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1. Implementation Details
We conduct all experiments using the Quilt VLM (QuiltNet-
B-32) [4], a ViT-B/32–based model with 32×32 px patches
and 224×224 px input resolution. We also evaluate on Path-
Gen [9], which uses a ViT-B/16 backbone with 16×16 px
patches and a 224×224 px input resolution, trained on the
large-scale PathGen pathology image–text dataset. Finally,
we evaluate on the CONCH VLM [7], which employs a
ViT-B/16 backbone with 16×16 px patches and a 448×448
px input resolution, paired with a GPT-style text encoder
for captioning and contrastive alignment. Following prior
work [10], both our method (LATTE) and all baseline TTA
approaches are fine-tuned at test time using the Adam opti-
mizer with a fixed learning rate of 1×10−3 for 10 adaptation
steps and a batch size of 128.

All runs use PyTorch on NVIDIA V100 GPUs with 32
GB of memory. To ensure statistical robustness, each ex-
periment is repeated three times; we report the mean and
standard deviation of each metric.

We provide full reproduction scripts at
https://github.com/Mehrdad-Noori/Histopath-C, including
on-the-fly corruption generation for Histopath-C, test-time
adaptation routines for LATTE and all baselines, and eval-
uation code for computing zero-shot and post-adaptation
metrics. For fairness, baselines use the same general
hyperparameters above; any method-specific settings are
set as recommended in their original publications.

2. Dataset Details
To assess the effectiveness and generalization capabilities
of LATTE, we perform extensive evaluations across a suite
of diverse and challenging histopathology datasets, encom-
passing various organs, cancer types, imaging conditions,
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and annotation granularities.
• NCT-7K and NCT-100K [5] are large-scale colorec-

tal cancer datasets composed of tissue patches extracted
from whole-slide images. NCT-7K contains 7,180 non-
overlapping patches, while NCT-100K extends this to
100,000 patches. Both datasets are annotated into nine
tissue categories and can be grouped into broader classes
of cancerous vs. normal tissues. These datasets serve as
standard benchmarks for evaluating performance in col-
orectal cancer classification.

• LC25000 [1] comprises digitized histology images from
two organs—lung and colon—and includes binary clas-
sification tasks distinguishing adenocarcinoma from nor-
mal tissue. We evaluate LATTE on the LC25K-Lung and
LC25K-Colon subsets individually, as well as on a com-
bined version (LC25K-All) to introduce additional het-
erogeneity and assess cross-organ generalization under
stronger distributional shifts.

• SkinCancer [6] is derived from the publicly available
BCN20000 dataset and includes tissue patches extracted
from skin biopsies. The dataset spans 12 anatomical com-
partments and 4 tumor types, such as basal cell carcinoma
and melanoma, which we consolidate into the SkinTumor
subset. This dataset introduces both intra-class variability
and inter-class visual overlap, reflecting real-world diag-
nostic challenges in dermatopathology.

• RenalCell [3] includes histological images of clear cell
renal cell carcinoma, annotated into five distinct tissue
textures, including tumor, normal, and other microenvi-
ronmental structures. This dataset enables evaluation of
LATTE on texture-centric classification tasks in renal on-
cology.

• MHIST [12] is a curated dataset of colorectal polyp im-
ages, specifically labeled as hyperplastic or sessile ser-
rated adenomas (SSAs)—two classes with subtle mor-
phological differences that pose a challenge even for ex-
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Template

T 1 “a histopathology slide showing {class k}”
T 2 “histopathology image of {class k}”
T 3 “pathology tissue showing {class k}”
T 4 “presence of {class k} tissue on image”
T 5 “a photomicrograph showing {class k}”
T 6 “a photomicrograph of {class k}”
T 7 “an image of {class k}”
T 8 “an image showing {class k}”
T 9 “an example of {class k}”
T 10 “{class k} is shown”
T 11 “this is {class k}”
T 12 “there is {class k}”
T 13 “a histopathological image showing {class k}”
T 14 “a histopathological image of {class k}”
T 15 “a histopathological photograph of {class k}”
T 16 “a histopathological photograph showing {class k}”
T 17 “shows {class k}”
T 18 “presence of {class k}”
T 19 “{class k} is present”
T 20 “an H&E stained image of {class k}”
T 21 “an H&E stained image showing {class k}”
T 22 “an H&E image showing {class k}”
T 23 “an H&E image of {class k}”
T 24 “{class k}, H&E stain”
T 25 “{class k}, H&E”

Table 1. Full list of text templates used in LATTE. These templates
provide diverse linguistic expressions of each class and are used
during adaptation for loss-level ensembling.

pert pathologists. This binary classification task assesses
model sensitivity to fine-grained structural features in col-
orectal screening.
For all datasets, we apply the ten corruption types de-

fined in Histopath-C and refer to the resulting corrupted ver-
sions as {DatasetName}-C throughout the paper.

3. Text Templates
To account for the sensitivity of vision-language models
to prompt phrasing, we evaluate our method using a di-
verse set of 25 text templates that describe each class from
different linguistic perspectives. These templates range
from generic image captions (e.g., “an image of class”) to
domain-specific phrasings that reference histopathological
context and H&E staining.

Table 1 lists all templates used in our experiments. Dur-
ing adaptation, we employ loss-level ensembling across
these prompts to improve prediction stability and mitigate
prompt-induced variability.

