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1. Implementation

We provide below additional details for the reproducibil-
ity of our experiments.

Libraries. We conducted our experiments on NVIDIA
GeForce RTX 3090 using PyTorch 2.1.1 [28], CUDA 11.8,
Timm 1.0.9 [44], and Torchvision 0.16.1 [25].

Generator Modifications. Due to the non-deterministic
behavior1 of the ReflectionPad2d operation, which
was used inside the generator architecture in prior
works [27, 33, 50], we removed it in the block1 layer and
set padding to 1 in the subsequent conv2d operation within
the same layer. We also removed ReflectionPad2d in
the blockf layer and set the padding to 5 in the conv2d
operation. Furthermore, the residualblock implemen-
tation contains two instances of ReflectionPad2d,
both of which were removed, with padding set to 1 in the
subsequent conv2d operations. These changes allowed
us to eliminate ReflectionPad2d from the generator
while compensating for changes in feature size with addi-
tional padding in the subsequent convolution operations.

Top-k Neurons After Initial Lightweight Training. In
Section 3.1, we outlined that all 512 generators, corre-
sponding to the 512 neurons in layer 18 of VGG16, undergo
an initial lightweight training phase using 3.125% of the
training set. After this phase, we selected the top-k = 40
generators based on their performance, either on the
source VGG16 [35] or by using a held-out model such
as DenseNet121 [13] or ResNet [11] in our experiments.
We provide the top-ranked neurons from this step across
different held-out models in Table 2. Additionally, for
full transparency, we present the performance of all 512
neurons after the lightweight training phase on two heldout
models in Figures 1, and 2 for DenseNet121 [13] and
VGG16 [35] heldout models.

Target Models. We used 41 target models, publicly avail-

1https://github.com/pytorch/pytorch/issues/98925

able in Torchvision [25] and Timm libraries [44]. We pro-
vide in Table 1 the exact version details used for each model
and also report the clean accuracy on the evaluation set
of 5K images [33], sampled from the ImageNet validation
set [31]. We used 9 models for cross-domain provided by
the authors of BIA [50]

2. Additional Quantitative Results
Performance of each neuron-specific generator. In
Tables 3 and 4, we provide the performance of all fully
trained top-40 generators selected using DenseNet121 [13]
as the held-out model. We observed that our neuron-
specific generators outperform the baselines in 37 out
of 40 cases in the single-query setting. Moreover, the
best-performing generator G391, attacking neuron 391,
outperforms the highest-ranked generator G250 obtained
at the end of lightweight training by more than 4%. We
believe that with better neuron ranking schemes, the fooling
rate in the single-query setting can be further enhanced.

Choice of Heldout model for top-k neuron selection. In
Figure 3, we show the performance of top-40 generators
trained with different models for neuron selection versus
the number of queries. We observe that our top-k neuron
position is robust to the choice of heldout model selection.
And in all cases, top-1 generator consisted outperformed
baselines in the single-query setting.

3. Additional Qualitative Results
We present the visualizations of adversarial images

generated by different neuron-specific generators in Fig-
ures 4, 5, 6, and 7. Next to each adversarial image, we show
the synthesized images that is optimized to have large acti-
vation magnitudes for the attacked neuron using activation
maximization algorithm [34]. A clear visual correlation can
be observed between the synthesized images and the adver-
sarial patterns in the generated images, indicating that the
perturbations are effectively disrupting neurons associated
with specific concepts.
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Figure 1. Evaluation of 512 Neuron specific generators on DenseNet121 [13] obtained after end of lightweight
training on VGG16 [35]. We observe that some filters are more transferable than others and we choose top-k generators

that has highest transferability.

Figure 2. Evaluation of 512 Neuron specific generators on VGG16 [35] obtained after end of lightweight training on
the same VGG16 [35]. We observe that all generators have high fooling rates suggesting that overfitting to the source

VGG16 [35] model.



(a) VGG16 [35] (b) ResNet152 [11]

Figure 3. Impact of heldout model for top-k neuron selection after lightweight training We use the same source
model VGG16 [35] as the heldout model for top-k neuron selection after lightweight training in the left and similarily
using ResNet152 [11] on the right. We observe that for both the cases, the fooling rate with k-queries differ marginally

and perform along the same lines as reported in the main paper with DenseNet121 [13] model.



