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A. Deriving the posterior of Equation (6)
We start with the definition of the posterior in Eq. (5):
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B. Results on different levels of CIFAR-10-C

corruptions
We evaluate NC-TTT on the remaining severity levels of
CIFAR-10-C (see Tables 1-4). Accuracy decreases on all
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Figure 1. Test-time accuracy on different layer blocks with differ-
ent in-distribution standard deviation.

methods as the severity augments, but NC-TTT outper-
forms the closest competitors from the state-of-the-art on
the majority of the corruptions and in average for the whole
dataset. To be more precise, when considering NC-TTT at a
lower severity level (refer to Table 4), it demonstrates supe-
rior performance across all corruptions, with the exception
of Gaussian Noise and JPEG compression. This is note-
worthy, given that Gaussian noise is introduced to features
during training.

C. Hyperparameter search on VisDA-C

In order to choose the best configuration for VisDA-C, we
performed a hyperparameter search considering the four
different layer blocks from ResNet50 as well as four dif-
ferent in-distribution noise standard deviation values (i.e.,
0.01, 0.015, 0.025, 0.05). The results are obtained across
three executions per combination. We show in Fig.1 that
the best performance can be generally obtained on the first
layer of the network, consistent with previous results in the
field [2, 3, 5, 6]. Furthermore, an in-distribution standard
deviation σs = 0.025 is found to perform the best across all
the different layers.
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ResNet50 LAME [1] PTBN [4] TENT [7] TTT [6] TTT++ [3] ClusT3 [2] NC-TTT (ours)

Gaussian Noise 28.02 26.22 ±0.21 61.39 ±0.10 61.19 ±0.26 70.63 ±0.04 78.70 ±4.28 79.14 ±0.03 78.09 ±0.02

Shot noise 38.33 37.06 ±0.17 66.57 ±0.06 66.2 ±0.18 75.18 ±0.04 80.12 ±0.12 81.51 ±0.15 81.33 ±0.10

Impulse Noise 46.12 45.03 ±0.17 63.56 ±0.20 62.98 ±0.19 65.91 ±0.04 70.64 ±0.53 76.95 ±0.07 75.52 ±0.08

Defocus blur 67.33 67.70 ±0.07 85.48 ±0.12 85.32 ±0.18 91.95 ±0.02 81.75 ±0.43 90.33 ±0.09 91.91 ±0.05

Glass blur 34.42 32.63 ±0.09 52.26 ±0.04 52.08 ±0.15 60.44 ±0.05 62.85 ±0.50 71.09 ±0.17 69.95 ±0.09

Motion blur 63.71 64.00 ±0.01 80.78 ±0.12 80.75 ±0.09 86.29 ±0.10 68.42 ±1.08 87.87 ±0.11 89.02 ±0.10
Zoom blur 61.27 62.12 ±0.21 83.33 ±0.11 83.28 ±0.10 89.90 ±0.04 70.74 ±2.05 88.86 ±0.04 90.96 ±0.05
Snow 72.15 72.18 ±0.04 73.25 ±0.16 73.17 ±0.25 81.25 ±0.02 52.43 ±0.56 84.30 ±0.07 85.36 ±0.06
Frost 62.27 61.72 ±0.06 73.41 ±0.22 73.54 ±0.16 83.83 ±0.04 52.80 ±2.67 87.17 ±0.07 88.08 ±0.02
Fog 81.86 82.07 ±0.03 83.88 ±0.06 83.81 ±0.09 90.62 ±0.05 41.75 ±0.09 90.03 ±0.02 92.07 ±0.07
Brightness 87.58 87.64 ±0.08 86.81 ±0.05 86.81 ±0.23 92.87 ±0.09 50.95 ±2.19 92.99 ±0.06 94.41 ±0.03
Contrast 68.62 69.02 ±0.11 84.16 ±0.09 84.23 ±0.29 90.94 ±0.07 45.28 ±0.55 89.24 ±0.07 91.52 ±0.03
Elastic transform 67.84 68.32 ±0.03 76.44 ±0.18 76.21 ±0.08 84.03 ±0.11 35.53 ±1.51 86.74 ±0.04 86.39 ±0.04

Pixelate 56.3 55.94 ±0.08 76.34 ±0.10 76.40 ±0.16 84.92 ±0.15 33.64 ±0.83 87.93 ±0.03 88.06 ±0.20
JPEG compression 70.62 70.44 ±0.18 69.64 ±0.03 69.54 ±0.05 76.46 ±0.04 28.01 ±1.75 85.11 ±0.06 82.73 ±0.07

Average 60.43 60.14 74.48 74.37 81.68 56.91 85.28 85.69

Table 1. Accuracy (%) on CIFAR-10-C dataset with Level 4 corruption for NC-TTT compared to state-of-the-art.