4. Detailed Results of the Main Paper
This section provides complete versions of the experimen-
tal results that were summarized or partially reported in the
main paper. The following tables report the detailed results
when Quilt is used as the base VLM with different adapta-
tion methods, TENT [11], LAME [2], TPT [8], and CLI-
PArTT [10], across various datasets and evaluation settings.
More specifically, Table 2 reports detailed results for the

NCT100K dataset, Table 3 for LC25K-Lung, Table 4 for
LC25K-Colon, Table 5 for LC25K-All, Table 6 for Skin,
Table 7 for Renal, and Table 8 for MHIST. These results
provide a more comprehensive assessment of the effective-
ness and robustness of our approach, demonstrating that
while LATTE may be outperformed by other methods on
specific corruptions, it remains the most consistent overall
across datasets and corruption types.

To further assess the generality of our approach, we
conducted experiments on two additional vision–language
models, PathGen [9] and CONCH [7]. The detailed re-
sults, reported in Tables 9 - 24, consistently demonstrate
that LATTE not only improves upon the source baseline but
also frequently outperforms existing state-of-the-art meth-
ods by a significant margin. These findings highlight the
robustness and adaptability of LATTE across diverse model
architectures and corruption scenarios.



VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

NCT100K 55.98 41.42 ±0.04 64.06 ±0.21 52.83 ±0.00 59.86 ±0.01 68.14 ±0.03

N
C

T
10

0K
-C

Stain-Light 47.35 37.53 ±0.05 48.79 ±0.07 44.74 ±0.00 50.12 ±0.05 59.54 ±0.00

Stain-Heavy 38.51 17.23 ±0.02 35.33 ±0.08 37.19 ±0.01 52.30 ±0.04 58.61 ±0.01

Dust 54.64 47.59 ±0.14 60.69 ±0.11 51.79 ±0.04 61.33 ±0.03 64.47 ±0.08

Air Bubble 57.78 53.44 ±0.01 58.54 ±0.17 56.79 ±0.03 58.39 ±0.03 63.25 ±0.07

Defocus Blur 50.02 35.88 ±0.07 42.69 ±0.09 48.67 ±0.01 47.31 ±0.05 60.20 ±0.09

Motion Blur 28.94 15.63 ±0.02 26.47 ±0.07 27.40 ±0.06 40.79 ±0.06 44.05 ±0.25

Gaussian Noise 32.12 16.01 ±0.03 25.86 ±0.03 30.64 ±0.02 56.23 ±0.03 62.09 ±0.11

Shot Noise 28.83 22.11 ±0.12 19.37 ±0.05 25.78 ±0.01 48.69 ±0.08 55.65 ±0.10

Brightness 37.27 22.43 ±0.00 35.19 ±0.11 37.20 ±0.01 57.39 ±0.03 52.24 ±0.06

Contrast 23.47 15.14 ±0.00 19.03 ±0.02 23.95 ±0.00 39.22 ±0.05 41.18 ±0.04

Mean 39.89 28.30 37.20 38.42 51.18 56.13

Table 2. Comparison of different adaptation methods on the NCT-100k dataset (8 classes) using Quilt [4] as the base VLM.

VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-Lung 82.87 70.34 ±0.18 88.00 ±0.18 83.03 ±0.01 - 89.41 ±0.15

L
C

25
K

-L
un

g-
C

Stain-Light 73.79 45.57 ±0.75 72.14 ±0.31 73.85 ±0.01 - 78.70 ±0.13

Stain-Heavy 57.88 33.33 ±0.00 56.92 ±0.18 59.55 ±0.00 - 75.57 ±0.11

Dust 73.20 53.29 ±0.16 71.85 ±0.67 71.69 ±0.09 - 88.89 ±0.02

Air Bubble 76.75 62.57 ±0.01 68.75 ±0.21 77.12 ±0.03 - 84.61 ±0.31

Defocus Blur 73.40 34.47 ±0.05 84.41 ±0.57 70.44 ±0.00 - 91.19 ±0.01

Motion Blur 77.89 64.18 ±0.27 82.30 ±0.14 77.13 ±0.02 - 86.75 ±0.62

Gaussian Noise 80.54 70.64 ±0.46 85.86 ±0.63 78.99 ±0.08 - 76.43 ±0.20

Shot Noise 78.47 62.49 ±0.21 83.85 ±0.57 77.31 ±0.03 - 71.35 ±0.56

Brightness 77.19 66.63 ±0.06 71.50 ±0.03 76.57 ±0.00 - 91.61 ±0.20

Contrast 56.32 33.33 ±0.00 63.24 ±0.39 57.95 ±0.00 - 42.91 ±0.04

Mean 72.54 52.65 74.08 72.06 - 78.80

Table 3. Comparison of adaptation methods on LC25K-Lung (3 classes) using Quilt [4] as the base VLM. CLIPArTT is not applicable due
to fewer than three classes.

VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-Colon 94.41 89.28 ±0.54 98.70 ±0.04 94.50 ±0.03 - 99.21 ±0.03

L
C

25
K

-C

Stain-Light 76.99 50.00 ±0.00 82.77 ±0.54 77.00 ±0.00 - 96.84 ±0.07

Stain-Heavy 61.06 50.00 ±0.00 53.37 ±0.54 63.51 ±0.01 - 94.88 ±0.04

Dust 90.42 58.76 ±1.14 97.42 ±0.60 90.08 ±0.10 - 98.04 ±0.15

Air Bubble 89.24 50.95 ±0.11 95.82 ±0.47 89.22 ±0.36 - 96.38 ±0.02

Gaussian Noise 75.78 50.00 ±0.00 82.52 ±0.16 76.56 ±0.04 - 99.00 ±0.02

Shot Noise 60.23 50.00 ±0.00 52.22 ±0.32 59.54 ±0.10 - 97.83 ±0.02

Defocus Blur 81.89 50.00 ±0.00 94.22 ±0.03 83.54 ±0.00 - 97.70 ±0.15

Motion Blur 83.46 56.04 ±0.19 87.36 ±0.03 80.85 ±0.25 - 61.63 ±0.13

Brightness 95.50 91.12 ±0.33 98.99 ±0.00 95.70 ±0.00 - 99.15 ±0.02

Contrast 66.70 50.00 ±0.00 53.86 ±0.31 59.84 ±0.01 - 80.22 ±0.00

Mean 78.13 55.69 79.86 77.58 - 92.17

Table 4. Comparison of adaptation methods on LC25K-Colon (2 classes) using Quilt [4] as the base VLM. CLIPArTT is not applicable
due to binary classification constraints.



VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-All 79.28 71.39 ±0.12 87.13 ±0.17 79.22 ±0.01 80.47 ±0.01 86.97 ±0.01

L
C

25
K

-C
Stain-Light 60.17 55.97 ±0.16 61.49 ±0.43 59.32 ±0.00 73.04 ±0.05 71.25 ±0.07

Stain-Heavy 46.36 24.53 ±0.17 44.72 ±0.11 45.48 ±0.01 62.49 ±0.04 76.58 ±0.07

Dust 68.65 59.92 ±0.06 68.42 ±0.32 68.18 ±0.01 78.85 ±0.03 87.58 ±0.01

Air Bubble 72.05 64.32 ±0.06 77.97 ±0.51 72.15 ±0.15 77.15 ±0.03 80.82 ±0.06

Gaussian Noise 57.59 47.81 ±0.02 57.25 ±0.32 57.51 ±0.16 81.22 ±0.06 80.85 ±0.06

Shot Noise 48.82 21.01 ±0.04 46.19 ±0.08 46.97 ±0.09 77.03 ±0.05 74.68 ±0.17

Defocus Blur 55.65 20.12 ±0.01 56.07 ±0.09 54.24 ±0.00 48.99 ±0.03 70.31 ±0.15

Motion Blur 56.26 20.77 ±0.01 53.40 ±0.52 55.15 ±0.18 51.71 ±0.04 59.46 ±0.48

Brightness 77.77 68.05 ±0.07 79.69 ±0.00 77.40 ±0.00 82.26 ±0.06 89.30 ±0.06

Contrast 28.01 20.05 ±0.00 20.88 ±0.00 30.03 ±0.02 24.81 ±0.03 25.93 ±0.04

Mean 57.13 40.26 56.61 56.64 65.76 71.68

Table 5. Comparison of adaptation methods on LC25K-All (5 classes) using Quilt [4] as the base VLM.

VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

Skin 44.22 24.31 ±0.13 40.09 ±0.06 45.16 ±0.00 46.42 ±0.14 50.62 ±0.24

Sk
in

-C

Stain-Light 20.29 9.64 ±0.05 11.75 ±0.05 21.09 ±0.00 23.96 ±0.10 33.28 ±0.20

Stain-Heavy 13.68 3.28 ±0.01 9.59 ±0.18 13.72 ±0.00 20.63 ±0.14 28.22 ±0.06

Dust 40.07 21.34 ±0.19 40.18 ±0.09 42.31 ±0.15 40.73 ±0.07 46.62 ±0.05

Air Bubble 30.63 9.26 ±0.04 23.13 ±0.21 30.43 ±0.02 38.40 ±0.20 44.29 ±0.05

Gaussian Noise 14.15 2.57 ±0.01 5.59 ±0.00 14.02 ±0.01 26.77 ±0.06 33.94 ±0.09

Shot Noise 11.04 2.52 ±0.01 4.30 ±0.12 9.57 ±0.07 20.99 ±0.14 25.95 ±0.06

Defocus Blur 25.96 20.51 ±0.01 17.97 ±0.19 27.05 ±0.01 37.17 ±0.03 36.30 ±0.09

Motion Blur 26.44 6.90 ±0.13 23.63 ±0.03 26.43 ±0.13 31.81 ±0.09 36.40 ±0.06

Brightness 35.18 9.42 ±0.10 34.03 ±0.63 34.89 ±0.00 45.44 ±0.16 42.55 ±0.13

Contrast 4.64 2.39 ±0.00 2.84 ±0.02 5.17 ±0.00 9.10 ±0.07 10.58 ±0.04

Mean 22.21 8.78 17.30 22.47 29.50 33.81

Table 6. Comparison of adaptation methods on Skin (16 classes) using Quilt [4] as the base VLM.

VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

Renal 49.76 43.19 ±0.05 50.77 ±0.08 50.29 ±0.01 43.28 ±0.12 46.14 ±0.35

R
en

al
-C

Stain-Light 26.78 17.86 ±0.45 19.83 ±0.13 28.50 ±0.01 28.02 ±0.25 41.72 ±0.13

Stain-Heavy 15.27 1.98 ±0.02 2.73 ±0.03 14.47 ±0.02 23.48 ±0.07 44.35 ±0.37

Dust 45.74 42.34 ±0.00 48.91 ±0.10 45.63 ±0.10 39.02 ±0.02 47.98 ±0.31

Air Bubble 38.91 42.37 ±0.01 43.31 ±0.04 39.19 ±0.06 28.06 ±0.02 36.01 ±0.00

Gaussian Noise 36.84 41.76 ±0.02 41.64 ±0.05 36.69 ±0.02 33.43 ±0.01 45.63 ±0.21

Shot Noise 34.23 41.86 ±0.01 41.14 ±0.08 33.37 ±0.05 30.25 ±0.17 41.89 ±0.01

Defocus Blur 25.70 16.14 ±0.50 31.02 ±0.75 24.54 ±0.00 32.87 ±0.23 25.68 ±0.01

Motion Blur 44.37 42.02 ±0.01 43.19 ±0.14 44.43 ±0.06 30.40 ±0.00 36.25 ±0.19

Brightness 24.81 12.21 ±0.27 21.41 ±0.08 23.31 ±0.00 32.14 ±0.01 31.76 ±0.12

Contrast 11.99 10.91 ±0.01 10.78 ±0.10 11.85 ±0.00 16.05 ±0.00 31.63 ±0.08

Mean 30.46 26.95 30.40 30.20 29.37 38.29

Table 7. Comparison of adaptation methods on Renal (5 classes) using Quilt [4] as the base VLM.



VLM: Quilt
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

MHIST 62.95 63.15 ±0.00 63.10 ±0.56 61.51 ±0.00 - 64.02 ±0.26

M
H

IS
T-

C
Stain-Light 47.19 36.85 ±0.00 36.85 ±0.00 47.49 ±0.00 - 62.90 ±0.87

Stain-Heavy 42.78 36.85 ±0.00 36.85 ±0.00 41.56 ±0.00 - 60.85 ±0.05

Dust 61.92 63.15 ±0.00 62.69 ±0.46 61.67 ±0.15 - 64.12 ±0.97

Air Bubble 62.64 63.15 ±0.00 63.15 ±0.00 62.13 ±0.00 - 63.97 ±0.61

Gaussian Noise 61.11 63.15 ±0.00 63.56 ±1.94 61.98 ±0.26 - 62.74 ±0.31

Shot Noise 61.31 63.15 ±0.00 59.67 ±2.87 60.59 ±0.00 - 62.64 ±0.41

Defocus Blur 63.66 63.15 ±0.00 63.15 ±0.00 63.66 ±0.00 - 59.42 ±0.36

Motion Blur 66.33 63.15 ±0.00 56.86 ±0.46 67.09 ±0.46 - 61.11 ±0.92

Brightness 54.76 36.85 ±0.00 41.25 ±0.51 53.89 ±0.05 - 63.41 ±1.48

Contrast 55.78 61.05 ±0.77 48.87 ±0.77 55.89 ±0.10 - 58.96 ±0.20

Mean 57.75 55.05 53.29 57.60 - 62.01

Table 8. Comparison of adaptation methods on MHIST (2 classes) using Quilt [4] as the base VLM. CLIPArTT is not applicable due to
binary classification constraints.

VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

NCT7K 64.74 73.02 ±0.09 73.86 ±0.15 64.42 ±0.01 64.95 ±0.02 79.95 ±0.36

N
C

T
7K

-C

Stain-Light 50.97 60.02 ±0.43 57.67 ±0.01 50.64 ±0.00 61.08 ±0.05 67.55 ±0.47

Stain-Heavy 43.66 47.42 ±0.16 45.26 ±0.21 43.53 ±0.00 56.90 ±0.07 68.81 ±0.56

Dust 65.75 76.05 ±0.11 75.17 ±0.07 65.38 ±0.13 71.83 ±0.28 82.05 ±0.44

Air Bubble 48.79 52.91 ±0.24 56.47 ±0.60 49.09 ±0.17 57.91 ±0.04 72.01 ±0.37

Defocus Blur 45.03 43.64 ±0.28 42.46 ±0.47 45.63 ±0.00 60.37 ±0.11 71.70 ±0.53

Motion Blur 44.99 50.20 ±0.11 45.45 ±0.73 45.12 ±0.34 63.97 ±0.38 76.37 ±0.21

Gaussian Noise 23.09 11.22 ±0.24 16.56 ±0.46 22.49 ±0.08 52.30 ±0.38 79.73 ±0.14

Shot Noise 19.55 10.23 ±0.02 13.76 ±0.12 19.53 ±0.06 42.89 ±0.14 76.44 ±0.38

Brightness 56.53 62.16 ±0.34 57.71 ±0.42 56.13 ±0.01 63.37 ±0.14 77.16 ±0.12

Contrast 36.87 36.87 ±0.03 34.09 ±0.11 36.33 ±0.01 44.52 ±0.10 68.72 ±0.11

Mean 43.52 45.07 44.46 43.39 57.51 74.05

Table 9. Comparison of different adaptation methods on the NCT-7k dataset (8 classes) using PathGen [9] as the base VLM.

VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

NCT100K 66.41 67.3 ±0.02 68.73 ±0.05 65.73 ±0.0 69.84 ±0.02 81.73 ±0.03

N
C

T
10

0K
-C

Stain-Light 53.99 56.56 ±0.03 63.4 ±0.12 54.03 ±0.0 66.37 ±0.01 73.29 ±0.0

Stain-Heavy 39.40 25.89 ±0.14 39.63 ±0.15 39.36 ±0.01 49.36 ±0.02 68.26 ±0.05

Defocus Blur 67.46 70.89 ±0.03 74.85 ±0.22 66.93 ±0.01 73.12 ±0.07 79.86 ±0.08

Motion Blur 47.78 35.47 ±0.04 51.29 ±0.15 47.20 ±0.01 65.98 ±0.07 69.37 ±0.05

Brightness 50.66 42.33 ±0.05 47.05 ±0.16 49.29 ±0.0 59.86 ±0.05 70.33 ±0.06

Contrast 48.39 44.32 ±0.09 43.75 ±0.05 48.48 ±0.06 58.15 ±0.08 69.13 ±0.07

Gaussian Noise 29.91 19.62 ±0.07 23.71 ±0.0 29.64 ±0.05 52.02 ±0.07 72.35 ±0.11

Shot Noise 27.29 15.58 ±0.01 20.88 ±0.06 26.85 ±0.02 44.19 ±0.02 68.77 ±0.07

Dust 57.32 61.53 ±0.01 61.83 ±0.06 57.10 ±0.0 65.09 ±0.01 77.24 ±0.05

Air Bubble 36.86 30.26 ±0.03 28.87 ±0.08 35.23 ±0.0 48.09 ±0.01 68.16 ±0.06

Mean 45.91 40.25 45.53 45.41 58.22 71.68

Table 10. Comparison of different adaptation methods on the NCT-100k dataset (8 classes) using PathGen [9] as the base VLM.



VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-Lung 82.79 81.85 ±0.01 77.74 ±0.05 81.41 ±0.0 - 96.05 ±0.07

L
C

25
K

-L
un

g-
C

Stain-Light 79.57 66.81 ±0.07 71.75 ±0.73 79.29 ±0.0 - 93.84 ±0.06

Stain-Heavy 68.81 62.84 ±0.22 66.31 ±0.36 68.75 ±0.01 - 88.61 ±0.07

Dust 75.79 71.03 ±0.24 72.92 ±0.36 75.92 ±0.26 - 94.76 ±0.03

Air Bubble 62.75 64.39 ±0.01 65.70 ±0.24 61.69 ±0.08 - 91.63 ±0.07

Defocus Blur 67.42 39.16 ±0.17 54.98 ±0.28 65.13 ±0.0 - 90.54 ±0.15

Motion Blur 61.91 35.67 ±0.37 45.56 ±0.07 60.83 ±0.08 - 90.83 ±0.01

Gaussian Noise 55.27 33.38 ±0.01 49.51 ±0.28 55.27 ±0.01 - 91.94 ±0.07

Shot Noise 56.48 33.41 ±0.01 60.81 ±0.45 58.04 ±0.03 - 90.82 ±0.14

Brightness 85.40 88.78 ±0.14 90.06 ±0.31 84.52 ±0.0 - 94.98 ±0.10

Contrast 57.46 33.33 ±0.0 61.81 ±0.17 54.91 ±0.03 - 65.78 ±0.13

Mean 67.09 52.88 63.94 66.44 - 89.37

Table 11. Comparison of adaptation methods on LC25K-Lung (3 classes) using PathGen [9] as the base VLM. CLIPArTT is not applicable
due to fewer than three classes.

VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-Colon 95.92 97.69 ±0.06 98.98 ±0.01 95.82 ±0.0 - 98.27 ±0.07

L
C

25
K

-C
ol

on
-C

Stain-Light 89.14 94.94 ±0.05 97.57 ±0.11 89.16 ±0.0 - 97.44 ±0.03

Stain-Heavy 83.11 79.81 ±1.01 92.71 ±0.13 82.96 ±0.02 - 95.07 ±0.02

Dust 92.93 96.13 ±0.16 98.78 ±0.01 92.87 ±0.08 - 96.60 ±0.21

Air Bubble 83.59 83.38 ±0.63 95.56 ±0.23 83.58 ±0.08 - 90.66 ±0.13

Defocus Blur 57.57 50.00 ±0.0 50.86 ±0.42 56.50 ±0.0 - 92.51 ±0.10

Motion Blur 56.28 50.00 ±0.0 50.03 ±0.03 55.69 ±0.15 - 94.46 ±0.07

Gaussian Noise 66.16 50.04 ±0.01 56.03 ±0.42 66.10 ±0.05 - 98.02 ±0.01

Shot Noise 54.89 50.00 ±0.0 50.39 ±0.39 55.70 ±0.09 - 96.84 ±0.06

Brightness 95.58 97.45 ±0.08 98.76 ±0.11 95.52 ±0.0 - 97.57 ±0.12

Contrast 50.34 50.00 ±0.0 50.00 ±0.0 50.09 ±0.0 - 84.70 ±0.90

Mean 72.96 70.18 74.07 72.82 - 94.39

Table 12. Comparison of adaptation methods on LC25K-Colon (2 classes) using PathGen [9] as the base VLM. CLIPArTT is not applicable
due to binary classification constraints.

VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-ALL 83.25 90.47 ±0.13 83.74 ±0.09 82.38 ±0.01 87.40 ±0.04 93.27 ±0.01