Model Version Accuracy Source

VGG [35] vgg16 71.07% TorchVision [25]
Resnet [11] resnet152 78.05% TorchVision [25]
Densenet [13] densenet121 74.72% TorchVision [25]
Squeezenet1 [14] squeezenet1 1 58.58% TorchVision [25]
Shufflenet [23] shufflenetv2 69.52% TorchVision [25]
Mobilenet [12] mobilenet v3 74.84% TorchVision [25]
Mnasnet [36] mnasnet1 0 73.84% TorchVision [25]
Wide Resnet [49] wide resnet50 2 78.74% TorchVision [25]
Convnext [22] convnext base 84.05% TorchVision [25]
Efficientnet [16] efficientnet v2 m 80.00% TorchVision [25]
Regnet [30] regnet x 32gf 83.62% TorchVision [25]
Alexnet [17] alexnet 56.88% TorchVision [25]
ViT [1] vit b 16 81.06% TorchVision [25]
ViT [1] vit l 16 80.01% TorchVision [25]

Swin [21] swin base patch4 window7 224 85.62% timm [44]
BeiT [2] beit base patch16 224 85.68% timm [44]
DeiT [38] deit3 base patch16 224 84.01% timm [44]
Mixer [37] mixer b16 224 77.02% timm [44]
Convmixer [40] convmixer 768 32 80.78% timm [44]
Efficientvit [20] efficientvit m3 73.54% timm [44]
Xception [6] xception 75.54% timm [44]
Crossvit [4] crossvit base 240 82.56% timm [44]
Csp [42] cspresnet50 78.66% timm [44]
Davit [7] davit 84.86% timm [44]
Edgenext [24] edgenext 83.07% timm [44]
Gcvit [10] gcvit base 85.32% timm [44]
Ghostnet [9] ghostnetv2 100 75.92% timm [44]
Visformer [5] visformer small 82.22% timm [44]
Focalnet [46] focalnet base lrf 84.54% timm [44]
Hiera [32] hiera base 224 85.02% timm [44]
Hrnet [43] hrnet w32 79.03% timm [44]
Maxvit [41] maxvit base tf 224 85.52% timm [44]
Convformer [48] convformer s36 84.56% timm [44]
Mobilevit [26] mobilevitv2 150 79.08% timm [44]
Pnasnet [19] pnasnet5large 78.52% timm [44]
Rdnet [15] rdnet base 85.14% timm [44]
Levit [8] levit conv 256 82.18% timm [44]
Mvit [18] mvitv2 base 85.08% timm [44]
Nf [3] nf resnet50 79.86% timm [44]
Coat [45] coat lite small 82.76% timm [44]
Cait [39] cait s24 224 84.03% timm [44]
Dla [47] dla102 78.54% timm [44]

Table 1. Details of all 41 target models used in our evaluation, along with their clean accuracy on 5K evaluation ImageNet dataset provided
by LTP [33].

Heldout model Top-40 Neuron locations

DenseNet121
250, 94, 470, 321, 329, 391, 325, 259, 241, 322, 312,
367, 109, 336, 27, 373, 288, 228, 22, 93, 40, 31, 80, 191, 446, 388, 148,
124, 84, 413, 409, 174, 119, 208, 495, 214, 7, 435, 504, 443

ResNet152
250, 94, 22, 259, 93, 321, 367, 325, 391, 27, 470, 329, 228, 119, 504, 322,
288, 214, 307, 292, 130, 40, 109, 413, 312, 435, 208, 336,
5, 495, 373, 236, 446, 84, 80, 124, 75, 266, 241, 218

VGG16
329, 124, 94, 475, 280, 456, 373, 495, 367, 68, 81, 450, 208,
388, 464, 322, 41, 250, 391, 130, 58, 458, 321, 477, 259, 337,
325, 336, 221, 218, 270, 182, 470, 93, 168, 80, 331, 191, 446, 183

Table 2. Attacked Neuron Positions. We provide the list of the top-40 neurons selected based on their transferability performance on the
held-out model. Note that all 512 generators were initially trained on just 3.12% of the dataset, with each generator specifically targeting
an individual neuron in layer 18 of the source model VGG16.