ResNet50 LAME [1] PTBN [4] TENT [7] TTT [6] TTT++ [3] ClusT3 [2] NC-TTT (ours)

Gaussian Noise 33.99 32.37 ±0.16 64.55 ±0.13 64.67 ±0.17 74.10 ±0.09 80.29 ±0.81 81.55 ±0.09 81.09 ±0.09

Shot noise 46.35 45.83 ±0.14 69.82 ±0.08 70.04 ±0.14 78.43 ±0.07 82.46 ±0.37 84.12 ±0.02 84.03 ±0.09

Impulse Noise 59.90 59.43 ±0.13 72.08 ±0.14 71.95 ±0.33 76.32 ±0.10 79.20 ±0.38 83.75 ±0.01 83.73 ±0.05

Defocus blur 79.29 79.67 ±0.11 87.62 ±0.17 87.39 ±0.05 93.25 ±0.06 87.68 ±0.38 91.74 ±0.07 93.51 ±0.08
Glass blur 47.29 46.36 ±0.10 63.29 ±0.11 63.26 ±0.21 72.09 ±0.11 72.52 ±0.56 79.78 ±0.02 79.25 ±0.08

Motion blur 63.42 63.72 ±0.07 81.13 ±0.13 80.99 ±0.08 86.48 ±0.09 69.59 ±1.38 88.02 ±0.10 89.02 ±0.02
Zoom blur 67.86 68.23 ±0.08 84.57 ±0.11 84.34 ±0.06 91.00 ±0.02 73.23 ±2.33 89.90 ±0.07 91.86 ±0.10
Snow 74.93 74.78 ±0.05 75.08 ±0.14 75.14 ±0.19 83.90 ±0.07 57.96 ±1.02 86.22 ±0.07 87.17 ±0.05
Frost 64.54 64.16 ±0.08 74.15 ±0.04 73.98 ±0.14 84.13 ±0.10 49.94 ±3.53 87.37 ±0.07 88.05 ±0.05

Fog 85.73 85.98 ±0.16 86.57 ±0.09 86.38 ±0.15 92.19 ±0.08 52.89 ±4.13 91.83 ±0.01 93.55 ±0.01
Brightness 88.93 88.67 ±0.08 87.50 ±0.19 87.44 ±0.01 93.53 ±0.09 57.96 ±1.32 93.31 ±0.04 94.61 ±0.01
Contrast 79.66 79.99 ±0.05 85.63 ±0.05 85.46 ±0.08 91.85 ±0.09 53.44 ±2.37 90.83 ±0.05 92.54 ±0.09
Elastic transform 75.67 75.96 ±0.14 82.72 ±0.14 82.56 ±0.15 90.09 ±0.10 36.49 ±3.72 89.33 ±0.11 90.95 ±0.03
Pixelate 74.83 75.12 ±0.04 82.17 ±0.14 81.91 ±0.13 89.30 ±0.10 33.41 ±3.02 90.23 ±0.06 91.44 ±0.05
JPEG compression 73.70 73.66 ±0.16 71.54 ±0.09 71.54 ±0.15 78.95 ±0.09 28.82 ±2.74 86.55 ±0.06 85.10 ±0.01

Average 67.74 67.60 77.89 77.80 85.04 61.06 87.64 88.39

Table 2. Accuracy (%) on CIFAR-10-C dataset with Level 3 corruption for NC-TTT compared to state-of-the-art.
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ResNet50 LAME [1] PTBN [4] TENT [7] TTT [6] TTT++ [3] ClusT3 [2] NC-TTT (ours)

Gaussian Noise 50.53 50.02 ±0.24 71.31 ±0.16 71.43 ±0.08 81.18 ±0.11 85.41 ±2.26 86.07 ±0.08 85.37 ±0.08

Shot noise 69.27 69.47 ±0.22 78.97 ±0.19 79.02 ±0.17 87.54 ±0.10 88.79 ±0.44 89.77 ±0.04 90.15 ±0.09
Impulse Noise 68.57 68.68 ±0.08 77.09 ±0.13 77.03 ±0.15 82.20 ±0.13 84.27 ±0.29 86.60 ±0.03 86.89 ±0.11
Defocus blur 87.45 87.46 ±0.14 88.20 ±0.11 88.06 ±0.06 93.67 ±0.06 90.85 ±0.42 92.87 ±0.01 94.32 ±0.01
Glass blur 43.26 42.04 ±0.19 62.66 ±0.09 62.55 ±0.11 71.33 ±0.04 71.60 ±1.95 78.81 ±0.11 79.86 ±0.06
Motion blur 72.98 73.14 ±0.06 83.51 ±0.16 83.46 ±0.10 89.57 ±0.07 77.38 ±1.12 89.78 ±0.13 91.23 ±0.04
Zoom blur 74.89 75.23 ±0.18 85.81 ±0.21 85.79 ±0.05 92.05 ±0.10 80.30 ±1.45 90.82 ±0.04 92.76 ±0.10
Snow 71.11 70.78 ±0.12 74.73 ±0.11 74.69 ±0.22 82.96 ±0.08 68.56 ±1.36 86.30 ±0.04 87.55 ±0.05
Frost 76.67 76.46 ±0.02 79.54 ±0.15 79.41 ±0.27 87.67 ±0.03 63.66 ±3.39 90.27 ±0.10 91.09 ±0.03
Fog 88.51 88.55 ±0.08 87.62 ±0.10 87.60 ±0.17 93.23 ±0.04 64.26 ±3.37 93.07 ±0.04 94.46 ±0.02
Brightness 89.75 89.52 ±0.01 88.09 ±0.03 87.97 ±0.14 93.69 ±0.08 67.19 ±1.23 93.64 ±0.01 94.97 ±0.04
Contrast 84.58 84.87 ±0.07 86.19 ±0.17 86.41 ±0.04 92.50 ±0.12 62.90 ±1.93 92.00 ±0.01 3.50 ±0.08
Elastic transform 82.10 82.17 ±0.10 83.69 ±0.13 83.68 ±0.08 90.98 ±0.12 50.06 ±2.37 90.37 ±0.01 91.60 ±0.05
Pixelate 81.04 80.96 ±0.13 82.92 ±0.14 83.01 ±0.07 90.61 ±0.15 43.33 ±3.31 91.28 ±0.09 92.46 ±0.06
JPEG compression 76.06 75.92 ±0.09 73.63 ±0.02 73.56 ±0.13 81.37 ±0.11 28.26 ±2.78 87.86 ±0.08 86.27 ±0.03

