datasets. The corruption degree increases monotonically with stronger attacks and exhibits consistent trends

across all datasets, whereas the noise-driven deviation shows non-monotonic behaviors. This demonstrates that our corruption degree
provides a more reliable and stable indicator of corruption severity than the noise-driven deviation.

treats it as the identity transformation. The perturbation
¢ is updated using an L,-bounded PGD procedure with
the same step size, budget, and number of iterations as in
the standard PGD setting, resulting in a strictly defense-
aware MAC-adaptive attack.

9. Experimental Results

Comparisons with adversarial fine-tuning methods. We
compare our method with adversarial fine-tuning ap-
proaches and test-time defenses under strong PGD attack
settings reported in [81]. All performance values for the
compared methods are taken from the supplementary mate-
rial of [81], where further implementation details can also
be found. As shown in Tab. 5, adversarial fine-tuning
approaches such as CLIP-FT [81], TeCoA [40], PMG-
AFT [73], and FARE [56] offer moderate robustness gains

but incur substantial degradation in clean accuracy and still
yield limited adversarial performance. Test-time defense
methods, including RN [81], TTE [47], Anti-adv [1], and
HD [76], preserve high clean accuracy but provide only
modest robustness improvements.

In contrast, MAC achieves the highest robustness across
all datasets in the benchmark, reaching 36.83% average
adversarial accuracy while maintaining competitive clean
accuracy (66.55%). These results demonstrate that MAC
achieves a substantially better clean-robustness trade-off
than both adversarial fine-tuning and prior test-time defense
methods, without requiring any model fine-tuning.
Comparisons with TTC across additional datasets. As
shown in Tab. 5, MAC also surpasses TTC on the five
datasets, improving the average adversarial accuracy from
23.93% to 36.83%. When these results are considered to-
gether with the broader evaluations in Tab. 1 and Tab. 2,



Table 6. Comparison of clean accuracy (Acc.) and adversarial
robustness (Rob.) of TTC and our MAC across different architec-
tures, such as CLIP RN50, ViT-B/32, ViT-B/16, and ViT-L/14, and
counterattack perturbation budgets (** ¢ {4,8,16}. Results are
averaged over ten fine-grained recognition datasets.

CLIP CLIP [48] (ca) TTC [81] MAC (Ours)
Architecture | Acc.  Rob. € Acc. Rob. | Acc. Rob.

4 52.0 0.8 53.6 22.0
RN50 54.5 0.1 8 50.1 29 534 348

16 476 239 | 533 387

4 56.6 6.8 58.7 33.7
ViT-B/32 58.9 0.0 8 56.2 3.9 587 452
16 55.8 1.3 58.6  46.2

4 60.5 4.8 62.3  48.7
ViT-B/16 62.7 0.0 8 59.8 0.2 62.3 58.6
16 587 11.1 | 62.3 58.8

4 68.6 4.6 69.5 573
ViT-L/14 69.9 0.0 8 68.5 0.8 694 643
16 672 258 | 693 643

MAC is consistently superior to TTC across all 20 datasets
evaluated. Taken collectively, these findings establish MAC
as a strictly stronger counterattack mechanism than TTC
across fine-grained, large-scale, and OOD benchmarks.

Stability across architectures and perturbation budgets.
We analyze the behavior of TTC and MAC across different
architectures and counterattack perturbation budgets €(®),
as shown in Tab. 6. While TTC exhibits inconsistent be-
havior across perturbation levels, where its clean accuracy
and adversarial robustness fluctuate significantly within the
same architecture as ¢(¢®) varies, MAC demonstrates both
stable clean performance and steadily increasing robustness
as the €(°® increases. This suggests that TTC’s noise-driven
hard gating mechanism struggles to reliably distinguish be-
tween clean and adversarial inputs, leading to unstable ac-
curacy and robustness. In contrast, MAC leverages the es-
timated corruption degree as a reliable indicator of corrup-
tion severity and incorporates it into a corruption-aware soft
weighting scheme, which adaptively handles various input
conditions, including clean, weakly perturbed, and strongly
perturbed images. As a result, MAC achieves consistently
higher and more stable performance than TTC across var-
ious architectures and counterattack strengths. We further
investigate the underlying cause of this stability gap in the
following paragraph by directly comparing MAC’s corrup-
tion degree with TTC’s noise-driven deviation.