Adversarial Image, Neuron: 250 Synthesized Image, Neuron: 250 Synthesized Image, Neuron: 94 Synthesized Image, Neuron: 94

Adversarial Image, Neuron: 470 Synthesized Image, Neuron: 470 Synthesized Image, Neuron: 321 Synthesized Image, Neuron: 321

Adversarial Image, Neuron: 329 Synthesized Image, Neuron: 329 Synthesized Image, Neuron: 391 Synthesized Image, Neuron: 391

Adversarial Image, Neuron: 325 Synthesized Image, Neuron: 325 Synthesized Image, Neuron: 259 Synthesized Image, Neuron: 259

Adversarial Image, Neuron: 241 Synthesized Image, Neuron: 241 Synthesized Image, Neuron: 322 Synthesized Image, Neuron: 322

Figure 4. Generated unbounded adversarial images along with synthesized neuron visualizations for the top 10 attacked
neurons. The positions of the neurons are listed below each image. Note that, the top-k neurons were selected based on

the transferability to the DenseNet121 [13] as the held-out model after initial lightweight training.



Adversarial Image, Neuron: 312 Synthesized Image, Neuron: 312 Synthesized Image, Neuron: 367 Synthesized Image, Neuron: 367

Adversarial Image, Neuron: 109 Synthesized Image, Neuron: 109 Synthesized Image, Neuron: 336 Synthesized Image, Neuron: 336

Adversarial Image, Neuron: 27 Synthesized Image, Neuron: 27 Synthesized Image, Neuron: 373 Synthesized Image, Neuron: 373

Adversarial Image, Neuron: 288 Synthesized Image, Neuron: 288 Synthesized Image, Neuron: 228 Synthesized Image, Neuron: 228

Adversarial Image, Neuron: 22 Synthesized Image, Neuron: 22 Synthesized Image, Neuron: 93 Synthesized Image, Neuron: 93

Figure 5. Generated unbounded adversarial images along with synthesized neuron visualizations for the top 10 to 20
attacked neurons. The positions of the neurons are listed below each image. Note that, the top-k neurons were selected

based on the transferability to the DenseNet121 [13] as the held-out model after initial lightweight training



Adversarial Image, Neuron: 40 Synthesized Image, Neuron: 40 Synthesized Image, Neuron: 31 Synthesized Image, Neuron: 31

Adversarial Image, Neuron: 80 Synthesized Image, Neuron: 80 Synthesized Image, Neuron: 191 Synthesized Image, Neuron: 191

Adversarial Image, Neuron: 446 Synthesized Image, Neuron: 446 Synthesized Image, Neuron: 388 Synthesized Image, Neuron: 388

Adversarial Image, Neuron: 148 Synthesized Image, Neuron: 148 Synthesized Image, Neuron: 124 Synthesized Image, Neuron: 124

Adversarial Image, Neuron: 84 Synthesized Image, Neuron: 84 Synthesized Image, Neuron: 413 Synthesized Image, Neuron: 413

Figure 6. Generated unbounded adversarial images along with synthesized neuron visualizations for the top 20 to 30
attacked neurons. The positions of the neurons are listed below each image. Note that, the top-k neurons were selected

based on the transferability to the DenseNet121 [13] as the held-out model after initial lightweight training



Adversarial Image, Neuron: 409 Synthesized Image, Neuron: 409 Synthesized Image, Neuron: 174 Synthesized Image, Neuron: 174

Adversarial Image, Neuron: 119 Synthesized Image, Neuron: 119 Synthesized Image, Neuron: 208 Synthesized Image, Neuron: 208

Adversarial Image, Neuron: 495 Synthesized Image, Neuron: 495 Synthesized Image, Neuron: 214 Synthesized Image, Neuron: 214

Adversarial Image, Neuron: 7 Synthesized Image, Neuron: 7 Synthesized Image, Neuron: 435 Synthesized Image, Neuron: 435

