Appendix

We provide additional insights into our study through
various sections in the appendix, which include results for
both versions of the VMamba models [29]: v2 (reported
in the main paper) and v0. Results that do not specify the
VMamba version should be assumed to refer to v2 by de-
fault.

In Section A, we provide detailed results on Information
Drop experiments. Section A.l explores information drop
along the scanning direction. Sections A.2 and A.3 offer
additional detailed results on Salient and Non-Salient Patch
Drop and Random Patch Drop, respectively. Section A.4
presents further results on patch shuffling. Section B pro-
vides results on Image Corruptions. In Section B.1, robust-
ness against global corruptions such as common corruption,
and out-of-distribution datasets is evaluated. Additionally,
in Section B.2, we provide model calibration results on in-
distribition and out-of-distribution datasets. In Section B.3,
we report results on fine-grained corruptions across differ-
ent models. In Section B.4, we report image corruption
results for the task of object detection and semantic seg-
mentation. Finally, we expand our analysis of Adversar-
ial Attacks across models in Section C. We present results
for white-box attacks, transfer-based black-box attacks, and
frequency-based attacks.

A. Robustness against Information Drop

A.1. Information Drop along the Scanning Axis

We investigate the models’ behavior when information is
dropped along the scanning directions. We consider three
settings: (1) linearly increasing the amount of information
dropped in each patch along the scanning direction, with
the most information dropped in patches that are traversed
last by the scanning operation, (2) dropping most of the
information in the center of the scanning directions while
preserving most of the information in patches that are tra-
versed at the beginning and the end, and (3) sequentially
dropping patches along the scanning directions. In Figure 5
we show qualitative samples for showing information drop
along scanning directions. Figure 6 we report results across
the first experiment setting across all the scanning direc-
tions. In Figure 7 we report results for the second exper-
iment setting. Furthermore, in Figure 8 we report results
across the third experiment setting across all the scanning
directions.

A.2. Random Patch Drop

In Table 6 we expand the random patch drop experiments
from the main paper (Table 1) to patch sizes 56x56 and
224x224. Furthermore, in Figure 9, 10, 11, 12, 13, and
14 we expand our analysis on random patch drop to several

other models.

A.3. Salient and Non-Salient Patch Drop

In Figure 15 and 16, we report results on salient and non-
salient patch drop of information.

A 4. Patch Shuffling

In Figure 17, we expand the patch shuffling experiment
from the main paper to several CNN and transformer-based
architectures.

B. Robustness against Image Corruptions

B.1. Robustness against Global Corruptions

In Table 7 relative corruption error is reported across mod-
els discussed in the main paper. In Figure 18 and 19, we
present the relative corruption error and mean corruption
error (mCE) of various models subjected to all 19 corrup-
tion methods applied to the ImageNet dataset. The com-
mon corruption consists of various types of synthetic cor-
ruptions to assess the models’ robustness against image dis-
tortions like noise, blur, and compression artifacts. In Table
8 we report results on ImageNetV2 [42], ImageNet-A [20],
ImageNet-R [19], and ImageNet-S [11]. These datasets are
designed to evaluate the robustness and generalization capa-
bilities of models trained on the original ImageNet dataset.
ImageNetV?2 [42] tests the models’ performance on previ-
ously unseen images that follow the same distribution as
the training data, while ImageNet-A [20] contains naturally
occurring adversarial examples that are difficult for models
to classify correctly. ImageNet-R [19] consists of images
with different artistic renditions to test the models’ abil-
ity to generalize to different visual domains and styles, and
ImageNet-S [11] consists of sketch-based images.

B.2. Model Calibration

Model calibration assesses how well a model’s predicted
confidence aligns with its actual accuracy. For example, if a
model predicts a confidence level of 70% for its predictions,
a well-calibrated model should have an actual accuracy
close to 70%. To quantify this alignment, we use the Ex-
pected Calibration Error (ECE). ECE involves dividing pre-
dictions into M bins based on their confidence levels (e.g.,
60%-70%, 70%-80%). For each bin, the average accuracy
and confidence are computed, and the ECE is the weighted
average of the differences between these values. Calibration
can also be evaluated visually using reliability diagrams,
which plot predicted confidence against actual accuracy; a
well-calibrated model should show points near the diago-
nal. Additionally, confidence histograms reveal the distri-
bution of prediction confidences. Evaluation is performed
on both in-distribution data (e.g., ImageNet, ImageNetV2)
and out-of-distribution data (e.g., ImageNet-R, ImageNet-
S, ImageNet-A), with M = 15 bins used in all experiments.



