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1. DNN
Problem: the remarkable performance of DNNs heavily relies on supervised training with large
annotated datasets, which can be a significant burden in terms of labor and computational costs.

2, UDA
Unsupervised Domain Adaptation (UDA) is proposed to transfer knowledge from a labeled source
domain to an unlabeled target domain without compromising accuracy.

Problem: While this approach holds promise, most UDA methods require exposure to labeled
source data during training, which can potentially compromise personal privacy and company
security.
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3. TTA
Test-Time Domain Adaptation (TTA) draws inspiration from test-time training and updates the
model at the inference time to ensure real-time performance.
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I Motivation

(1) Contrastive pre-training (2) Create dataset classifier from label text
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Data Bias causes a problem that the performance of different prompts can vary across datasets,
resulting in the difficulty of selecting an optimal prompt for downstream tasks.

Model Bias causes prediction biases towards specific classes, leading to error accumulation. And
the errors accumulated by Model Bias will finally result in performance degradation problem.
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to alleviate the negative effects of Data Bias and avoid the

Prompt Pool
s worst-case results. Let M denote the number of prompts
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Figure 3: ADAPROMPT for image classification. We select confident samples from unlabeled test data stream by ensembling I ff 5
multiple prompts and push them into the confidence-aware buffer, which is used to store confident and balanced samples. Then, (Xl Z Yk Xt og f (yk ‘3{5, p) (3)
ADAPROMPT extracts samples from the buffer and adaptively updates all the prompts, which adapts prompts to current data. k=

where K represents I:he number of classes and y repre-
sents the pseudo label obtained by Eq. (4). The purpose of
minimizing cross-entropy loss is to make the model more
confident in the predicted samples, which can adapt prompts
to Data Bias and improve the accuracy of predictions.
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I Model Bias
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I Experiments

Dataset i CIFAR10-C(5=3) ] CIFAR10-C(s=5) | CIFARI100-C(s=3) | CIFAR100-C(s=5)
Methods | Source TPT  Ours | Source TPT  Ours | Source TPT Ours | Source TPT  Ours
Gauss. 50.03 52.86 54.50 38.00 4008 42.48 27.81 25.54 28.61 19.60 1731 21.92
Noise Shot 61.74 63.32 64.92 43.14 4474  47.89 33.81 3222  35.30 21.36 1904 2395
Impul. 78.59 78.87 81.36 56.70 5008 60.59 47.30 4763 50.51 25.31 2565 30.06
Defoc. 85.46 85.25 87.69 72.88 72.10 74.98 60.10 60.55 060.54 42.52 4273  43.07
Blur Glass 54.26 5395 59.29 42.59 43.19 47.51 29.35 2021 30.38 20.06 1997 20.91
Motion 77.15 77.06 78.52 70.96 70.14 T72.54 48.69 48.86 49.69 43.15 4263 4246
Zoom 81.57 81.35 84.29 74.66 74.89 78.30 56.08 5596 57.22 47 .89 48.12 48.72
Snow. 81.01 81.18 84.52 74.74 7532 78.26 53.90 5541 56.34 48.35 49.19 48.95
Weathics Frost 81.13 81.02 84.60 78.40 78.33 80.19 53:12 53.89 55.05 49.72 5043 50.89
Fog 86.60 86.49 89.10 71.66 7254 73.14 60.77 61.64 61.33 41.64 4271 4245
Brit. 88.92 88.67 91.53 85.00 85.12 88.06 64.88 65.30 66.64 57.02 57.58 59.07
Contr. 87.11 87.70 89.28 63.00 70.80 6795 59.77 61.18 61.58 34.54 38.06 36.84
Dieital Elastic 80.27 80.75 83.46 55.40 57.10 58.88 52.53 5343 55.01 2021 30.05 30.56
& Pixel 75.18 7598 81.54 48.09 5224 57.21 51.09 51.94 53.29 23904 25.15 27.50
JPEG 69.51 69.82 72.67 60.30 61.55 63.83 390.68 40.17 42.40 32.46 3243 34.29
Avg. ! 75.90 76.29 79.15 I 62.37 63.81 66.12 | 49.26 4954 50.93 | 35.78 36.07 37.44

Table 1: Comparison with state-of-the-art test-time prompt tuning methods on CIFAR10-C and CIFAR100-C benchmarks with
corruption level 3 and 5. We conduct separate tests on 15 different domains for each benchmark. We omit std in this table due
to space issues. The best results are indicated in bold. Our method outperforms comparison methods in almost all cases. The
best performance 1s in bold.



I Experiments

Methods Source TPT TPT-C  Ours
Gauss. 15.72 16.29 0.52 17.52

Noise Shot 23.44 23.86 0.52 26.47
Impul. 17.47 17.58 0.52 20.76

Defoc. 32.43 32.65 0.58 34.39

Blur Glass 11.88 1251 0.52 14.45
Motion 31.97 3231 0.54 33.98

Zoom 30.99 257 0.54 33.32

Snow. 29.69 30.90 0.55 32.82

Wisithice Frost 32.98 33.25 0.58 36.30
Fog 35.81 36.36 0.58 37.97

Brit. 43.95 43.62 0.60 46.80

Contr. 22.56 23.00 0.52 25.52

Dieital Elastic 38.14 38.74 0.58 40.78
& Pixel 26.38 2172 0.55 29.42
JPEG 37.54 37.56 0.64 40.72

Avg. 28.73 2920 0.55 31.42

Table 3: Comparison with SOTA test-time prompt tun-
ing methods on TinylmageNet-C with corruption level 3.
ADAPROMPT outperforms them 1n all domains.
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Figure 1: Relative performance compared to the average per-
formance of prompts evaluated on CIFAR10-C in 15 do-
mains with corruption level 3 using different initial prompts.
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level 3. The black line represents the baseline.



I Ablation Experiments

Method CIFAR10-C(s=3) CIFARI10-C(s=5)
Py 75.91 = 0.00 62.37 £+ 0.00
Pp 76.21 = 0.00 62.77 £ 0.00
FPc 72.98 = 0.00 59.25 £ 0.00
Ppest + UP. 11724024 65.32 £ 0.18
F 22 75.38 = 0.00 61.75 £ 0.00
P, + UP. 79.15 + 0.23 66.12 + 0.43

Table 2: Evaluation of each module on CIFAR10-C with cor-
ruption level 3 and 5. The average accuracy of different mod-
ules on 15 different domains is shown.
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Component N P
M. M, CIFAR10-C(s=3) CIFAR10-C(s=5)

76.21 £ 0.00 62.37 £ 0.00

75.38 £ 0.00 61.75 £ 0.00

v 7772+ 0.24 65.32 £ 0.18

v v 79.15 £ 0.23 66.12 + 0.43

Table 4: Ablation study of ADAPROMPT on CIFARIO-C
dataset with corruption level 3 and 5. The average accuracy
on 15 different domains is reported.

Acc(%) | Source TPT Ours

RN50 47.70 £0.00 51.44 +0.02 55.44 £+ 0.30
ViT-B/32 | 71.30 £0.00 73.77 £0.03 75.81 4+ 0.33

Table 5: Average accuracy of CIFAR10-C in different 15 do-
mains with corruption level 3 on different backbones.
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Figure 5: Average accuracy of ADAPROMPT with different
buffer size on CIFAR100-C with corruption level 3.
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Figure 6: Performance of ADAPROMPT with different con-
fidence threshold on CIFAR100-C with corruption level 3.
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