Adversarial Image, Neuron: 504 Synthesized Image, Neuron: 504 Synthesized Image, Neuron: 443 Synthesized Image, Neuron: 443

Figure 7. Generated unbounded adversarial images along with synthesized neuron visualizations for the top 30 to 40
neurons. . The positions of the neurons are listed below each image. Note that, the top-k neurons were selected based on

the transferability to the DenseNet121 [13] as the held-out model after initial lightweight training



Model 250 94 470 321 329 391 325 259 241 322 312 367 109 336 27 373 288 228 22 93

ResNet152 [11] 89.10 90.66 84.34 88.26 80.44 94.28 79.14 90.06 66.70 80.22 73.14 85.76 77.84 75.66 79.68 65.40 77.28 79.16 81.54 78.00
DenseNet121 [13] 91.02 89.56 91.44 90.70 89.44 94.68 82.22 91.94 85.70 84.52 88.28 86.84 84.74 89.40 81.32 75.64 85.98 83.94 80.62 77.86
SqueezeNet1 [14] 89.46 83.04 88.24 85.22 89.56 86.94 82.46 81.16 87.04 72.98 90.44 78.38 79.50 95.20 88.36 74.78 83.28 87.34 87.06 84.90
ShuffleNet [23] 89.02 82.86 91.64 80.36 84.56 91.10 83.48 90.50 75.28 80.48 86.70 84.34 70.12 84.88 87.02 65.64 84.58 84.62 82.04 87.52
MNasNet [36] 93.32 86.32 95.58 87.28 87.72 93.12 85.76 88.54 85.28 90.60 93.16 88.58 84.48 92.30 84.86 79.54 89.20 94.16 88.90 89.22
PNasNet [19] 63.64 36.88 58.72 52.46 56.18 57.08 43.82 52.04 30.94 66.60 43.68 45.38 52.10 65.52 55.24 36.56 62.66 69.38 57.30 54.72
MobileNet [12] 84.26 66.86 86.66 71.22 80.98 86.22 75.94 76.26 57.00 71.88 71.58 72.46 54.34 80.42 82.08 55.66 78.64 79.08 79.72 79.48
WideResNet [49] 92.20 90.86 91.82 93.14 87.60 93.32 85.16 92.12 81.22 90.94 83.68 93.26 80.00 85.94 84.56 76.22 82.68 85.48 84.60 85.48
RegNet [30] 91.20 94.30 93.78 96.78 82.66 96.10 83.62 86.86 72.66 91.88 81.74 88.72 72.50 82.98 80.08 76.28 83.04 82.72 79.32 78.28
AlexNet [17] 49.82 47.28 46.68 43.86 48.40 41.98 42.94 45.28 38.04 48.92 41.12 42.20 49.22 56.68 50.06 49.24 46.12 55.66 49.94 46.90
NF ResNet [3] 76.86 75.34 77.98 77.94 65.46 82.92 56.56 80.38 45.62 76.88 59.26 76.34 63.22 68.26 63.34 54.32 69.86 63.04 70.76 64.86
DLA 97.86 96.74 96.72 97.10 95.16 98.64 94.70 98.00 92.26 96.46 94.98 97.96 89.98 91.98 95.16 94.28 93.28 93.88 93.66 94.64
GhostNetV2 [9] 82.68 75.54 89.84 84.04 76.50 86.80 75.06 83.50 58.90 83.82 75.10 83.08 65.74 79.78 79.52 65.00 80.42 82.24 80.54 77.70
CSPResNet [42] 83.38 78.54 83.10 78.60 67.74 88.98 64.08 82.80 64.46 75.36 72.68 78.08 61.24 77.24 70.92 52.32 73.28 71.20 74.10 72.32
HRNet [43] 97.10 95.20 94.14 97.46 90.32 97.34 88.60 89.08 90.66 93.78 94.30 92.36 89.48 95.48 85.06 92.10 90.82 92.52 91.22 87.44
Xception [6] 73.82 62.84 66.22 74.48 66.10 71.66 51.88 70.46 50.14 71.38 57.42 57.56 70.32 68.82 60.60 49.60 64.40 70.86 64.68 56.52
ViT B 16 [1] 17.96 14.60 14.30 14.88 18.30 16.32 14.22 15.10 11.48 16.98 13.40 13.92 18.38 15.48 17.32 15.30 16.40 18.06 17.20 15.56
ViT L 16 [1] 18.08 14.90 17.18 16.10 19.14 17.88 14.22 17.82 12.40 17.58 14.76 15.30 17.78 17.96 18.14 15.36 18.24 18.74 17.28 17.06