In Figure 20, 21, and 22, we report the ECE plot the relia-
bility diagrams for Tiny, Small, and Base version of dif-
ferent architectures, respectively. Figure 23, we report the
ECE score. We observe that while ViT models report a low
ECE error on in-distribution datasets, the error increases
significantly for out-of-distribution datasets. An exception
is the Base model, which can be attributed to the ViT-
B model being pretrained on a larger dataset (ImageNet-
21k) comapared to other models. For the hybrid-based
VSSM model MambaVision we observe a contrasting be-
haviour with ViT models, while the ECE score on in-
distribution datasets is relatively high, it improves signifi-
cantly on out-of-distribution datasets. The improvement in
ECE for MambaVision on out-of-distribution datasets sug-
gests that the hybrid approach of combining vision trans-
formers with other model components may enhance cali-
bration performance in these scenarios.

B.3. Robustness against Fine-grained Corruptions

In Table 9 (left) we report results on ImageNet-E dataset
across several CNNs, Transformers, and VSSM-based mod-
els, and in Table 9 (right), we report results on ImageNet-B
dataset.

B.4. Robustness Evaluation for Object Detection
and Semantic Segmentation

In Table 10, we report AP scores of different architectures
on COCO-DC dataset. On COCO-DC, we observe that
VMamba models’ high performance on clean images does
not translate to color and texture background variations.
Swin-S model achieves the highest average AP score of
56.70 across the background variations, followed by score
of 56.20 by VMamba-S model. Figure 24 shows the mloU,
mAcc, and aAcc scores on ADE-20K after applying com-
mon corruptions to the dataset. Similarly, Figure 25 dis-
plays the mAP, APs, APm, and API scores on the COCO-C
dataset. All the scores are averaged across all severity levels
of each corruption.

C. Robustness against Adversarial Attacks

In this section, we expand our analysis on adversarial at-
tacks and their transferability across different models. We
include more model families, such as DeiT, DenseNet, and
VGG. Figures 26, 27, and 28 present the robust accuracy
of various models under both white-box and black-box set-
tings for FGSM, PGD, and MIFGSM attacks, respectively.
All adversarial examples are crafted with a perturbation
budget of ¢ = 5. For PGD and MIFGSM attacks, we
use 20 iterations to craft the adversarial examples.

In Table 11, we evaluate the robustness of VMamba
and MambaVision against frequency-specific adversarial
attacks crafted using Projected Gradient Descent (PGD).
These perturbations are constrained to designated frequency

bands through a discrete cosine transform (DCT) mask fil-
ter [34]. Results in Tab. 11 (left) demonstrate that VMamba
and MambaVision maintain robustness above 90% for low-
frequency perturbations up to € = 16, indicating strong
resilience similar to the ConvNext and Swin transformer
counterparts. ViT models exhibit the most performance
drop under low-frequency adversarial attacks. For high-
frequency adversarial attacks (Tab. 11 (middle)), the robust-
ness of all models decreases more rapidly with increasing
perturbation strength, although ViT-based models show the
highest robustness. Finally, for standard attacks where the
complete frequency range is used to generate adversarial ex-
amples, VSSM models display higher robustness compared
to other models, including ConvNext, ViT, and Swin.



Figure 5. Information drop along scanning direction: The top four rows represent linearly increasing information drop along the four
scanning directions at patch size 14 x 14. The center four rows represent linearly increasing information drop till the center along the four
scanning directions at patch size 14 x 14. The bottom four rows represent sequentially dropping patches along the four scanning directions
at patch size 14 x 14.
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Figure 6. Information drop of Tiny and Small family of models along the scanning direction: the image is split into a sequence of fixed-size
non-overlapping patches of size 16x16, 8x8. 4x4, and 2x2. We report results of linearly increasing the number of pixels dropped from each
patch to the maximum threshold (Drop Intensity) along the scanning direction. Top row shows results for top-to-bottom (Direction 1) and
left-to-right direction(Direction 2). Bottom row shows results for right-to-left (Direction 3) and bottom-to-top direction(Direction 4).
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Figure 7. Information drop of Tiny and Small family of models along the scanning direction: the image is split into a sequence of fixed-size
non-overlapping patches of size 16x16, 8x8. 4x4, and 2x2. We report results of linearly increasing the number of pixels dropped from
each patch to the maximum threshold (Drop Intensity) at the center of the scanning direction and then again linearly decreased till the
end. The top row shows results for top-to-bottom (Direction 1) and left-to-right direction(Direction 2). The bottom row shows results for
right-to-left (Direction 3) and bottom-to-top direction(Direction 4).
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Figure 8. Information drop of Tiny and Small family of models along the scanning direction: the image is split into a sequence of fixed-
size non-overlapping patches of size 16x16, 8x8. 4x4, and 2x2. We report results of sequentially dropping patches along the scanning
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for right-to-left (Direction 3) and bottom-to-top direction(Direction 4).
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Figure 9. Top-1 classification accuracy of various architectures under random patch drop occlusions, using 56 x 56 patch size.