Average 74.45 74.35 80.26 80.24 87.37 68.45 89.30 90.17

Table 3. Accuracy (%) on CIFAR-10-C dataset with Level 2 corruption for NC-TTT compared to state-of-the-art.

ResNet50 LAME [1] PTBN [4] TENT [7] TTT [6] TTT++ [3] ClusT3 [2] NC-TTT (ours)

Gaussian Noise 71.38 71.35 ±0.05 79.22 ±0.13 79.52 ±0.12 88.38 ±0.12 90.14 ±1.05 90.35 ±0.05 90.29 ±0.01

Shot noise 80.39 80.32 ±0.07 82.21 ±0.05 82.18 ±0.15 90.43 ±0.02 90.89 ±0.29 91.42 ±0.02 92.25 ±0.02
Impulse Noise 80.04 79.98 ±0.09 82.39 ±0.08 82.48 ±0.15 88.23 ±0.02 87.76 ±0.06 90.51 ±0.06 91.07 ±0.05
Defocus blur 90.17 89.9 ±0.06 88.28 ±0.04 88.26 ±0.15 93.89 ±0.04 91.51 ±0.48 93.72 ±0.09 95.12 ±0.02
Glass blur 40.96 39.87 ±0.16 63.19 ±0.05 63.22 ±0.15 71.12 ±0.07 72.12 ±2.13 79.01 ±0.21 79.78 ±0.05
Motion blur 82.78 82.81 ±0.11 85.99 ±0.09 85.89 ±0.08 91.97 ±0.05 84.11 ±0.91 91.50 ±0.13 93.15 ±0.07
Zoom blur 78.58 79.03 ±0.06 86.19 ±0.06 86.23 ±0.04 92.21 ±0.08 81.76 ±1.38 90.87 ±0.04 92.60 ±0.07
Snow 83.45 83.32 ±0.11 82.94 ±0.13 82.84 ±0.35 88.90 ±0.04 75.89 ±0.75 90.33 ±0.02 91.57 ±0.03
Frost 84.84 84.44 ±0.10 83.88 ±0.15 83.71 ±0.24 91.17 ±0.03 71.54 ±3.13 92.19 ±0.06 93.16 ±0.08
Fog 90.15 90.05 ±0.05 88.31 ±0.13 88.05 ±0.06 93.71 ±0.09 70.58 ±1.29 93.64 ±0.01 95.11 ±0.03
Brightness 90.35 90.24 ±0.06 88.28 ±0.09 88.35 ±0.25 93.90 ±0.06 64.40 ±2.69 93.83 ±0.05 95.28 ±0.02
Contrast 89.52 89.57 ±0.07 87.98 ±0.09 87.93 ±0.08 93.61 ±0.05 53.60 ±3.80 93.61 ±0.03 94.95 ±0.06
Elastic transform 82.46 82.72 ±0.06 83.29 ±0.17 83.28 ±0.27 90.55 ±0.09 39.92 ±1.52 90.33 ±0.06 91.62 ±0.07
Pixelate 87.27 87.18 ±0.08 85.79 ±0.12 85.81 ±0.17 92.24 ±0.01 36.04 ±3.47 92.74 ±0.04 93.84 ±0.03
JPEG compression 82.03 81.66 ±0.07 79.72 ±0.10 79.82 ±0.14 86.86 ±0.08 30.90 ±1.18 90.90 ±0.01 90.18 ±0.05

Average 80.96 80.83 83.17 83.17 89.81 69.41 91.00 92.00

Table 4. Accuracy (%) on CIFAR-10-C dataset with Level 1 corruption for NC-TTT compared to state-of-the-art.
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