Swin [21] 28.78 24.52 30.94 28.86 27.26 33.76 21.34 28.20 17.62 21.58 22.16 25.46 18.32 21.66 25.46 19.32 25.80 25.52 25.02 24.54
BeIT [2] 30.48 16.22 25.60 22.04 23.46 27.94 18.36 24.70 12.00 24.02 16.46 17.50 21.40 19.64 29.20 18.30 21.44 28.32 25.38 21.94
DeiT [38] 20.54 17.42 19.02 19.64 20.32 22.14 17.48 19.84 11.90 20.38 14.86 17.08 18.44 17.84 24.08 16.92 17.50 18.68 18.60 15.76
Cait [39] 27.62 20.42 24.52 22.40 31.72 29.08 18.22 24.24 13.48 22.52 18.46 20.54 27.36 20.46 25.22 18.24 23.92 22.66 22.92 22.14
Davit [7] 31.62 31.70 37.70 36.50 41.20 40.84 24.46 34.48 23.46 31.14 27.16 37.10 19.66 19.94 24.90 21.22 32.60 27.98 27.72 29.50
ConvNext [22] 70.90 72.64 75.02 71.64 63.38 83.56 73.76 75.00 47.54 74.94 51.76 66.60 73.76 57.08 63.24 69.12 49.94 60.04 55.50 54.38
Mixer [37] 32.38 28.32 35.92 31.82 42.82 35.18 28.66 30.82 24.72 33.50 29.48 29.34 29.74 30.98 35.88 25.40 36.88 31.44 32.92 30.48
ConvMixer [40] 76.12 52.04 75.24 54.44 72.02 84.60 66.78 67.82 41.76 71.50 55.02 73.14 61.04 55.74 67.46 51.90 58.08 70.04 60.02 66.34
CrossViT [4] 19.18 16.50 17.92 17.44 17.70 21.40 15.36 17.36 12.28 16.16 16.00 14.50 18.26 17.02 17.78 15.94 19.82 17.24 17.68 15.62
Edgenext [24] 73.26 64.30 69.48 74.38 64.24 80.80 58.90 70.72 44.98 74.54 49.44 68.72 58.90 52.40 65.96 54.38 60.10 62.02 55.52 59.90
GCViT [10] 44.54 38.94 44.48 40.98 35.30 49.38 30.38 39.60 24.32 34.20 31.36 45.92 22.00 24.22 27.88 22.92 37.62 33.92 30.86 36.12
Visformer [5] 71.10 62.96 68.78 59.32 79.26 80.60 55.74 67.10 39.36 66.38 47.78 69.04 40.48 40.36 58.78 41.48 53.32 57.72 59.92 56.92
FocalNet [46] 45.66 36.48 47.98 44.82 37.76 54.32 35.60 38.32 31.02 40.14 35.12 39.82 27.88 30.84 37.34 25.24 42.38 38.36 33.40 36.38
Hiera [32] 43.16 33.72 43.56 36.40 38.92 44.78 31.18 41.14 19.82 34.50 24.22 36.46 21.30 24.92 37.04 24.58 31.56 38.72 32.80 34.06
MaxVit [41] 22.94 17.98 21.00 20.96 17.40 25.60 17.54 19.22 15.38 17.42 19.30 19.86 16.46 15.56 16.34 15.30 20.04 18.32 17.18 18.70
Conformer [48] 47.72 38.44 45.98 42.24 53.34 51.72 33.54 37.30 27.68 43.56 32.64 42.04 29.26 29.14 39.54 28.68 38.18 46.40 42.96 42.60
MobileViT [26] 92.06 91.96 88.10 91.12 68.42 94.42 81.82 90.68 72.34 87.40 79.12 88.36 61.04 78.04 76.06 85.48 80.62 84.84 80.42 79.52
RDNet [15] 50.72 42.44 44.28 47.88 36.58 58.78 33.00 41.88 25.68 43.76 31.04 43.74 21.82 24.98 28.28 28.96 36.62 37.52 34.72 37.34
LeViT [8] 67.52 58.20 66.52 62.00 63.98 78.00 61.14 75.12 37.40 62.40 46.94 66.24 43.46 46.66 62.48 39.78 55.86 58.26 60.10 57.04
MViT [18] 35.38 30.04 37.50 34.04 36.40 43.42 24.24 36.56 19.64 30.90 27.14 38.20 20.28 23.00 25.56 21.78 32.66 28.44 29.96 31.32
Coat [45] 52.14 55.50 51.10 52.22 36.20 70.70 42.32 45.70 32.08 39.02 34.52 46.00 30.94 30.28 34.56 30.14 45.92 38.98 34.86 39.74
EfficientViT [20] 60.04 44.78 66.24 49.00 62.44 68.62 51.62 65.74 41.48 52.02 54.46 59.30 41.32 61.32 70.62 43.32 58.10 57.48 62.30 57.30
EfficientNet [16] 60.64 48.00 64.40 49.48 55.08 63.26 43.48 55.00 36.96 51.92 44.70 47.54 35.40 54.68 47.72 36.64 50.08 54.62 54.70 48.40

