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Supplementary Material

A. Overview of Benchmark Details

(a) Caltech101 (b) Oxford Pets

(c) Stanford Cars (d) Oxford Flowers

(e) Food101 (f) FGVC Aircraft

(g) SUN397 (h) DTD

(i) EuroSAT (j) UCF101

Figure 1. Visualization on Fine-grained classification datasets.

(a) ImageNet-A (b) ImageNet-V

(c) ImageNet-R (d) ImageNet-S

(e) ImageNet

Figure 2. Visualization on ImageNet and OOD variants.

A.1. Fine-grained Classification Datasets
To further evaluate cross-dataset generalization, we conduct
experiments on ten diverse and publicly available image
classification benchmarks spanning a wide range of visual
domains. These include fine-grained recognition tasks such
as Flowers102 [13] (102 classes, 2,463 test images) and Ox-
fordPets [14] (37 classes, 3,669 test images), transportation
categories including StanfordCars [11] (196 classes, 8,041
test images) and FGVC-Aircraft [12] (100 classes, 3,333
test images), and scene understanding with SUN397 [21]
(397 classes, 19,850 test images). We also evaluate tex-
ture recognition on DTD [2] (47 classes, 1,692 test images),
food classification on Food101 [1] (101 classes, 30,300 test
images), human action recognition on UCF101 [18] (101
classes, 3,783 test images), satellite imagery classification on
EuroSAT [7] (10 classes, 8,100 test images), and general ob-
ject categorization using Caltech101 [6] (100 classes, 2,465
test images). Together, these datasets vary substantially in
granularity, visual complexity, and semantic structure, pro-
viding a comprehensive testbed for evaluating the ability of
our approach to adapt across heterogeneous domains.

A.2. ImageNet and its OOD variants
We assess robustness to natural distribution shifts using
four ImageNet variants that are commonly treated as
out-of-distribution (OOD) benchmarks with respect to the
original ImageNet [3] dataset. The standard ImageNet
validation set contains 1,000 classes and 50,000 test images.
These OOD benchmarks provide a standardized and realistic
setting for measuring performance degradation under
domain changes.

ImageNet-V2 [15] contains 1,000 classes and 10,000 test
images and is an independently curated dataset collected
from sources distinct from the original ImageNet distribu-
tion to capture natural distribution shifts. ImageNet-A [9]
consists of 200 classes and 7,500 naturally occurring ad-
versarial images, designed to expose model failures under
challenging yet realistic visual conditions. ImageNet-R [8]
includes 200 classes and approximately 30,000 artistic and
non-photographic renditions of ImageNet categories, such
as paintings and sketches, evaluating robustness to signifi-
cant appearance variations. Finally, ImageNet-Sketch [20]
contains 1,000 classes and 50,889 black-and-white sketch
images, testing on shape-driven representations.



B. Detailed Algorithmic Descriptions

In this section, we provide detailed algorithmic descriptions
of the proposed Image Matrix Adapter (IMA) and Text Ma-
trix Adapter (TMA) methods. The procedures outline the
key computational steps involved in performing embedding-
space transformations during test-time adaptation.

Algorithm 1: Image Matrix Adapter (IMA)
Input: Input sample x0

Pre-trained frozen image encoder fv
Pre-computed textual prototypes {tci ∈ Rd}Ki=1
Set of augmentationsA
Number of additional augmentations (N − 1)
Aggregation Strategy mode (Filtered/All)
AdamW optimizer Opt

Output: Predicted class label ci from the K classes

1 function ADAPT(x0, fv , {tci}
K
i=1,A, N , Opt, mode)

2 Sample x1, x2, ..., xN−1 ∈ U(A)

3 vj = fv(xj) ∈ Rd, for j = 0 to N - 1

4 Compute p(ci | (xj , tci )) =
exp((vT

j tci )/τ)∑K
k=1 exp((vT

j tck )/τ)

for j ∈ {0, 1, . . . , N − 1}

5
H(xj) = −

K∑
i=1

p(ci | (xj , tci )) log(p(ci | (xj , tci )))

for j ∈ {0, 1, . . . , N − 1}

6 Initialize Wv ← Id×d

7 if mode = Filtered then
8 S = {xj : 1{H(xj) ≤ τ}} where,

τ = Percentileρ({H(xj)}N−1
j=0 )