Table 6. Top-1 classification accuracy reported random patch drop occlusion using 16 x 16,8 x 8,4 x 4 and 1 x 1 patch sizes.

ResNet-50 ConvNext-T ConvNext-S ConvNext-B ViT-T ViT-S ViT-B VMamba-T VMamba-S VMamba-B MambaVision-T MambaVision-S MambaVision-B  Swin-T Swin-S Swin-B
Patch Size 16 x 16 (Percentage of patch drop increasing from top to bottom (10% to 90%))
96.70 9724 97.78 97.84 9230 96.08 97.54 9738 97.94 97.96 97.36 97.82 97.60 97.24  97.60 97.60
7527 9649 97.19 97.37 90.83 9539 96.85 96.49 96.61 97.25 96.24 96.80 97.09 96.76 97.38 97.32
3993 9463 9527 9648 88.09 9429 9627 95.16 9297 96.25 9291 94.67 95.74 96.11 96.84 96.79
1791 8999 91.12 9529 8526 9235 9508 9345 89.74 9521 87.14 91.19 93.25 94.88 95.88 96.17
6.73 8143 84.63 93.03 80.08 90.15 92.78 90.52 84.82 93.46 77.02 84.56 88.05 93.38 94.35 95.03
243 70.07 7444 8876 7249 85.10 89.21 86.52 7841 90.89 61.79 76.07 78.92 91.05 92.21 93.25
1.05 57.59 60.15 8235 6134 7656 82.08 80.52 6840 87.03 42.16 62.44 63.89 87.96 87.84 90.43
0.56 44.67 4471 7125 45.63 6263 7025 70.39 5272 79.96 20.73 42.16 43.33 80.65 79.71 84.70
0.45 31.29 2882 57.71 2586 41.73 50.08 56.23 3451 67.56 5.62 21.07 22.21 70.37  66.60 74.38
0.43 16.73 1498  33.67 7.85 15.86 19.68 34.83 16.82 41.55 1.95 7.08 11.08 47.16 47.85 53.54
Patch Size 8 x 8 (Percentage of patch drop increasing from top to bottom (10% to 90%))
96.70 9724 9778 97.84 9232 96.08 97.54 97.38 9794 97.96 97.36 97.82 97.60 97.24 97.60 97.60
4491 86.69 9139 95,63 70.18 8890 9423 87.86 8593 90.20 89.57 91.25 92.32 96.44 96.77 96.76
1244 6838 81.13 90.83 42.19 79.72 8837 7991 78.23 84.43 73.34 79.03 84.32 95.04 94.87 95.84
3.79 55.12 6835 84.08 1691 6539 76.63 70.40 7095 78.47 51.09 60.21 71.70 92.87 92.08 94.49
1.35 39.05 54.58  73.51 4.59 46.17 60.12 5734 59.09 70.04 29.64 39.81 55.01 90.13 88.21 92.40
0.56 23.89 3794  58.05 1.25 2591 3997 43.09 44.08 58.29 13.73 23.86 34.67 85.40 81.87 88.36
0.33 1333 2197 4037 0.45 11.03  21.56 28.25 27.85 43.00 4.90 11.86 16.70 78.76  71.63  81.85
0.21 5.95 9.85 21.51 0.21 3.78 8.85 14.69 1245 25.75 1.51 4.59 5.90 68.40 53.81 70.03
0.24 2.08 2.31 7.85 0.14 1.02 2.49 5.11 2.45 10.07 0.50 1.06 1.16 5241 29.58 49.35
0.25 0.46 0.56 1.33 0.16 0.39 0.59 0.75 0.43 1.65 0.22 0.31 0.21 2846 832  23.67
Patch Size 4 x 4 (Percentage of patch drop increasing from top to bottom (10% to 90%))
96.70 9724 9778 97.84 9230 96.08 97.54 97.38 9794 97.96 97.36 97.82 97.60 97.24 97.60 97.60
30.11 84.75 88.74 90.51 29.62 8223 90.04 8634 87.17 90.48 80.16 85.39 89.79 92.51 9297 94.68
12.02 6423 7749 81.82 9.25 6528 77.00 72.09 7543 77.77 57.80 57.14 71.68 84.20 86.17 90.71
6.49 33.19 4791  70.73 3.63 4392 56.17 51.01 5523 53.83 29.05 24.13 44.27 72.07 77.69 85.35
291 13.34 19.71 54.95 1.58 21.73 32,19 27.17 3321 2941 11.75 8.59 23.15 57.71  65.13 78.48
1.46 5.17 6.67 34.97 0.70 8.96 15.24 1051 1582 11.57 4.00 2.84 10.25 41.57 4795 69.11
0.75 2.07 2.23 17.37 0.41 3.69 6.01 3.07 5.41 3.40 1.41 0.90 3.89 26.49 2931 54.59
0.40 0.85 0.90 6.21 0.24 1.45 1.91 0.83 1.28 0.63 0.50 0.39 1.05 12.17 1245 35.95
0.21 0.33 0.44 1.70 0.17 0.55 0.71 0.23 0.30 0.24 0.29 0.17 0.23 3.48 247 14.47
0.13 0.20 0.25 0.40 0.19 0.24 0.25 0.19 0.21 0.22 0.19 0.13 0.14 0.64 0.41 1.55
Patch Size 1 x 1 (Percentage of patch drop increasing from top to bottom (10% to 90%))
96.70 9724 97.78 97.84 9232 96.08 9754 9738 97.94 97.96 97.36 97.82 97.60 97.24  97.60 97.60
5440 8343 87.12 89.68 4756 7630 85.64 8587 89.55 89.73 80.38 86.96 90.11 7440 85.10 85.14
3739  69.17 7625 7947 27.12 6171 7593 7195 7799 79.11 57.76 69.25 76.01 4834 6330 6251
26.21  53.81 6242 6838 1567 47.69 6585 56.63 64.54 66.81 39.91 50.91 57.74 3344 4594 4932
17.80 38.14 4585  58.50 9.02 3497 55.16 43.11 5229 54.38 27.55 35.95 40.89 25.06 3273  39.90
11.85 26.13 31.79 47.28 5.11 23.24 4327 3261 4120 42.08 18.56 24.83 27.92 18.84 23.16 31.09
7.19 17.81 2199 3581 2.78 1430 31.58 23.08 3097 29.57 11.42 16.06 19.34 12.75 1541 22.05
3.94 11.18 15.01 21.95 1.39 7.82 19.59 1339 21.11 17.70 5.97 9.18 11.85 6.69 9.58 11.99
1.79 447 8.49 9.15 0.61 3.51 1046  4.65 9.64 6.79 2.19 3.19 4.87 2.15 4.15 4.05
0.62 0.99 291 2.62 0.29 1.23 3.13 0.79 1.47 1.23 0.71 0.63 1.08 0.61 1.08 0.95
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Figure 10. Top-1 classification accuracy of various architectures under random patch drop occlusions, using 28 x 28 patch size.