Average 60.62 54.29 60.24 57.06 56.38 64.35 50.95 58.01 43.38 56.22 49.87 55.93 47.30 51.73 53.77 45.08 53.88 55.36 53.56 52.79

Table 3. Fooling rate of top-20 generators on the 41 target models. The attack neuron position of each generator is listed along with
the columns. Note that the ranking here is obtained by using DenseNet121 [13] as the held-out model after lightweight training. The best
performing generator for each target model is highlighted in bold, and the second-best is underlined for each target model. For comparison,
baselines LTP [33], BIA [50], CDA [27], GAP [29] achieves average fooling rate of 44.6%, 42.0% 40.7% and 34.7% over 41 architectures.
All the top-20 generators obtained with our method outperform the baselines in all cases.



Model 40 31 80 191 446 388 148 124 84 413 409 174 119 208 495 214 7 435 504 443

ResNet152 [11] 77.40 59.46 71.60 69.08 70.58 77.58 70.36 77.84 73.18 74.28 50.26 74.76 81.86 63.72 79.66 60.22 65.26 74.66 70.74 67.00
DenseNet121 [13] 82.98 76.14 81.00 83.74 81.30 84.80 86.12 84.82 78.62 76.44 62.36 84.96 82.52 70.08 83.20 67.54 74.46 77.94 73.08 80.94
SqueezeNet1 [14] 88.50 81.90 88.58 85.72 85.04 85.54 89.34 79.86 82.06 83.12 79.26 80.60 84.52 63.52 86.14 72.84 73.24 79.94 68.16 85.42
ShuffleNet [23] 77.08 63.02 78.12 76.46 75.28 72.70 75.00 69.42 72.40 83.74 50.74 79.88 87.36 51.74 84.36 69.26 64.04 83.84 67.92 70.68
MNasNet [36] 91.56 81.46 84.56 90.60 91.68 92.90 90.50 86.96 90.48 85.34 87.82 90.96 89.30 71.72 91.72 81.34 76.40 88.00 71.80 87.54
PNasNet [19] 54.46 31.46 53.46 38.80 37.78 55.42 33.68 48.72 56.86 54.60 35.44 63.28 62.34 43.00 64.08 50.70 40.84 56.48 30.78 37.92
MobileNet [12] 75.44 52.08 66.92 70.42 62.28 76.12 65.18 69.04 81.80 77.00 63.28 62.96 78.28 58.12 75.44 63.72 64.02 75.72 50.84 66.16
WideResNet [49] 86.34 78.88 82.54 84.20 85.98 85.34 85.70 84.86 83.78 80.12 67.64 84.36 85.02 70.24 82.16 71.56 75.94 82.86 74.38 82.96
RegNet [30] 82.54 75.20 79.58 82.94 80.68 83.40 83.82 86.92 83.06 74.70 63.60 75.72 82.68 69.62 85.48 76.34 71.98 77.58 63.52 79.02
AlexNet [17] 52.66 48.66 51.64 47.66 50.34 50.14 41.00 49.56 56.54 51.62 54.10 52.02 45.16 55.16 46.28 42.10 47.56 39.38 38.08 49.78
NF ResNet [3] 63.94 45.60 56.58 50.26 50.12 63.12 54.76 66.86 71.12 65.46 34.94 71.50 61.98 57.66 64.08 46.52 52.96 55.92 49.28 53.46
