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Table 1: Comparison with existing TTA methods.

Method BP-Free  Distribution-Aware ek SO0NE

Online Transductive

Prompt Tuning [33, 62, 31, 42, 54]
Adapter Tuning [11, 68, 56, 46, 61]
Similarity Score [21, 64, 65, 63, 47]
Transductive Learning [20, 29, 59, 69, 51]
ADAPT (Ours)

NN N X X
NN X X X
- "
NN X X X

"BP-Free: No backpropagation at test time.
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Figure 3: Visualization of decision boundaries on ImageNet-A. The colors indicate different classes.
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Table 10: Projection-based normality test results across

E;ﬁl’j— ';EE . class-conditional features.

Low-dim Freq of p>0.05 (%) 1T p-value Avg. T
CLIP FHERR 2 IR FHBIR4FHE,

5 2 100 0.39
Al S8 o RIFIEUL, R 99.90 0.32
HNEBE S HEREE T ITHE. , 6 99.00 0.27
= 8 96.30 0.22
< T 92.90 0.19
i 2 100 0.31
= 4 100 0.21
g 6 99.50 0.16
s 8 96.30 0.13
@ 10 92.20 0.11
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From the Bayes’ rule, the posterior probability of the k-th class given image x is P(yx|x) =
P(x|yx) P(yx)
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1. ETERD?H WP : ImageNet , ImageNet-A, ImageNet-R, ImageNet-V , ImageNet-Sketch
2. 10N EIR A BHEEE: Aircraft , Caltech101, Cars, DTD, EuroSAT, Flower102, Foodl01,

Pets, SUN397 #1 UCF101.,
FFETTA+ZH R

E%ﬁ iig Baseline Online Transductive
RERIIAM] . [EFCLIP ViT-B/164/E N B TM%

B ES « . &N0.9 :
< < <

knowledge bank size L: 16 for online

6 fOI' trans dllCthe Figure 6: Performance comparison of proposed ADAPT on different VLMs.
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Table 2: Top-1 accuracy (%) comparison on natural distribution shift. Table 4: Top-1 accuracy (%) comparison on fine-grained categorization.
Method BP-free ImageNet ImageNet-A ImageNet-V ImageNet-R ImageNet-S OOD Avg. Avg. Method BP-free Aircraft Caltech  Cars DTD EuroSAT Flower Foodl0l Pets Sun397 UCF101 Avg.
CLIP [39] i 66.74 4779 60.89 73.99 46.12 57.20 59.11 CLIP [39] - 2370 9298 6524 4444 4142 6728 83.80 8798 6255 6508 63.45
Tip-Adapter [63] }'e 70.75 51.04 63.41 7776 48.88 60.27 62.37 TPT [33] X 2478 9416 66.87 47775 4244 6898  84.67 8779 6550 68.04 65.10
TPT [33] X 68.98 5477 63.45 77.06 4797 60.81 62.45 DiffTPT [9] X 2560 9249 67.01 4700 43.13 70.10 8723 8822 6574 6822 6547
DffTPT [9] X 70,30 55.68 65.10 75.00 46.80 60.65 62.58 C-TPT [55] X 2400 9360 6580 4600 4320 79.80 8370 8820 6480 6570 64.48
C-TPT [55] X 68.50 51.60 62.70 76.00 47.90 50.55 61.34 DMN [65] X 3003 9538 6796 55.85 5943 7449 8508 9204 70.18 7251 7030
DMN [65] X 7925 5808 65.17 78 55 5320 63.80 65.49 TPS [29] X 2627 9456 67.00 5380 4211 7169 8478 8782 6825 71.18  66.75
DPE [61] X 2895 9481 6731 5420 5579 7507 86.17 9114 7007 7044  69.40
DPE [61] X 7191 59.63 65.44 80.40 5226 64.43 65.93 !
o Tpg HisTPT [62] X 2690 9450 6920 4890 4970 7120 89.30 89.10 6720 70.10 67.61
ol [46] X 70.38 59.21 63.80 77.49 49,57 62.52 64.09 2
£ DynaPrompt[54] X €9 61 5617 6167 i i 6181 6337 £ DynaPrompt [54] X 2433 9432 67.65 4796 4228 6995 8542 8828 6632 6872 65.52
5 y P ; y 3 i : : : & MTA[57] V2532 9413 6636 4559 3871 6826 8495 8822 6498 68.11 64.46
BTPT [34] X 69.57 5526 65.40 78.64 49.53 6221 63.68 TDA [21] v 2391 9424 6728 4740 5800 7142  86.14 8863 6762 70.66 67.53
MTA [57] v 70.08 58.06 64.24 78.33 49.01 62.56 64.06 ZLaP [20] v 2540 9310 6560 48.60 5560 73.50 8690 87.10 6740 7150 67.47
TDA [21] v 69.51 60.11 64.67 80.24 50.54 63.89 65.01 ZERO [7] v 2521 9366 68.04 4612 3433 67.68 8653 8775 6503 6777 6421
ZERO [7] v 69.31 59.61 64.16 77.22 48.40 62.35 63.74 BCA [67] v 2859 9469 6686 5349 5663 7312 8597 9043 6841 6759 68.58
AWT [70] v 71.32 60.33 65.15 80.64 51.60 64.43 65.81 OGA [10] V2320 9360 6810 4790 5420 6920 8560 89.40 6790 7140  67.05
RA-TTA [24] v 70.58 59.21 64.16 79.68 50.83 6347 64.89 TCA [52] v 2487 9363 6533 4616 7043 7333 8531 8953 6592 7238  68.69
BCA [67] v 70.22 61.14 64.90 80.72 50.87 64.41 65.57 Dota [12] v 2559 9432 6948 4787 5765 7467 87.02 91.69 6970 7206  69.01
TCA [52] v 68.88 50.13 62.10 77.11 48.95 59.57 61.43 ADAPT v 2895 9448 6819 5520 68.19 7556 8381 9201 70.57 70.66 70.76
Dmaﬁ P[Tm & Sl e Sl ot SLE £ L GDA-CLIP [51] Vv 18.69 8753 60.78 46.81 4992 72,65 7825 8990 6360 6870 63.68
— v _ 63.32 64.64 80.66 _ 65.44 66.53 . ZLaP [20] vV 2630 9180 66.80 4600 5770 6790 8720 8790 67.80 73.80 67.32
GDA-CLIP [51] v 64.13 19.72 55.67 55.30 34.32 41.25 45.83 E TransCLIP[59] v 2690 9270 6940 4950 6510 7670 87.10 9260 6890 7440 70.33
4 TransCLIP [59] & 70.30 49.50 62.30 75.00 4970 59.13 61.36 & Frolic [69] v 3140 9510 69.10 56.10 5850 7480 87.10 9290 7080 7520 71.10
£ Frolic [69] v 70.90 60.40 64.70 80.70 53.30 64.78 66.00 StatA [58] v 2470 9420 68.00 4840 6730 7520 87.10 9240 6870 7350 69.95
= TIMO [28] 7 64.63 22.06 56.40 58.47 35.96 4322 47.50 ADAPT v 3081 9546 71.32 5686 6593 8011 85.15 9259 7225 73.86 7243
ADAPT v 71.56 63.77 65.59 80.64 53.87 65.97 67.09 Oracle ADAPT v 4188 9826 8280 6087 5651 8193 8574 9261 8004 90.14  77.09