50

o o o s

20 0 s o0 o T o R e
mmﬂﬁ. 57.59 60.15 w 61.34 62.77 66.52 73.45 ﬁ 68.40

mmmmm“(ﬂ 44.71 71.25 45.63 62.63 70.25 42.11 44.47 55.16 70.39 52.72 |\ . K b b .
mmmm-m:ﬂ .29 28.82 57.71 |25.86 41.73 50.08 WEM .09 56.23 34.51 67.56 ﬂ | 53.53 64.35 7503‘7037 66.60 7438‘
- NN R MR o = R e -

Figure 11. Top-1 classification accuracy of various architectures under random patch drop occlusions, using 16 x 16 patch size.
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Figure 12. Top-1 classification accuracy of various architectures under random patch drop occlusions, using 8 X 8 patch size.
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Figure 13. Top-1 classification accuracy of various architectures under random patch drop occlusions, using 4 X 4 patch size.
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Figure 14. Top-1 classification accuracy of various architectures under random patch drop occlusions, using 1 x 1 patch size.
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Figure 15. Top-1 classification accuracy reported under salient patch drop occlusion using 16 x 16 patch size.
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Figure 16. Top-1 classification accuracy reported under non-salient patch drop occlusion using 16 x 16 patch size.
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Figure 17. Top-1 classification accuracy among various architectures under increasing patch shuffling.