L
C

25
K

-A
L

L
-C

Stain-Light 73.17 80.43 ±0.09 77.24 ±0.35 73.25 ±0.01 81.20 ±0.05 91.10 ±0.09

Stain-Heavy 57.83 54.13 ±0.03 62.67 ±0.09 57.83 ±0.0 75.37 ±0.07 82.59 ±0.16

Dust 77.90 84.48 ±0.11 80.58 ±0.44 77.67 ±0.19 84.00 ±0.06 91.30 ±0.07

Air Bubble 60.99 60.13 ±0.04 65.34 ±0.54 59.91 ±0.07 69.98 ±0.11 82.70 ±0.13

Defocus Blur 45.27 38.73 ±0.0 40.18 ±0.07 44.24 ±0.0 54.64 ±0.09 80.48 ±0.03

Motion Blur 40.34 24.41 ±0.05 38.64 ±0.12 39.61 ±0.08 64.98 ±0.02 83.98 ±0.11

Gaussian Noise 50.92 28.10 ±0.09 48.11 ±0.22 51.08 ±0.08 78.68 ±0.04 87.64 ±0.10

Shot Noise 45.25 20.02 ±0.01 46.20 ±0.02 45.92 ±0.07 67.94 ±0.06 83.99 ±0.18

Brightness 84.35 89.58 ±0.10 90.50 ±0.51 84.21 ±0.0 85.37 ±0.01 91.82 ±0.08

Contrast 20.56 20.00 ±0.0 20.00 ±0.0 20.16 ±0.0 43.00 ±0.07 45.23 ±0.19

Mean 55.66 50.00 56.95 55.39 70.52 82.08

Table 13. Comparison of adaptation methods on LC25K-All (5 classes) using PathGen [9] as the base VLM.



VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

Skin 55.26 56.02 ±0.02 63.52 ±0.06 54.71 ±0.0 63.22 ±0.13 68.34 ±0.12

Sk
in

-C
Stain-Light 27.44 13.55 ±0.06 20.91 ±0.47 27.33 ±0.0 49.33 ±0.02 61.42 ±0.21

Stain-Heavy 14.69 2.95 ±0.01 5.92 ±0.02 15.62 ±0.0 33.27 ±0.07 52.58 ±0.03

Dust 52.72 56.19 ±0.07 56.98 ±0.12 52.62 ±0.16 60.01 ±0.09 66.81 ±0.12

Air Bubble 35.77 21.48 ±0.03 37.05 ±0.15 35.25 ±0.14 47.24 ±0.18 56.69 ±0.14

Defocus Blur 26.16 21.16 ±0.10 16.11 ±0.22 25.07 ±0.0 37.34 ±0.06 48.42 ±0.13

Motion Blur 26.94 20.82 ±0.09 24.10 ±0.34 26.44 ±0.0 38.33 ±0.19 52.20 ±0.02

Gaussian Noise 9.92 2.55 ±0.07 4.05 ±0.06 10.14 ±0.08 22.10 ±0.06 31.26 ±0.02

Shot Noise 6.02 1.61 ±0.02 1.76 ±0.02 5.81 ±0.07 16.82 ±0.07 30.14 ±0.02

Brightness 46.97 45.31 ±0.11 52.13 ±0.02 46.67 ±0.0 52.01 ±0.03 63.23 ±0.16

Contrast 15.61 3.56 ±0.05 18.05 ±0.12 16.83 ±0.0 24.27 ±0.0 43.73 ±0.17

Mean 26.22 18.92 23.71 26.18 38.07 50.65

Table 14. Comparison of adaptation methods on Skin (16 classes) using PathGen [9] as the base VLM.

VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

Renal 48.61 49.66 ±0.02 50.28 ±0.06 48.67 ±0.0 50.42 ±0.01 56.81 ±0.17

R
en

al
-C

Stain-Light 42.56 45.01 ±0.04 45.98 ±0.09 41.40 ±0.0 47.94 ±0.17 44.97 ±0.06

Stain-Heavy 40.55 44.75 ±0.01 42.62 ±0.20 40.50 ±0.0 49.56 ±0.04 39.45 ±0.11

Dust 49.33 47.42 ±0.02 47.22 ±0.04 48.76 ±0.07 51.07 ±0.04 55.18 ±0.15

Air Bubble 35.00 7.29 ±0.05 38.46 ±0.15 35.94 ±0.09 46.26 ±0.04 44.53 ±0.02

Defocus Blur 6.54 1.96 ±0.0 2.14 ±0.01 6.36 ±0.0 20.73 ±0.06 49.45 ±0.29

Motion Blur 11.33 2.25 ±0.0 2.61 ±0.06 10.63 ±0.08 21.49 ±0.03 45.18 ±0.25

Gaussian Noise 9.35 1.95 ±0.0 1.98 ±0.01 9.54 ±0.01 28.78 ±0.04 39.98 ±0.05

Shot Noise 3.54 1.95 ±0.0 1.95 ±0.0 3.32 ±0.01 14.26 ±0.11 38.66 ±0.13

Brightness 25.10 2.77 ±0.03 8.98 ±0.07 25.42 ±0.01 42.75 ±0.17 45.10 ±0.27

Contrast 7.13 2.71 ±0.02 3.93 ±0.06 6.32 ±0.0 24.00 ±0.09 38.32 ±0.22

Mean 23.04 15.81 19.59 22.82 34.68 44.08

Table 15. Comparison of adaptation methods on Renal (5 classes) using PathGen [9] as the base VLM.

