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Challenges

* Test-Time Adaptation (TTA): an effective way to improve zero-shot robustness under
distribution shifts by adapting to unlabeled test data during inference

 Limitations
 High computational cost @
* Lackexplicit class distribution modeling @
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Challenges

 Gaussian Discriminant Analysis (GDA): a classical probabilistic framework that models
class-conditional feature distributions and assigns labels based on likelihood estimation

 Limitations
* Need full target/source access 2> not feasible for online settings @
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Core ldea

* Can we designh a backpropagation-free and distribution-aware TTA framework
that seamlessly supports both online and transductive adaptation?

TTA Method Backpropagation-Free Distribution-Aware Task Setting
Online Transductive
Prompt Tuning X X v X
Adapter Tuning X X v X
Similarity Score v X v X
Transductive Learning v v X v
ADAPT (Ours) v v v v




Motivation

* Observation 1: Gaussianity of class conditional features
* Class-wise features exhibit strong Gaussian patterns in CLIP space

Low-dim Freq of p>0.05 (%) T p-value Avg. T

5 2 100 0.39
= 4 99.90 0.32
N6 99.00 0.27
= 8 96.30 0.22
T 10 92.90 0.19
< 2 100 0.31
= 4 100 0.21
2 6 99.50 0.16
g 3 96.30 0.13
210 92.20 0.11

Projection-based normality test results across class-conditional features



Motivation

* Observation 2: Strong alignment of class-wise X, and shared covariance X
* Class-wise covariance matrices are nearly identical, supporting a shared-covariance assumption
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Motivation

* Observation 1: Gaussianity of class conditional features

* Observation 2: Strong alignment of class-wise X, and shared covariance X
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Assumption: CLIP features conditioned on class k follow a

Gaussian distribution with a shared covariance matrix:

1 1
P = P [u) = N (s ok, B) = exp -~ (x5 — 1) 2 s )
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Method: ADAPT

* ADAPT: Backpropagation-free and Distribution-aware Test-time Adaptation
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/J'k “ apy, + (1 —a)fy,

1,

O— H — Conf(x;)

) 4
: &‘f >
l R [ Z Z (xj — pp) (x5 — pi)' f’\ i /
& 0, Initialize N (fvg, 25) R B4 jFEBy l N\ i
Knowledge Banks o)
Sample A Len(By) = I
and
- Conf( A ) > Conf(O) @ |
O /g . _ X
B  Update #i Yik - €XP (yi,k + DB, wijyj,k:)

Bk ZjGBk y]»k

Test Sample Stream

/\ : Current Test Sample O : Previous Sample O : Lowest Conf Sample

Overview of Online ADAPT

@ 4 T D%
_

K - - .
Zkzl Yik - €XP (yz’,k + ngBk wij?Jj,k)
Jie = (57 ) "xi — spp S g

Closed-Form Solution



Method: ADAPT

e Online ADAPT

 Backpropagation-free TTA via GDA: Reframe TTA as a probabilistic inference task by modeling
class-conditional likelihoods. 1

Yik = w; X; + b, wherew, =X ', by = —511,12_1;%.

* Correcting Online Likelihood Bias via Constructed Knowledge Banks
Lontine(2i, 1, X) = —z; logP; + R(zi; §;) + R(zs; B),
where R (25 §s) = KL(zillg:) + 8 1y KL (A (s B) [N (114, 5) )
R(z; B) = — ZjeB QJT loglP; — Zj€B Wiz U

e (Closed-form Solution without Sub-iterations
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Method: ADAPT

* Transductive ADAPT

* Extend the online regularized objective to a transductive objective

Lorans(2, 10, B) = = 200 2] log Py + SN Rzis ) + Tomey Rz B).

e (Closed-form Solution without Sub-iterations

Yik * €XP (i}m + 2 jeB, wz-jyfj?k)

= — . ,\
D k=1 Yik - XD (yic +2jes, wijyj,k)

Zi k

* One-pass estimate for class means
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Method: ADAPT

Algorithm 1 ADAPT: Online TTA

1:

WX EDY

Input: Test data D,,, class prototypes t and

knowledge bank size L

Initialize: [ <t

forx; € D, do
Compute Conf(x;) by Eq. (2)
Update B, with x; if high-confidence
Update ™ and 32 by Eq. (9)-(10)
Compute 2" by Eq. (8)

end for

return {27},

Algorithm 2 ADAPT: Transductive TTA

I

A e A

Input: Test data D, = {x; }\_,, class proto-
types t and knowledge bank size L
Initialize: [ < t
Compute Conf(x) for all data by Eq. (2)
for B, € B do

Cache Top-L confidence samples
end for
Update X2 and p* by Eq. (10)-(67)
Compute z* = {27}V | by Eq. (8)
return z*




Experiments
 Task 1: Natural Distribution Shift

Method BP-free ImageNet ImageNet-A ImageNet-V ImageNet-R ImageNet-S OOD Avg. Avg.
CLIP [39] : 66.74 47.79 60.89 73.99 46.12 57.20 59.11
Tip-Adapter [63] X 70.75 51.04 63.41 77.76 48.88 60.27 62.37
TPT [33] X 68.98 54.77 63.45 77.06 47.97 60.81 62.45
DiffTPT [9] X 70.30 55.68 65.10 75.00 46.80 60.65 62.58
C-TPT [55] X 68.50 51.60 62.70 76.00 47.90 59.55 61.34
DMN [65] X 72.25 58.28 65.17 78.55 53.20 63.80 65.49
DPE [61] X 71.91 59.63 65.44 80.40 52.26 64.43 65.93
g TPS [46] X 70.38 59.21 63.80 77.49 49.57 62.52 64.09
= DynaPrompt [54] X 69.61 56.17 64.67 78.17 48.22 61.81 63.37
C B2TPT [34] X 69.57 55.26 65.40 78.64 49.53 62.21 63.68
MTA [57] v 70.08 58.06 64.24 78.33 49.61 62.56 64.06
TDA [21] v 69.51 60.11 64.67 80.24 50.54 63.89 65.01
ZERO [7] v 69.31 59.61 64.16 77.22 48.40 62.35 63.74
AWT [70] v 71.32 60.33 65.15 80.64 51.60 64.43 65.81
RA-TTA [24] v 70.58 59.21 64.16 79.68 50.83 63.47 64.89
BCA [67] v 70.22 61.14 64.90 80.72 50.87 64.41 65.57
TCA [52] v 68.88 50.13 62.10 77.11 48.95 59.57 61.43
Dota [12] v 70.68 61.19 64.41 81.17 51.33 64.53 65.76
ADAPT v 70.91 63.32 64.64 80.66 53.13 65.44 66.53
GDA-CLIP [51] v 64.13 19.72 55.67 55.30 34.32 41.25 45.83
% TransCLIP [59] v 70.30 49.50 62.30 75.00 49.70 59.13 61.36
& Frolic [69] v 70.90 60.40 64.70 80.70 53.30 64.78 66.00
= TIMO [28] v 64.63 22.06 56.40 58.47 35.96 43.22 47.50
ADAPT v 71.56 63.77 65.59 80.64 53.87 65.97 67.09




Experiments

* Task 2: Corruption Robustness

Blur

Weather

Digital

Noise

Method i , ) ) Avg.
Defo. Glas. Moti. Zoom | Snow Fros. Fog Brig. |Cont. Elas. Pix. JPEG|Gauss. Shot Impu.
CLIP [39] 24.25 1571 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 1548 26.16 26.94 |36.74 34.28 39.38 60.22]116.96 15.64 40.74 37.90| 10.64 11.94 10.92|27.43
£ 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| 1297 13.60 13.21]27.49
5 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
% 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