The set {x′
j}

s−1
j=0 ≡ S denote Filtered Augmentations

9 v′
j = fv(x

′
j) for j ∈ {0, 1, . . . , s− 1}

10 Compute

p̃(ci | (x0,Wv), tci ) =
1

s

s−1∑
j=0

p(ci | (x′
j ,Wv), tci ) where

p(ci | (x′
j ,Wv), tci ) =

exp(sim((Wvv
′
j), tci )/τ)∑K

k=1 exp(sim((Wvv′
j), tck )/τ)

11 Compute L by eq:3 (in main) using p̃

12 end
13 else if mode = All then
14 Compute αj by eq:13 (in main), for j ∈ {0, 1, . . . , N − 1}
15 Compute L by eq:11 (in main), where W = Wv

16 end

17 Compute ∂L
18 Update Wv := Wv −Opt(∂L)
19 Return Wv

20 end

21 function INFERENCE(x0, fv , {tci}
K
i=1,A,N , Opt, mode)

22 v0 = fv(x0)

23 W∗
v = ADAPT(x0, fv, {tci}

K
i=1,A,N ,Opt,mode)

24 vnew
0 =

W∗
v v0

∥W∗
v v0∥2

25 Compute p(ci | (x0,W
∗
v ), tci ) =

exp((vnew
0 )T tci )∑K

k=1 exp((vnew
0 )T tck )

for i ∈ {1, 2, . . . , K}

26 Return argmaxci
p(ci | (x0,W

∗
v ), tci )

27 end

Algorithm 2: Text Matrix Adapter (TMA)
Input: Input sample x0

Pre-trained frozen image encoder fv
Pre-computed textual prototypes {tci ∈ Rd}Ki=1
Set of augmentationsA
Number of additional augmentations (N − 1)
Aggregation Strategy mode (Filtered/All)
AdamW optimizer Opt

Output: Predicted class label ci from the K classes

1 function ADAPT(x0, fv , {tci}
K
i=1,A, N , Opt, mode)

2 Sample x1, x2, ..., xN−1 ∈ U(A)

3 vj = fv(xj) ∈ Rd, for j = 0 to N - 1

4 Compute p(ci | (xj , tci )) =
exp((vT

j tci )/τ)∑K
k=1 exp((vT

j tck )/τ)

for j ∈ {0, 1, . . . , N − 1}

5
H(xj) = −

K∑
i=1

p(ci | (xj , tci )) log(p(ci | (xj , tci )))

for j ∈ {0, 1, . . . , N − 1}

6 Initialize Wt ← Id×d

7 if mode = Filtered then
8 S = {xj : 1{H(xj) ≤ τ}} where,

τ = Percentileρ({H(xj)}N−1
j=0 )

The set {x′
j}

s−1
j=0 ≡ S denote Filtered Augmentations

9 v′
j = fv(x

′
j) for j ∈ {0, 1, . . . , s− 1}

10 Compute

p̃(ci | x0, (tci ,Wt)) =
1

s

s−1∑
j=0

p(ci | x′
j , (tci ,Wt)) where

p(ci | x′
j , (tci ,Wt)) =

exp(sim(v′
j , (Wttci ))/τ)∑K

k=1 exp(sim(v′
j , (Wttck ))/τ))

11 L = −
K∑

i=1

p̃(ci | x0, (tci ,Wt)) log(p̃(ci | x0, (tci ,Wt)))

12 end
13 else if mode = All then
14 Compute αj by eq:13 (in main), for j ∈ {0, 1, . . . , N − 1}
15 Compute L by eq:11 (in main), where W = Wt

16 end

17 Compute ∂L
18 Update Wt := Wt −Opt(∂L)
19 Return Wt

20 end

21 function INFERENCE(x0, fv , {tci}
K
i=1,A,N , Opt, mode)

22 v0 = fv(x0)

23 W∗
t = ADAPT(x0, fv, {tci}

K
i=1,A,N ,Opt,mode)