Table 7. Corruption Error (CE) of various architectures on ImageNet-C corruptions over multiple intensity levels. Results are relative to
the CE on ResNet-50 and are evaluated on 5000 ImageNet validation set images.

Corruptions | ResNet-50 ConvNext-T ComyNext-S ComvNextB  ViT-T VIT:S VLB VMamba-T VMamba-S VMamba-B MambaVision-T MambaVision-S MambaVision-B  SwinT  SwinS  Swin-B
Brightness 100.00 68.20 58.63 52.15 223.14 101.09 41.67 61.60  53.06 52.94 64.39 53.73 51.30 75.89 65.35 63.54
Contrast 100.00 40.14 30.29 2896 42629 186.49 103.16 38.17 30.02 27.70 52.05 34.93 29.72 44.41 42.09 41.70
Defocus Blur 100.00 85.70 77.82 73.87 103.27 70.64 42.81 84.96 72.32 73.00 77.80 71.71 67.04 87.50 66.82 81.49
Elastic Transform 100.00  81.11 72.18 69.44 70.34 55.69 4143 8278 69.89 7221 78.96 79.82 75.06 86.36 66.53 76.78
Fog 100.00 113.68  86.18 91.19 31226 119.54  68.79 87.47  64.93 55.88 62.13 46.48 39.35 84.32 87.24 68.61
Frost 100.00  64.12 57.09 50.75  146.53  75.52 27.19 42.05 36.58 30.79 57.65 49.73 40.25 47.77 40.72 38.63
Gaussian Blur 100.00  86.69 84.58 7775 107.84  82.50 55.22 8891 77.05 77.21 79.64 74.80 70.72 90.59 81.36 85.37
Gaussian Noise 100.00  52.01 51.36 56.02 130.74  66.75 30.16 56.81 38.29 52.62 115.29 110.36 96.79 7331 59.86 54.49
Glass Blur 100.00  89.71 85.46 81.43 98.30 84.73 66.52 93.59  86.00 87.28 90.58 90.13 89.29 96.53 86.27 90.24
Impulse Noise 100.00  47.18 44.71 4578 12295  61.19 28.27 4455 3193 39.72 92.95 84.21 75.73 63.83 48.63 48.68
JPEG Compression| 100.00  69.79 59.62 60.96 131.33  78.90 43.49 8229 6582 6330 74.33 69.63 62.72 14427  88.13 108.22
Motion Blur 100.00  65.05 56.10 5142  106.50  58.86 33.26 65.84  54.55 54.13 63.42 58.58 53.44 80.88 50.12 62.42
Pixelate 100.00 82.35 71.52 66.00 52.11 27.31 15.88 80.34 66.30 65.02 67.42 67.31 59.34 109.24 100.70  101.51
Saturate 100.00 63.44 53.74 47.61 250.68 116.28 48.06 57.26 47.97 47.07 60.37 52.12 48.11 75.29 62.40 58.34
Shot Noise 100.00 52.69 51.85 56.73 128.00 66.02 30.12 56.20 38.75 51.72 105.73 104.55 91.49 73.51 62.09 57.99
Snow 100.00 54.55 48.57 43.18 134.88 61.12 26.04 54.29 46.02 42.14 54.68 48.88 42.89 57.70 39.38 47.00
Spatter 100.00 39.86 32.09 29.41 117.51 48.16 21.03 33.10 28.59 24.33 39.28 29.69 24.92 32.71 23.79 22.92
Speckle Noise 100.00  44.78 40.91 34.08 13249  60.64 26.89 4292 3043 34.07 84.20 79.68 64.73 61.92 48.85 48.80
Zoom Blur 100.00  82.47 68.22 64.74  125.18 84.89 52.90 8272  70.04  70.37 76.07 71.43 65.52 93.27 77.34 77.96
‘mCE ‘ 100.00 67.55 59.52 56.92 153.7 79.28 42.26 65.05 53.08 53.76 66.58 50.50 49.61 77.86 63.04 64.98 ‘
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Figure 18. Corruption Error(CE) values for different corruptions and architectures on ImageNet-C, with error rates relative to ResNet-50.
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Figure 19. mCE for different corruptions and architectures on ImageNet-C, with error rates relative to ResNet-50.

