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1. Evaluation Baselines

We mainly focused on comparing our proposed method
with three types of other methods. (1) Entropy-free
method: the source model trained with clean datasets is
directly tested under an open-set setting. (2) Entropy-
based/continual TTA methods: TENT [7] estimates the
normalization statistics and optimizes the model param-
eters based on entropy minimization. CoTTA [8] adopts
the mean-teacher method to improve pseudo labels and
provide a weighted average of these labels to mitigate error
accumulation. It also introduces a stochastic restoration
module to enforce continual adaptation by avoiding catas-
trophic forgetting. EATA [5] reduces the effect of noisy
samples with high entropy by employing an active sample
selection criterion. To alleviate the issue of forgetting,
they introduce a Fisher regularizer to constrain model
parameters. (3) Open-set TTA methods: OSTTA [4]
uses a filtering technique based on the confidence values
of the adopted model compared with the original source
model, where low confidence samples appear to be noisy.
UniEnt [2] uses entropy minimization and maximization
with a distribution-aware filtering method for both covariate
shifted in-and out-of-distribution samples. Furthermore,
UniEnt+ [2] alleviates the noisy samples by leveraging
sample-level confidence. Lastly, Stabilized OSTTA [3]
uses an auxiliary filtering method to validate data from the
primary filtering mechanism and also employs knowledge-
integrated prediction to calibrate the output of the adopted
model.

2. More Results

Additional Results on CIFAR Benchmarks. We perform
additional experiments with Places365-C [10] and Texture-
C [1] datasets. We follow the same setup and evaluation
metric from [3], we further add harmonic mean (H-S) of ac-
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curacy and AUROC. In Tab. I, we demonstrate the perfor-
mance with CIFAR-10-C by adding different open-set envi-
ronments. Our method consistently outperforms S-OSTTA
method in all metrics. Existing open-set TTA methods ex-
hibit considerable performance, but lack achieving higher
performance compared to our method. But S-OSTTA per-
formed closely with our method, but the margin is signif-
icant. On the other hand, in Tab. 2, we observe a sim-
ilar trend as our method outperforms other methods with
CIFAR-100-C benchmark as well. Similarly, S-OSTTA
achieved the second best score in all metrics.

Additional Results on Tiny-Imagenet Benchmark. In
Tab. 3, we perform experiment with Places365-C [10] and
Texture-C [1] datasets as open-set environment and Tiny-
ImageNet-C as the close-set environment. Tiny-Imagenet-C
poses more challenging tasks as it has 200 classes. In both
open-set datasets, our method significantly performs other
methods, and demonstrates its capability to handle open-set
environments.

Performance under Continual Settings. We follow a sim-
ilar setup [6, 8]. In standard TTA setting, corruption types
change abruptly in the highest severity level (e.g. 1-5),
where 1 is the lowest and 5 is the highest. However, in
continual setting, we experiment this severity level under
a sequence by gradually changing severity for the 15 dif-
ferent corruption types. And the we change the corruption
types gradually from lowest to highest, so that the distribu-
tion shift within each corruption is also gradual. Following
previous method [8], we randomly shuffle 10 different cor-
ruption types then report average error rate over ten differ-
ent sequences, shown in Tab. 4. We can see, our method
outperforms both TTA and OSTTA settings by a significant
margin in CIFAR-10-C dataset.
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Table 1. Results of different methods on CIFAR-10-C benchmark. 1 indicates that larger values are better. All values are percentages. We

present Source , TTA methods , OSTTA methods , and Our method respectively. We underline the second best score, and best scores
are in bold. Improvements (4) compared to the second best score are also presented.

Method Places365-C Textures-C

Acct AUROCT H-ST Acch AUROCT H-ST
Source [9] 82.46 83.32 82.89 82.46 82.51 82.48
TENT [7] 55.31 54.23 54.76 70.23 68.45 69.33
CoTTA [8] 84.67 82.34 83.49 84.10 79.78 81.88
EATA [5] 84.78 80.35 82.51 81.87 78.24 80.01
OSTTA [4] 84.56 76.45 80.30 81.56 69.43 75.01
UniEnt [2] 84.78 88.64 86.67 82.75 84.43 83.58
UniEnt+ [2] 84.56 89.57 86.99 80.45 89.65 84.80
S-OSTTA [3] 88.23 94.12 91.08 87.56 97.51 92.27
Ours 90.41(4.1.35) 94-78(+0.66) 92-54(+1.46) 90-43(+2.87) 98.74(4.1.23) 94.40(4.2.13)

Table 2. Results of different methods on CIFAR-100-C benchmark. 1 indicates that larger values are better. All values are percentages.

Method Places365-C Textures-C

Acct AUROCT H-ST Acct AUROCT H-ST
Source [9] 53.45 65.34 58.92 53.45 62.65 57.55
TENT [7] 26.45 60.10 36.86 29.80 61.56 40.49
CoTTA [8] 55.77 72.81 63.51 51.45 67.68 58.47
EATA [5] 53.90 71.35 61.47 50.45 58.29 53.28
OSTTA [4] 60.32 72.65 66.21 58.76 65.30 61.84
UniEnt [2] 59.39 77.19 67.33 57.78 73.43 64.64
UniEnt+ [2] 58.76 78.67 67.31 56.45 73.89 64.42
S-OSTTA [3] 62.78 85.41 72.07 62.10 93.23 75.17
Ours 64.32(+1‘54) 88.67(+3‘26) 74-93(+2.86) 65.23(;,3‘13) 95.78(+2‘55) 78-03(+2.86)

Table 3. Results of different methods on Tiny-ImageNet benchmark. 1 indicates that larger values are better. All values are percentages.
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Method Places365-C Textures-C

AcctT AUROC?T H-ST AcctT AUROCT H-ST
Source [9] 28.24 67.69 40.05 28.24 71.67 40.49
TENT [7] 40.78 65.76 50.38 34.87 46.67 39.87
CoTTA [3] 41.56 72.45 53.19 56.46 72.45 63.49
EATA [5] 44.32 77.34 56.23 42.87 65.23 51.67
OSTTA [4] 47.67 75.24 58.37 45.72 60.23 51.34
UniEnt [2] 46.87 78.25 58.57 44.45 64.72 51.96
UniEnt+ [2] 45.23 78.13 57.44 44.32 63.52 51.67
S-OSTTA [3] 48.24 84.08 61.23 47.89 82.80 60.45
Ours 50.76(+2.52) 86.87(+2‘79) 64.04(+2‘81) 49.90(4,2,01) 85.40(+2‘60) 63.84(+3‘39)
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