24 tnew
ci

=
W∗

t tci
∥W∗

t tci
∥2

, for i ∈ {1, 2, . . . , K}

25 Compute p(ci | x0, (tci ,W
∗
t )) =

exp((vT
0 tnew

ci
)∑K

k=1 exp((vT
0 tnew

ck
)

for i ∈ {1, 2, . . . , K}

26 Return argmaxci
p(ci | x0, (tci ,W

∗
t ))

27 end

C. Additional Experimental Results
This section contains results other episodic approaches such
as ZERO, MTA and RLCF using our default setting (ViT-
B/32 backbone). Also, results are reported using baselines
in Section 4 of main paper with CLIP ViT-B/16 and RN50.



APPROACH TPT TTL TPS ZERO [5] MTA [23] RLCF [24] TMA (FA) IMA (FA) TMA (AA) IMA (AA)

ImageNet [17] 63.44 64.27 64.25 65.31 64.79 63.64 64.26 64.13 64.50 64.27
ImageNet OOD [22] 49.88 51.91 51.39 50.88 51.60 51.14 52.16 52.12 51.78 51.75

Table 1. Results on cross-dataset benchmarks with ViT-B/32 backbone. FA and AA denote Filtered and All Augmentation Strategies. We
report Acc@1 (in %). The best result across all methods is shown in bold.

APPROACH Caltech101 Pets Cars Flowers Food101 Aircraft SUN397 DTD EuroSAT UCF101 Average

CLIP-ViT-B/16 93.31 88.25 65.33 67.40 83.64 23.91 63.05 44.39 42.22 65.24 63.68

Existing Back-propagation based TTA approaches

TPT [17] 94.04 87.71 66.48 69.47 84.46 24.00 65.19 46.04 42.37 67.27 64.70
C-TPT [22] 93.63 88.83 65.96 69.18 83.92 24.03 64.42 45.45 39.65 66.03 64.11
R-TPT [16] 89.70 86.81 62.87 67.19 80.46 24.39 63.76 42.85 32.37 61.93 61.23
TTL [10] 93.83 87.74 66.78 67.24 84.08 25.11 65.14 45.15 42.73 67.51 64.53
TPS [19] 94.00 87.14 67.03 67.64 84.25 24.27 64.64 45.69 43.54 66.69 64.49

Ours

TMA (FA) 93.47 86.35 66.26 66.75 83.20 24.60 64.77 44.62 40.56 66.27 63.69

IMA (FA) 93.35 86.29 65.69 66.50 82.84 24.54 64.53 44.62 39.58 66.27 63.42

TMA (AA) 93.43 87.08 66.47 66.54 83.55 25.11 65.17 44.27 38.01 66.40 63.60

IMA (AA) 93.23 86.86 65.86 66.30 83.26 24.75 65.17 44.03 36.05 66.48 63.20

Table 2. Results on cross-dataset benchmarks with ViT-B/16 backbone. FA and AA denote Filtered and All Augmentation Strategies. We
report Acc@1 (in %). The best result across all methods is shown in bold, while the best result of our method is underlined.

APPROACH Caltech101 Pets Cars Flowers Food101 Aircraft SUN397 DTD EuroSAT UCF101 Average

CLIP-RN50 85.68 83.62 55.29 61.67 73.96 15.69 59.25 40.43 23.69 58.90 55.81

Existing Back-propagation based TTA approaches

TPT [17] 86.82 84.71 57.11 62.48 74.93 16.20 60.87 41.55 24.00 60.64 56.93
C-TPT [22] 86.61 83.43 55.47 62.44 74.29 16.68 60.56 41.25 23.19 59.34 56.33
R-TPT [16] 71.08 82.99 50.54 59.40 66.95 15.96 55.67 37.71 19.69 50.30 51.03
TPS [19] 87.22 84.19 57.16 61.75 74.54 17.22 60.42 40.84 26.00 59.82 56.92

Ours

TMA (FA) 86.41 83.40 57.28 59.44 71.89 16.62 59.92 40.19 23.17 58.97 55.73

IMA (FA) 86.21 83.43 56.87 59.07 71.60 15.87 59.50 39.30 22.60 58.79 55.32

TMA (AA) 85.35 83.97 57.82 59.72 72.32 17.79 60.49 40.96 16.07 59.37 55.39

IMA (AA) 85.07 83.81 57.18 59.32 71.80 17.10 60.16 40.48 15.74 59.00 54.97

Table 3. Results on cross-dataset benchmarks with ResNet-50 backbone. FA and AA denote Filtered and All Augmentation Strategies. We
report Acc@1 (in %). The best result across all methods is shown in bold, while the best result of our method is underlined.