DLA 93.68 89.12 89.34 93.98 93.48 95.44 95.76 94.66 95.54 92.10 90.70 94.74 95.66 86.42 96.20 90.16 87.84 94.22 84.40 92.92
GhostNetV2 [9] 80.74 51.24 67.92 86.42 74.28 82.60 79.88 77.52 79.28 75.90 69.52 79.06 81.02 64.12 83.26 69.44 66.20 75.02 60.60 69.36
CSPResNet [42] 74.20 57.64 68.72 65.66 63.90 70.02 72.34 69.26 71.24 65.36 38.90 64.00 72.14 61.56 70.34 53.18 59.28 65.50 56.26 66.30
HRNet [43] 94.78 92.24 92.46 93.18 91.74 95.14 96.28 95.74 90.54 83.20 88.68 88.74 86.74 89.82 92.76 88.22 79.24 86.14 77.78 91.36
Xception [6] 65.28 46.96 54.94 55.02 54.84 61.12 55.12 66.74 65.86 57.42 49.12 74.86 60.72 59.42 61.84 55.32 63.30 52.18 44.64 55.66
ViT B 16 [1] 14.42 13.62 15.98 14.60 14.24 18.00 13.28 15.82 18.26 18.68 16.36 22.56 14.56 17.48 17.04 15.34 17.30 12.64 13.14 14.56
ViT L 16 [1] 15.88 15.46 17.20 14.92 15.94 18.44 13.24 17.96 20.64 19.90 15.42 20.96 16.74 18.68 17.88 16.64 17.12 15.06 13.72 15.08
Swin [21] 20.38 20.22 21.72 17.98 16.70 23.06 18.36 22.40 26.12 22.82 14.26 20.06 26.58 19.58 25.76 21.64 22.78 20.50 16.08 19.22
BeIT [2] 17.14 13.94 19.42 15.12 14.50 23.46 13.96 18.24 24.10 30.00 16.38 22.90 20.02 21.18 23.72 18.56 21.12 14.24 14.92 16.76
DeiT [38] 15.44 12.52 14.78 14.24 13.68 16.88 12.74 14.96 19.84 17.92 12.54 17.94 17.68 16.46 18.50 15.76 16.40 14.90 14.32 13.96
Cait [39] 20.34 16.28 23.60 17.60 15.50 22.38 15.14 27.60 26.20 24.70 15.70 26.48 21.14 22.68 24.32 18.34 20.32 17.26 14.78 16.98
Davit [7] 24.18 21.12 20.62 23.78 22.42 24.06 25.76 28.62 26.72 25.62 17.18 22.66 28.00 21.12 27.22 21.48 28.96 25.82 18.82 23.68
ConvNext [22] 63.86 45.16 57.24 49.64 44.74 60.28 57.66 84.10 58.86 55.10 43.84 59.22 58.58 57.36 59.12 54.98 58.36 48.92 52.90 59.32
Mixer [37] 29.56 26.30 28.46 26.54 26.02 31.26 25.26 29.34 32.88 34.92 24.80 30.44 33.84 32.36 33.92 27.86 31.28 29.94 25.64 27.36
ConvMixer [40] 64.28 45.70 52.48 50.88 56.56 55.92 48.00 74.74 57.68 66.12 36.38 73.74 69.60 49.58 68.88 42.38 56.20 54.64 36.88 57.82
CrossViT [4] 15.88 14.30 15.70 13.94 14.78 16.26 13.04 17.32 18.46 17.60 13.50 18.64 17.70 17.66 18.08 14.76 17.62 14.20 13.88 14.52
Edgenext [24] 56.52 43.66 56.44 56.36 46.36 65.96 52.34 65.06 67.22 57.56 42.84 61.60 56.40 55.18 65.56 50.64 52.26 48.26 45.22 50.08
GCViT [10] 30.22 23.96 23.32 26.48 24.84 26.70 27.74 39.34 34.08 26.20 18.26 26.54 39.18 26.06 34.58 24.92 30.92 29.02 19.52 28.52