Table 3: Top-1 accuracy (%) comparison on corruption robustness.

Blur Weather Digital Noise
Method . . ; Avg.
Defo. Glas. Moti. Zoom |Snow Fros. Fog Brig. [Cont. Elas. Pix. JPEG|Gauss. Shot Impu.
CLIP [39] 24.25 15.71 24.46 22.60|33.08 31.06 37.61 55.62|17.11 13.43 33.04 33.70| 13.25 14.16 13.48|25.50
» TPT [33] 27.56 15.48 26.16 26.94 |36.74 34.28 39.38 60.22|16.96 15.64 40.74 37.90| 10.64 11.94 10.92|27.43
.S DiffTPT [9] 25.63 16.96 26.74 25.40|35.99 34.57 39.83 59.01|17.32 17.16 38.43 35.47| 12.97 13.60 13.21|27.49
é TDA [21] 26.53 1791 27.35 25.90|36.50 34.84 40.53 58.57|20.16 16.62 35.65 36.69| 1542 16.46 16.03 |28.34
DMN [65] 26.06 17.19 26.61 25.23|34.81 33.48 38.93 58.70|19.38 15.40 35.32 36.49| 14.33 15.33 14.69 |27.46
ADAPT 26.30 18.01 27.31 25.54|36.19 34.67 40.96 60.29|19.95 16.09 37.44 37.22| 15.76 16.84 15.90|28.56
ZLaP [20] 24.88 16.13 25.77 24.36 |34.43 32.63 38.56 58.42(17.53 14.21 33.72 35.52| 12.83 14.03 13.27|26.42
"55 TransCLIP [59]|25.35 16.40 25.53 23.22 |34.58 32.47 39.65 59.04|17.72 14.76 35.22 35.53| 14.82 16.11 15.60(27.07
& StatA [58] 20.23 13.29 20.38 18.84|31.30 29.80 34.58 54.79|11.24 11.80 26.31 33.20| 9.58 10.52 10.12|22.40
ADAPT 27.98 19.78 29.00 27.38 |38.09 36.44 42.43 62.21|21.94 18.40 39.89 38.23 | 17.71 18.81 18.09|30.29
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Table 6: Efficiency comparison on ImageNet. Table 7: Mean initialization comparison.
Method Bi-fice ac(®)] Gan(e)yT Timed Mem(GB)¢ Mean initialization & Task 1  Task2  Task 3
CLIP [39] v 66.74 - 8m 0.79

o JELIAI] X 68.95 2.21 9h 45m 4.29 Vanilla [39] 6470 2752 6743
.5 DiffTPT [9] X 70.30 3.56 > 20h 4.60
5 TDA [21] S 69.51 2377 50m 0.84 Ensemble [39] 66.56 28.54 67.74
TPS [46] X 70.38 3.64 lh 19m 1.71 :
ADAPT 7 7091 417 it i 0.93 CLIP Template [39] 66.51 28.44 67.62
~ GDA-CLIP [51] v 64.13 -2.61 1.31m 10.03 GPT I70] £0:23 2556 7036
£ TransCLIP [59] v 70.30 3.56 1.34m 16.17 GPT & Ensemble 66.57 2898  69.95
= StatA [58] v 69.90 3.16 1.5m 20.74
ADAPT i 71.56 4.82 0.73m 3.37 GPT & CLIP Template  66.58  28.91 69.90
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