Method ImageNet-A ImageNet-V ImageNet-R ImageNet-S OOD Average

CLIP-ViT-B/16 47.80 60.84 73.99 46.15 57.20

Existing Back-propagation based TTA approaches

TPT [17] 52.89 62.57 76.92 47.36 59.94
C-TPT [22] 50.55 62.43 75.67 47.19 58.96
R-TPT [16] 47.71 60.59 74.14 42.75 56.30
TTL [10] 55.21 62.97 77.24 47.56 60.75
TPS [19] 55.23 62.88 76.61 47.66 60.60

Ours

TMA (FA) 56.47 62.77 76.53 47.24 60.75

IMA (FA) 56.55 62.62 76.46 47.19 60.71

TMA (AA) 54.57 63.10 76.22 47.51 60.35

IMA (AA) 54.41 63.04 76.22 47.32 60.25

Table 4. Results on ImageNet-OOD datasets using the ViT-B/16 backbone. We report Acc@1 (in %). FA and AA denote the Filtered and
All augmentation strategies, respectively. The best result across all methods is shown in bold.

Method ImageNet-A ImageNet-V ImageNet-R ImageNet-S OOD Average

CLIP-RN50 21.84 51.52 56.09 33.34 40.70

Existing Back-propagation based TTA approaches

TPT [17] 25.54 52.61 58.93 35.17 43.06
C-TPT [22] 23.96 54.14 56.67 34.68 42.36
R-TPT [16] 24.35 54.12 57.73 33.87 42.52
TPS [19] 27.18 52.84 57.34 34.92 43.07

Ours

TMA (FA) 26.40 53.14 57.25 33.56 42.64

IMA (FA) 26.29 52.68 56.78 32.91 42.17

TMA (AA) 25.39 53.36 57.54 34.28 42.65

IMA (AA) 25.65 52.97 56.93 34.00 42.39

Table 5. Results on ImageNet-OOD datasets using the RN50 backbone. We report Acc@1 (in %). FA and AA denote the Filtered and All
augmentation strategies, respectively. The best result across all methods is shown in bold, while the best result of our method is underlined.



Ground Truth : stingray; CLIP Zero-Shot Prediction : hermit crab

Ground Truth : bald eagle; CLIP Zero-Shot Prediction : goose

Ground Truth : green iguana; CLIP Zero-Shot Prediction : american bullfrog

Ground Truth : harvestman; CLIP Zero-Shot Prediction : rhinoceros beetle

Ground Truth : lorikeet; CLIP Zero-Shot Prediction : wine bottle

Figure 3. Visualization of embedding transformations under different adaptation strategies. In each row, the leftmost image corresponds
to the raw test sample from the ImageNet-A [9] dataset. All subsequent plots visualize the corresponding image embeddings and textual
prototypes projected onto a 2D space using t-SNE for interpretability. The second plot shows the original zero-shot embedding configuration
of CLIP ViT-B/32 [4], where it predicts incorrectly i.e., it is giving lesser similarity score to ground truth class label. The remaining four
plots illustrate the effect of the proposed linear adaptation strategies: IMA with Filtered Augmentations (FA), IMA with All Augmentations
(AA), TMA with Filtered Augmentations (FA), and TMA with All Augmentations (AA). Through entropy minimization, these adaptations
adjust the image or text embeddings to increase the confidence of the ground-truth label, effectively making it argmax in the final inference
aligning the model prediction with the correct class. The markers of legend denote image and text embeddings. Dashed arrows denote cosine
similarity between embeddings, while bold arrows signify the direction of embedding transformations in the projected space.
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