Visformer [5] 49.90 40.92 47.00 43.70 41.90 61.82 47.02 54.00 63.68 56.44 35.62 46.24 63.82 43.54 62.18 41.98 44.16 52.28 35.38 43.32
FocalNet [46] 32.56 29.00 30.86 36.44 29.72 33.62 32.00 44.56 35.80 30.12 23.12 29.68 44.22 25.50 40.78 28.74 32.26 33.34 22.04 36.48
Hiera [32] 26.24 21.48 22.20 22.76 21.76 39.68 21.48 26.50 37.98 36.04 21.32 27.62 39.58 23.90 39.86 25.38 25.02 31.40 21.10 22.86
MaxVit [41] 18.60 16.58 14.28 16.06 14.72 15.94 17.04 19.00 15.86 17.18 12.72 16.68 20.30 17.94 17.92 17.04 20.44 16.08 13.54 16.64
Conformer [48] 34.94 31.72 37.32 31.64 28.08 43.10 31.36 46.12 42.92 42.20 25.64 33.84 40.84 38.68 40.34 36.18 38.38 31.88 24.66 30.18
MobileViT [26] 77.08 69.44 76.70 82.36 78.18 85.88 80.64 90.80 84.96 66.94 68.46 83.98 76.54 79.54 84.96 72.88 82.84 67.14 69.42 76.64
RDNet [15] 33.00 24.82 27.26 27.80 26.88 33.38 27.88 34.66 33.14 29.86 21.88 27.40 37.90 32.58 36.16 26.62 33.52 34.90 23.30 27.58
LeViT [8] 47.30 35.56 40.02 48.36 41.72 60.04 42.58 51.94 60.72 57.92 31.44 51.76 54.94 37.72 64.62 35.32 42.70 46.82 36.16 40.10
MViT [18] 26.34 19.56 22.88 22.02 21.46 25.84 21.04 31.20 35.40 25.24 16.46 26.62 31.76 27.02 28.84 21.90 28.86 26.18 19.00 21.46
Coat [45] 36.18 32.02 30.48 33.52 31.24 39.94 33.44 43.46 42.04 36.14 26.74 36.70 41.34 37.52 42.10 30.22 33.70 32.60 29.18 32.58
EfficientViT [20] 52.70 42.14 47.56 48.86 45.26 57.40 44.20 47.20 66.62 67.20 40.26 48.32 63.62 44.14 61.38 42.54 41.06 55.48 38.68 51.48
EfficientNet [16] 51.92 35.96 47.58 48.26 42.92 48.76 42.32 48.94 60.02 45.60 27.78 45.90 46.42 41.68 47.92 40.70 37.86 41.88 31.56 41.76

Average 51.62 42.50 48.27 48.24 46.33 53.16 47.62 53.72 54.70 51.42 39.64 51.73 54.11 45.39 54.84 44.42 46.68 48.31 40.15 47.21

Table 4. Fooling rate of next 20 generators on the 41 target models. The attack neuron position of each generator is listed along
with the columns. Note that the ranking here is obtained by using DenseNet121 [13] as the heldout model after lightweight training.The
best performing generator is highlighted in bold and second best is underlined for each target model.For comparison, baselines LTP [33],
BIA [50], CDA [27], GAP [29] achieves average fooling rate of 44.6%, 42.0% 40.7% and 34.7% over 41 architectures. Among the 20
generators listed here, our method outperform the baselines in 17 out of 20 cases.
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