Table 8. Comparison in domain generalization setting. Models trained on ImageNet are evaluated on datasets with domain shifts.

| Model | | ImageNet | ImageNetV2  ImageNet-S  ImageNet-A  ImageNet-R | Average
ConvNext-T 81.87 70.67(,11_2()) 33.96(_47,91) 10.48(,71_39) 32.53(_49.34) 36.90(_44_97)
VIiT-T 75.35 63.05(_]2,30) 20.88(_54‘47) 3.3 1(_72‘()4) 20-29(—55.06) 26.88(_43,47)
Swin-T 80.91 69.3 1(-11.60) 29-24(—51.67) 8.93(_71498) 28.52(_52439) 34-00(-46.91)
VMamba—T(vO) 81.92 70.82(,11_10) 33.01(_43,91) 1356(»68.36) 32.11(_49.31) 37.37(_44_55)
VMamba—T(vZ) 82.28 71. 16(_1 1.12) 33‘99(—48‘29) 12.08(_70,20) 32.05(_50‘23) 37-32(—44.96)
MambaVision-T 82.10 71 -50(—10.60) 33-49(—48.61) 13-39(768_71) 32.28(,49432) 37.66(,44.44)
ConvNext-S 82.82 72.07(_10,75) 37. 16(—45.66) 14~43(—68.39) 35.57(_47,25) 39.81(_43_01)
ViT-S 81.40 69.98.11.42) 32.77 4863, 13.0968.31) 31.140s006) | 36.74 (4466
Swin-S 82.90 71.62(11.28) 31.97(5093) 15.72(67.18) 319305007y | 37.81(4500)
VMamba—S(vO) 83.15 72.89(,10_26) 38.05(_45,10) 17~28(—65.87) 37-05(—46.10) 4132(—41.83)
VMamba—S(vZ) 83.48 73.01(_]0,47) 36.98(_46,50) 16.45(_67,03) 35.75(_47‘73) 40.55(_42,93)
MambaVision-S 83.22 72.62(_10_60) 35-53(—47.69) 15-97(—67.25) 33.96(_49.26) 39.52(_43_70)
ConvNext-B 83.75 73.68(_]0,()7) 38.23(_45‘52) 18. 16(_65,59) 36.66(_47,()9) 41 .68(_42,07)
ViT-B 84.40 73.8410.56) 43.0141.30) 24.09.60.31) 41.034337) | 45.49.3801)
Swin-B 83.08 72.09(,10_99) 32.62(_50'46) 17-95(»65.13) 33.23(_49.35) 38.97(_44_11)
VMamba-B(vO) 83.48 72.97(_10,51) 38.24(_45,24) 18.88(_64,60) 37-33(—46.15) 41 .86(_41,62)
VMamba-B(vZ) 83.76 73.22(_10,54) 38.53(_45_23) 18-35(.65,41) 35.99(_4777) 41 .52(_42'24)
MambaVision-B 83.96 73.84(,10_12) 36.69(_47_27) 21 .69(,62_27) 35-72(—48.24) 41 .98(_41_93)
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Figure 20. Caliberation Results: Reliability diagrams and ECE on ConvNext-T, ViT-T, Swin-T, VMamba-T,
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Figure 21. Caliberation Results: Reliability diagrams and ECE on ConvNext-S, ViT-S, Swin-S, VMamba-S, and MambaVision-S across
ImageNet, ImageNet-V2, ImageNet-S, ImageNet-R, and ImageNet-A.
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Figure 22. Caliberation Results: Reliability diagrams and ECE on ViT-B, Swin-B, VMamba-B, and MambaVision-B across ImageNet,

ImageNet-V2, ImageNet-S, ImageNet-R, and ImageNet-A.
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Figure 23. ECE error across classification models across ImageNet, ImageNet-V2, ImageNet-S, ImageNet-R, and ImageNet-A.
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Table 9. Top-1 classification accuracy of various architectures on the ImageNet-E dataset [27] (left) and ImageNet-B dataset [35] (right).

Dataset — ImageNet-E ImageNet-B
Model \L A=—-20 X =20 X = 20(adv) Random-BG 0.1 0.08 0.05 Random Pos. Original | Original  Caption Class Color Texture
ResNet-50 88.74 86.76 73.02 84.05 89.19 86.60 77.34 7330 9455, 98.60 94.00 96.60 88.20 85.70
VGG16 84.14 79.62 6259 7727 83.63 80.16 7093 64.15 91.06| 94.10 88.20 93.70 74.80 75.00
VGG19 83.89 80.15 6321 77.80 81.16 81.01 70.54 6491 92.05| 9450 &7.80 93.30 77.10 77.80