Comparing the corruption degree of MAC and the
noise-driven deviation of TTC. For each image, we use
the corruption degree as an indicator of corruption sever-
ity to adaptively scale the counterattack intensity. Images
with a degree above the threshold receive proportionally
stronger counterattacks, while those below the threshold are
only lightly updated. In contrast, TTC [81] employs a noise-
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Figure 10. Analysis of the temperature parameter Ttemp, averaged
over ten fine-grained recognition datasets. Moderate temperature
values yield stable and near-optimal performance, while large tem-
peratures reduce adaptivity and degrade overall performance.

driven deviation as a binary trigger: only images with devi-
ation below a fixed threshold are counterattacked.

To examine how faithfully each metric reflects actual
corruption, we compare the behaviors of corruption degree
and noise-driven deviation across 20 datasets under varying
attack strengths, as shown in Fig. 9. The corruption de-
gree of MAC increases monotonically with attack strength
and exhibits consistently similar curve shapes across all
datasets, demonstrating that it serves as a stable and reliable
corruption-severity indicator. In contrast, the noise-driven
deviation of TTC shows strongly non-monotonic trends. As
the attack strength increases, the deviation does not consis-
tently decrease; instead, it may rise, fall, or plateau depend-
ing on the dataset. This instability is especially observed in
distribution-shifted benchmarks such as ImageNet-S, where
the deviation increases from €(@%X) =1 to ¢(2tX) =4 but then
decreases again at ¢(®*%) =8. Such irregular patterns indicate
that noise-driven deviation fails to reliably measure corrup-
tion severity.

This discrepancy arises because noise-driven deviation
of TTC is insensitive to structured, geometric, and se-
mantic variations introduced by adversarial perturbations,
whereas our augmentation-based corruption degree cap-
tures these structural changes by leveraging affine trans-
formations, blur, and color jitter. This fundamental differ-
ence directly explains the stability gap observed in Tab. 6:
MAC'’s corruption degree provides a reliable signal that
supports stable behavior across architectures and counterat-
tack perturbation budgets, whereas TTC’s deviation leads to
unstable clean accuracy and robustness. Consequently, in-
corporating corruption degree into MAC yields substantial
robustness improvements (+37.7% on average) compared
to incorporating noise-driven deviation into MAC, as vali-
dated by the ablation results in Fig. 8.

Impact of temperature parameter 7iemp. We further an-
alyze the effect of the temperature parameter Tiemp, Which
controls the softness of the corruption-aware soft weight-
ing. As shown in Fig. 10, large temperatures (Tiemp > 0.1)



Table 7. Evaluation of various test-time adaptation methods on eight fine-grained recognition datasets using CLIP-ViT-L/14, reporting both
clean accuracy (Acc.) and adversarial accuracy under PGD-100 attack with e = 4.0 (Rob.). The highest score is highlighted in bold. A
Rob. represents the robust accuracy gain of our method over the best existing tuning-free method.

Category Method Metric ‘ Caltechl01 DTD  Flowerl02  Pets UCF101  Aircraft EuroSAT  Cars ‘ Average
) , Acc. 95.2 524 76.2 93.1 737 30.0 55.1 76.8 69.1
Baseline CLIP [45] Rob. 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
) Acc. 95.7 54.0 76.2 93.7 743 317 443 77.2 68.4
Tuning-based  R-TPT (611 b 88.2 38.0 55.6 72.9 55.6 17.2 204 49.1 49.6
MTA [85] Acc. 95.8 534 76.1 93.7 74.7 32.7 47.8 78.4 69.1
o Rob. 83.1 272 442 64.9 475 8.0 75 36.6 39.9
TTC[81] Acc. 935 51.0 74.5 922 727 279 45.9 74.6 66.5
Tuning-free i Rob. 9.9 53 6.9 6.4 25 0.4 0.1 32 43
Acc. 94.1 52.1 75.0 93.6 73.1 28.0 475 74.6 673

MAC (©urs) g op, 92.7 453 70.4 87.0 68.7 313 25.6 69.8 61.4

A Rob. | +9.6 +18.1 +26.2 +221 4212 4233 +181 4332 | +21.5

Table 8. Effect of removing each augmentation for multi-view
generation. Results are averaged over ten fine-grained recognition
datasets.