Experiments

* Task 3: Fine-Grained Categorization

Method BP-free Aircraft Caltech  Cars DTD EuroSAT Flower FoodlOl Pets  Sun397 UCFI101 Avg.
CLIP [39] - 2370 9298 6524 4444 4142 67.28 8380 8798 6255 65.08 6345
TPT [33] X 2478  94.16  66.87 47775 4244 6898  84.67 8779 6550 68.04 65.10
DiffTPT [9] X 2560 9249  67.01 47.00 43.13 70.10 87.23  88.22  65.74 6822 6547
C-TPT [55] X 2400 93.60 65.80 46.00 4320 79.80 83.70 8820 64.80 65.70  64.48
DMN [65] X 30.03 9538 6796 5585 5943 7449 8508 9204 70.18 7251  70.30
TPS [29] X 2627 9456  67.00 53.80 42.11 71.69 8478  87.82  68.25 T1.18  66.75
DPE [61] X 2895 9481 67.31 5420 55779  75.07 86.17 91.14 70.07 7044  69.40

o HisTPT [62] X 2690 9450 69.20 4890 4970 71.20 89.30 89.10 67.20 70.10  67.61
£ DynaPrompt [54] X 2433 9432  67.65 4796 4228 6995 8542 8828 6632 6872  65.52
s MTA [57] v 2532 9413 6636 4559  38.71 68.26 8495 8822 6498 68.11 64.46
TDA [21] v 2391 0424  67.28 4740 58.00 71.42 86.14 88.63 67.62 70.66 67.53
ZLaP [20] v 2540  93.10 65.60 48.60 55.60 7350 8690  87.10 6740 71.50 67.47
ZERO [7] v 25.21 93.66 68.04 46.12 3433 67.68 8653 87.75 65.03 67.77 64.21
BCA [67] v 28.59 9469 66.86 5349 56.63 73.12 8597 9043  68.41 67.59  68.58
OGA [10] v 2320 93.60 68.10 4790 5420 69.20 8560 8940 6790 7140 67.05
TCA [52] v 2487 93.63 6533 46.16 7043 7333 853l 89.53 6592 7238  68.69
Dota [12] v 2559 9432 6948 4787 57.65 74.67 87.02 91.69 69.70 72.06 69.01
ADAPT v 2895 9448  68.19 5520 68.19 7556  83.81 92.01 70.57  70.66  70.76
GDA-CLIP [51] v 18.69  87.53  60.78  46.81 4992 72,65 7825 8990 63.60 68.70 63.68

. ZLaP [20] v 2630 91.80 66.80 46.00 57.70 6790 87.20 8790 67.80 73.80 67.32
% TransCLIP [59] v 2690 92770 6940 4950 65.10 76.70  87.10 9260 6890 7440  70.33
& Frolic [69] v 3140 95.10 69.10 56.10 5850 7480 87.10 9290 70.80 7520 71.10
StatA [58] v 24770 9420 68.00 4840 67.30 7520 87.10 9240 68.70  73.50  69.95
ADAPT v 30.81 9546 71.32 5686 6593 80.11 85.15 9259 7225 7386 7243
Oracle ADAPT v 41.88  98.26 82.89 60.87 56.51 81.93 85.74  92.61 80.04  90.14  77.09




Experiments

* Ablation Studies and Hyperparameter analysis

B Update . Update 3 | Task 1 Task 2 Task 3
X X X 59.11 25.50 63.45
X X v 49.64 9.58 60.02
X v X 61.54 2542 67.03
X v v 49.65 9.58 60.04
v X X 64.89 25.08 67.06
v X v 64.05 19.49 67.95
v v X 65.27 25.67 6743
v v v 66.53 28.56 70.76
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Experiments

* Efficiency Comparison on ImageNet

Method BP-free Acc (%)1T Gain(%)1T Time] Mem.(GB) |
CLIP [39] v 66.74 - 8m 0.79
» TPT[33] X 68.95 2.21 Oh 45m 4.29
£ DiffTPT [9] X 70.30 3.56 > 20h 4.60
S TDA [21] v 6951 2.77 50m 0.84
TPS [46] X 70.38 3.64 1h 19m 1.71
ADAPT 7 70.91 4.17 lh 11m 0.93
~ GDA-CLIP [51] v 64.13 -2.61 1.31m 10.03
% TransCLIP [59] v 70.30 3.56 1.34m 16.17
= StatA [58] v 69.90 3.16 1.5m 20.74
ADAPT v 71.56 4.82 0.73m 3.37
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 Evaluation with Different VLMs
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Experiments

* Visualization of Decision Boundaries on ImageNet-A

CLIP TPT TDA ADAPT (Online) ADAPT (Transductive)
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