DenseNet-121 | 84.93 81.78 6236  79.55 85.15 81.17 70.08 6450 92.78| 9620 90.20 95.10 81.10 80.00
DenseNet-161 | 87.48 8548 67.72 8279 8722 8441 7500 70.08 93.04| 9750 90.70 94.70 81.10 80.10
ConvNext-T 9095 90.03 76.88 88.09 93.01 90.87 83.09 80.19 96.09| 98.20 9320 95.10 88.80 87.40
ConvNext-S 9196 90.76 7852 88.99 93.61 91.66 8534 8219 96.07| 98.80 94.00 96.70 90.70 89.60
ConvNext-B 9230 9152 8044 90.00 9391 93.01 86.65 8375 96.41| 9920 93.60 96.40 90.60 91.40

VIiT-T 80.81 77.07 46.78 69.07 81.06 76.55 64.13 57.86 91.08| 9520 8550 9040 67.30 64.50
ViT-S 86.77 8346 63.19 80.58 87.98 84.05 7429 69.94 94.74| 97.70 89.20 94.30 84.20 80.60
ViT-B 90.07 87.48 7128 84.88 91.01 88.64 79.99 7642 95.66| 98.00 9040 93.80 86.20 84.80
DeiT-T 80.68 77.21 5124 7183 80.30 76.83 65.03 59.54 89.94| 91.60 86.50 90.50 73.90 73.20
DeiT-S 87.52 84.88 63.03 80.70 89.13 8570 76.75 7137 94.14| 9830 9140 9520 8570 84.10
DeiT-B 89.66 86.79 68.77 8426 91.10 89.19 80.31 77.25 9538 | 98.80 9230 96.00 86.70 84.30

VMamba-T(v0)| 90.03 89.31 7038 85.59 9149 89.59 8201 78.63 95.73| 98.00 91.60 9490 86.10 86.70
VMamba-S(v0)| 90.53 90.76 7339 87.78 93.13 90.71 8392 8042 96.16| 99.10 92.80 9540 89.40 88.50
VMamba-B(v0)| 91.75 90.62 7390 8833 9329 91.19 8396 81.66 96.00| 98.80 93.50 96.20 89.70 88.40
VMamba-T(v2)| 91.15 89.87 75.18 87.41 92.09 91.06 83.66 79.71 95.84| 98.50 9220 96.30 87.20 86.80
VMamba-S(v2)| 92.03 90.79 76.15 88.81 9322 9225 8557 81.89 9637| 9920 94.10 97.40 90.90 89.50
VMamba-B(v2)| 9237 9127 7730 89.11 93.70 92.64 86.03 83.62 96.37| 99.10 94.00 96.50 90.80 89.80
MambaVision-T| 90.67 88.83 73.07 8640 91.93 90.07 81.87 7842 95.73| 98.60 93.70 96.60 89.10 87.70
MambaVision-S| 91.22 90.19 75.18 88.19 92.78 91.19 84.01 81.18 96.03| 99.40 9440 97.80 9140 90.10
MambaVision-B| 91.77 90.65 7842 89.18 93.70 92.81 86.35 83.78 96.30| 99.10 94.60 97.20 91.40 90.60

Swin-T 90.05 88.83 7151 86.19 91.08 8894 7939 7649 9527| 9790 91.70 9530 85.50 84.00
Swin-S 90.67 88.86 7335 87.25 9191 89.68 8155 7881 96.25| 9830 91.80 9550 86.10 85.40
Swin-B 91.08 89.96 75.09 87.87 92.62 9122 8343 80.65 9595| 98.60 9230 95.60 89.20 87.40

Table 10. Average Precision (AP) scores for different architectures on the COCO-DC dataset [35], detailing results for small (APs), medium
(APm), and large objects (API).

Model ‘ AP APs APm APl AP APs APm AP1 ‘ AP APs APm API1 ‘ AP APs APm API1
Original Color Texture Average

ConvNext-T | 66.2 41.0 613 71.4|5500.1120) 26314700 49.0c1230) 60.6 (1080) | 53.5¢1270) 26.5¢1450) 47.5¢1380) 60.5¢10.90) | 54.25 (11.95) 26.4001460) 482501305 60.5501035)

Swin-T 66.3 45.1 61.6 71.6|551c1120) 292¢1500) 48.0¢1360) 62.0c0960) | 53.6¢1270) 31413700 45.21640) 61.4¢1020) | 54351105 30.30(14.80) 46.60 (1500 61.70(09.90)