Augmentation Configuration ‘ Acc. Rob.
MAC w/o Affine Transform 58.6 6.0
MAC w/o Color Jitter 58.6 449
MAC w/o Gaussian Noise 58.4 44.7
MAC w/o Gaussian Blur 58.8 42.3
MAC | 587 45.2

overly smooth the transition between clean and corrupted
regimes, reducing the adaptivity of the counterattack and
leading to noticeable drops in both clean and adversarial
accuracy. In contrast, temperatures below 0.1 produce con-
sistently strong performance, where the soft weighting pro-
vides a good balance between sensitivity and smoothness.
Overall, MAC is not highly sensitive to the exact choice of
Ttemp @S long as it is not set high, and a moderate value
yields stable and near-optimal results across datasets.

Comparisons with state-of-the-art on CLIP ViT-L/14.
We further evaluate MAC and the compared methods on the
strong backbone, CLIP ViT-L/14, across eight fine-grained
recognition datasets. As shown in Tab. 7, MAC achieves
the highest adversarial robustness on every dataset, reach-
ing an average robust accuracy of 61.4%. Interestingly, on
the Aircraft dataset, MAC even achieves higher adversarial
accuracy (31.3%) than clean accuracy (28.0%), suggesting
that the counterattack can substantially restore corrupted
representations and yield exceptional robustness in this do-
main. Across all datasets, MAC consistently improves ro-
bustness, with gains of up to +33.2 points over the best
existing tuning-free method. Furthermore, despite being a
tuning-free method, MAC surpasses the strongest tuning-
based baseline, R-TPT, by a considerable margin (+11.8
points on average) while maintaining competitive clean ac-

curacy. These results demonstrate that MAC delivers state-
of-the-art robustness on CLIP ViT-L/14 without requiring
any model tuning.

Ablation study of augmentation components. To un-
derstand the contribution of each augmentation in MAC,
we remove individual components and evaluate the perfor-
mance, as summarized in Tab. 8. Removing the affine trans-
form causes a severe robustness collapse from 45.2% to
6.0%, showing that geometric variation is essential for gen-
erating multi-view inputs and estimating corruption degree.
Other augmentations, such as color jitter, Gaussian noise,
and Gaussian blur, provide moderate but meaningful gains,
reducing robustness by 0.3 to 2.9 points when removed.
Overall, the full set of augmentations yields the best per-
formance, indicating that diverse geometric and photomet-
ric variations jointly strengthen MAC’s multi-view guided
counterattack and corruption degree estimation.

Visual appearance preservation under MAC To quali-
tatively assess how MAC affects the visual appearance of
input images, we examine how the multi-view adversarial
inputs are transformed after applying MAC. As illustrated
in Fig. 11, we compare four visual states of each sample:
the clean image, the adversarial input, the multi-view ad-
versarial inputs generated by our augmentation distribution,
and the multi-view adversarial inputs after MAC is applied.
Because PGD perturbations are constrained to be impercep-
tible, the adversarial input shows no perceptible differences
from the clean inputs, even though its embedding is signif-
icantly distorted. The multi-view adversarial inputs further
include additional augmented variants (e.g., affine trans-
forms, blur, and color jitter) that reflect the diverse views
MAC operates on. After applying our multi-view counterat-
tack with corruption-aware soft weighting, the resulting im-
ages remain visually indistinguishable from both the clean
and adversarial inputs; no noticeable color inconsistencies
or structural distortions are introduced. Despite this per-
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Figure 11. Qualitative visualization of MAC’s visual preservation. For each example, we show four visual states: the clean image, the
adversarial input, the multi-view adversarial inputs produced by our augmentation distribution, and the multi-view adversarial inputs after
applying MAC. MAC not only preserves the visual quality of the input images but also effectively restores their embeddings toward
the clean feature space, as shown in Fig. 5. This demonstrates that MAC preserves perceptual appearance while mitigating adversarial

corruption.

ceptual invariance, the underlying representations are sub-
stantially restored toward the clean feature space, as shown
in Fig. 5. This demonstrates that MAC effectively mitigates
adversarial corruption in the feature space while fully pre-
serving the perceptual quality of the input images.

Since the attacker’s configuration is unknown to the de-
fense model, MAC adopts counterattack settings that are in-
dependent of the attacker. Although a large €(°® does not
affect external inputs as MAC’s perturbations operate inter-
nally within the defense pipeline, we simply choose a con-
servative /o, budget of €(°® = 8 with a small number of
iterations (/{=4). This configuration reliably preserves vi-
sual quality while still providing strong robustness.
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