VSSM-T 69.3 47.1 644 755562013100 30916200 48.41600) 63.7¢1180) | 53.2¢1610) 29-2¢17.90) 44.91950) 61.0C1450) | 54.57 1473y 30.05(1705) 46.65(17.75) 62.35(13.15)

& &
(- -
Swin-S 69.1 437 623 759 57401700 30113600 49.1¢13200 64.3¢1160) | 56.0c13.00) 26.8(1690) 45.4¢1690) 64.3C11.60) | 56.70¢1240) 284501525 472501505 64.30011.60)
(- (-
VSSM-S 709 517 64.6 77.1|56.7 14200 31.3(2040) 48.9¢1570) 64.3(1280) | 55. 715200 26.8(2400) 47417200 64.4¢1270) | 5620014700 29.05(2065) 48.15(1645 64.3501275)
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Figure 24. mloU, mAcc, and aAcc score for different architectures on AED20k-C dataset

Table 11. Robust accuracy of various architectures against low-frequency and high-frequency-based perturbation using PGD attack at
varying level of perturbation budget € € {1/255,2/255,4/255,8/255,12/255,16/255}.

Filter — Low-Pass High-Pass | All-Pass
€— 1/255  2/255 4/255 8/255 12/255 16/255| 1/255 2/255 4/255 8/255 12/255 16/255 1/255 2/255 4/255
ResNet-50 9494 9328 91.38 8842 87.74 87.86| 72.68 4358 28.70 1638 11.62 10.76 29.68 2.04 0.08

ConvNext-T 9598 9546 9460 91.76 89.70 89.50| 58.26 2646 13.62 440 238 206 20.18 1.60 0.02
ConvNext-S 96.52 96.14 9580 9348 91.70 91.36| 66.58 3466 2050 738 3.66 3.12 30.10 3.98 0.08
ConvNext-B 96.84 96.76 96.14 93.62 9240 91.72| 6496 39.26 2298 876 546 456 31.02 624 0.18

ViT-T 85.52 77.56 6850 53.02 47.28 4632| 6932 3848 1924 552 256 1.88 11.14 0.16 0.00
ViT-S 93.12 88.60 83.50 72.84 69.22 69.06| 77.14 4648 2794 11.08 6.76 528 1874 0.42 0.00
ViT-B 94.66 90.28 87.40 80.68 77.50 77.26| 8574 61.84 4652 26.18 1828 1628 3094 130 0.08
VMamba-T 9646 96.04 9522 93.02 91.70 91.18| 58.12 32.50 1646 574 292 282 2400 516 0.28
VMamba-S 97.02 96.90 96.48 94.10 92.62 92.24| 67.64 4400 28.18 1136 646 548 3254 1090 0.84
VMamba-B 9728 97.00 96.56 9428 9290 9224| 66.60 4544 27.68 1036 6.08 478 3310 988 0.40

MambaVision-T| 96.44 9598 95.18 93.02 9240 92.54| 60.52 3532 2290 9.00 488 386 1838 3.04 0.16
MambaVision-S| 96.74 96.26 95.44 93.56 92.84 93.10| 67.60 4456 3324 1748 11.14 924 2380 446 0.30
MambaVision-B| 96.80 96.24 9582 93.86 93.04 93.22| 70.28 45.68 33.20 1836 12.86 11.24 2880 6.40 0.72
Swin-T 96.24 95.86 9524 9328 9194 91.30| 49.12 2342 978 206 1.10 088 12.60 1.86 0.00
Swin-S 9692 96.60 96.16 9426 9330 92.70| 60.70 36.50 20.18 7.48 390 330 2592 6.74 042
Swin-B 96.82 96.94 9624 9472 9410 93.34| 61.04 4050 24.68 930 582 434 30.14 9.76 0.70
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Figure 25. m AP, APs, AP,,, and AP, score for different architectures on COCO-C dataset



Transferability Results for FGSM at Epsilon 8/255
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Figure 26. Robust accuracy of various architectures under white-box and black-box settings for FGSM attack. Adversarial examples are
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crafted at a perturbation budget e = 5=

Transferability Results for PGD at Epsilon 8/255
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Figure 27. Robust accuracy of various architectures under white-box and black-box settings for PGD attack. Adversarial examples are

crafted at a perturbation budget e = %.



Transferability Results for MIFGSM at Epsilon 8/255
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Figure 28. Robust accuracy of various architectures under white-box and black-box settings for MIFGSM attack. Adversarial examples

are crafted at a perturbation budget ¢ = 55-.
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