VLM: PathGen
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

MHIST 57.11 39.00 ±0.31 46.21 ±0.97 57.22 ±0.0 - 60.49 ±0.31

M
H

IS
T-

C

Stain-Light 55.99 36.95 ±0.0 41.10 ±0.05 56.29 ±0.0 - 62.69 ±0.46

Stain-Heavy 56.50 37.26 ±0.0 41.86 ±0.72 56.50 ±0.0 - 61.98 ±0.05

Dust 58.55 45.50 ±1.38 47.80 ±0.72 58.19 ±0.26 - 59.83 ±0.56

Air Bubble 54.45 63.15 ±0.0 56.14 ±0.67 52.87 ±0.05 - 44.93 ±0.92

Defocus Blur 57.32 63.15 ±0.0 63.15 ±0.0 57.63 ±0.0 - 51.38 ±0.41

Motion Blur 45.14 36.85 ±0.0 42.17 ±1.23 43.19 ±0.20 - 43.60 ±0.10

Gaussian Noise 53.22 37.31 ±0.05 42.48 ±0.92 52.71 ±0.10 - 60.18 ±0.20

Shot Noise 57.01 40.63 ±1.74 53.02 ±1.64 57.83 ±0.61 - 60.95 ±0.05

Brightness 62.85 63.15 ±0.0 62.79 ±0.77 62.69 ±0.05 - 59.67 ±0.31

Contrast 51.89 36.85 ±0.0 44.93 ±1.64 51.48 ±0.0 - 56.96 ±0.15

Mean 55.29 46.08 49.54 54.94 - 56.22

Table 16. Comparison of adaptation methods on MHIST (2 classes) using PathGen [9] as the base VLM. CLIPArTT is not applicable due
to binary classification constraints.



VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

NCT7K 67.55 68.66 ±0.06 73.59 ±0.29 67.41 ±0.0 58.28 ±0.14 82.12 ±0.24

N
C

T
7K

-C
Stain-Light 56.80 58.36 ±0.09 58.81 ±0.13 56.64 ±0.0 56.53 ±0.05 71.36 ±0.18

Stain-Heavy 28.30 29.88 ±0.39 29.31 ±0.0 28.14 ±0.0 37.83 ±0.12 68.77 ±0.01

Dust 66.92 67.74 ±0.14 72.92 ±0.03 66.97 ±0.19 60.86 ±0.09 79.89 ±0.01

Air Bubble 52.50 51.83 ±0.24 58.56 ±0.69 52.06 ±0.02 42.69 ±0.34 77.39 ±0.02

Defocus Blur 40.27 36.86 ±0.07 42.21 ±0.03 40.23 ±0.0 49.01 ±0.05 67.86 ±0.04

Motion Blur 40.85 37.11 ±0.33 42.13 ±0.41 40.97 ±0.02 44.80 ±0.09 77.02 ±0.13

Gaussian Noise 12.38 18.47 ±0.09 8.68 ±0.24 12.50 ±0.09 13.12 ±0.19 65.05 ±0.09

Shot Noise 4.01 9.75 ±0.13 1.18 ±0.03 3.93 ±0.06 11.21 ±0.02 55.82 ±0.19

Brightness 49.31 45.29 ±0.08 48.27 ±0.32 49.30 ±0.0 48.51 ±0.05 81.98 ±0.16

Contrast 22.19 26.65 ±0.03 24.50 ±0.04 22.14 ±0.0 26.30 ±0.15 33.96 ±0.11

Mean 37.35 38.19 38.66 37.29 39.09 67.91

Table 17. Comparison of different adaptation methods on the NCT-7k dataset (8 classes) using CONCH [7] as the base VLM.

VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

NCT100K 63.79 65.00 ±0.02 71.82 ±0.04 63.73 ±0.0 59.66 ±0.08 82.76 ±0.01

N
C

T
10

0K
-C

Stain-Light 55.71 56.17 ±0.02 60.76 ±0.02 55.62 ±0.0 56.33 ±0.01 73.41 ±0.02

Stain-Heavy 22.37 18.54 ±0.02 21.21 ±0.04 22.37 ±0.0 31.37 ±0.05 63.92 ±0.02

Dust 61.15 62.41 ±0.09 68.23 ±0.04 61.56 ±0.01 57.15 ±0.02 79.90 ±0.03

Air Bubble 49.11 49.63 ±0.05 57.76 ±0.29 49.02 ±0.09 50.25 ±0.06 71.74 ±0.02

Defocus Blur 27.14 18.79 ±0.03 25.30 ±0.07 26.82 ±0.0 40.16 ±0.03 72.14 ±0.09

Motion Blur 28.95 21.09 ±0.03 27.96 ±0.04 28.44 ±0.05 38.13 ±0.02 70.86 ±0.01

Gaussian Noise 11.17 14.25 ±0.05 4.55 ±0.03 11.45 ±0.05 19.72 ±0.0 57.66 ±0.11

Shot Noise 3.97 12.05 ±0.02 1.06 ±0.07 3.94 ±0.02 13.37 ±0.0 47.19 ±0.09

Brightness 20.04 50.11 ±0.03 55.42 ±0.03 50.02 ±0.0 47.96 ±0.02 78.88 ±0.11

Contrast 50.19 20.16 ±0.0 20.11 ±0.0 20.20 ±0.0 15.63 ±0.04 19.63 ±0.02

Mean 32.98 32.32 34.24 32.94 37.01 63.53

Table 18. Comparison of different adaptation methods on the NCT-100k dataset (8 classes) using CONCH [7] as the base VLM.

VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-Lung 87.95 90.22 ±0.06 92.67 ±0.01 87.45 ±0.01 - 97.02 ±0.12

L
C

25
K

-L
un

g-
C

Stain-Light 77.00 78.00 ±0.01 79.78 ±0.16 77.18 ±0.0 - 94.94 ±0.08

Stain-Heavy 51.31 40.34 ±0.09 49.37 ±0.24 51.31 ±0.0 - 82.68 ±0.19

Dust 75.19 75.75 ±0.01 78.88 ±0.12 75.52 ±0.01 - 96.19 ±0.02

Air Bubble 52.51 38.82 ±0.04 48.03 ±0.07 52.73 ±0.11 - 94.73 ±0.01

Defocus Blur 53.69 42.55 ±0.14 52.66 ±0.07 53.61 ±0.0 - 93.20 ±0.04

Motion Blur 60.34 54.04 ±0.49 57.32 ±0.0 60.08 ±0.09 - 93.15 ±0.13

Gaussian Noise 34.33 33.68 ±0.03 33.54 ±0.05 34.32 ±0.02 - 82.47 ±0.13

Shot Noise 33.43 33.39 ±0.0 33.34 ±0.0 33.43 ±0.0 - 76.15 ±0.18

Brightness 87.69 90.08 ±0.18 93.08 ±0.10 87.71 ±0.0 - 96.46 ±0.04

Contrast 35.83 33.33 ±0.0 33.53 ±0.09 35.80 ±0.0 - 27.24 ±0.18

Mean 56.13 52.00 55.95 56.17 - 83.72

Table 19. Comparison of adaptation methods on LC25K-Lung (3 classes) using CONCH [7] as the base VLM. CLIPArTT is not applicable
due to fewer than three classes.



VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-Colon 95.31 96.32 ±0.07 97.46 ±0.02 95.15 ±0.0 - 99.18 ±0.08

L
C

25
K

-C
ol

on
-C

Stain-Light 89.76 92.27 ±0.06 93.40 ±0.03 89.75 ±0.0 - 99.20 ±0.08

Stain-Heavy 58.07 53.16 ±0.30 55.89 ±0.14 58.07 ±0.0 - 96.52 ±0.20

Dust 93.92 95.73 ±0.10 97.05 ±0.02 93.81 ±0.07 - 99.02 ±0.04

Air Bubble 89.04 92.28 ±0.44 93.03 ±0.24 88.92 ±0.20 - 99.00 ±0.00

Defocus Blur 59.32 53.89 ±0.19 57.08 ±0.30 59.34 ±0.0 - 99.19 ±0.06

Motion Blur 57.64 55.14 ±0.33 56.01 ±0.16 57.36 ±0.31 - 99.22 ±0.02

Gaussian Noise 65.46 59.96 ±0.03 64.48 ±0.08 65.16 ±0.14 - 97.45 ±0.06

Shot Noise 53.54 51.07 ±0.08 51.80 ±0.09 53.46 ±0.09 - 90.66 ±0.13

Brightness 95.16 95.78 ±0.07 96.96 ±0.09 95.10 ±0.0 - 99.35 ±0.05

Contrast 50.00 50.00 ±0.0 50.00 ±0.0 50.00 ±0.0 - 94.57 ±0.16

Mean 71.19 69.93 71.57 71.10 - 97.42

Table 20. Comparison of adaptation methods on LC25K-Colon (2 classes) using CONCH [7] as the base VLM. CLIPArTT is not applicable
due to binary classification constraints.

VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

LC25K-All 86.58 87.98 ±0.06 90.55 ±0.01 86.17 ±0.0 89.49 ±0.04 95.81 ±0.08

L
C

25
K

-A
ll-

C

Stain-Light 69.46 73.28 ±0.04 74.47 ±0.03 69.51 ±0.0 43.98 ±0.07 88.90 ±0.03

Stain-Heavy 37.96 25.34 ±0.13 36.37 ±0.07 37.93 ±0.0 29.42 ±0.04 73.85 ±0.02

Dust 80.01 83.83 ±0.16 85.02 ±0.15 80.13 ±0.16 81.19 ±0.03 95.16 ±0.05

Air Bubble 60.73 59.55 ±0.02 61.20 ±0.08 60.96 ±0.03 56.05 ±0.18 93.13 ±0.11

Defocus Blur 50.35 49.89 ±0.22 50.17 ±0.0 50.29 ±0.0 46.68 ±0.13 89.77 ±0.20

Motion Blur 53.15 51.13 ±0.09 51.56 ±0.0 52.99 ±0.12 65.31 ±0.01 91.89 ±0.08

Gaussian Noise 31.41 24.25 ±0.07 30.01 ±0.02 31.56 ±0.01 25.31 ±0.10 82.57 ±0.10

Shot Noise 25.41 20.10 ±0.0 22.46 ±0.10 25.31 ±0.02 27.31 ±0.03 63.39 ±0.19

Brightness 83.22 85.23 ±0.06 88.57 ±0.03 83.06 ±0.0 79.61 ±0.0 94.17 ±0.09

Contrast 19.98 20.01 ±0.0 20.00 ±0.0 19.97 ±0.0 25.74 ±0.02 30.98 ±0.31

Mean 51.17 49.26 51.98 51.17 48.06 80.38

Table 21. Comparison of adaptation methods on LC25K-All (5 classes) using CONCH [7] as the base VLM.

VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

Skin 34.56 33.34 ±0.14 35.98 ±0.12 34.11 ±0.0 31.39 ±0.15 64.32 ±0.01

Sk
in

-C

Stain-Light 26.86 27.29 ±0.01 27.48 ±0.0 26.88 ±0.0 23.28 ±0.07 48.99 ±0.02

Stain-Heavy 18.02 15.98 ±0.04 17.76 ±0.13 18.04 ±0.0 15.10 ±0.03 40.54 ±0.07

Dust 30.98 29.67 ±0.01 30.24 ±0.07 30.96 ±0.01 32.19 ±0.09 62.41 ±0.20

Air Bubble 22.00 20.42 ±0.10 21.69 ±0.03 21.73 ±0.02 25.10 ±0.07 52.94 ±0.15

Defocus Blur 23.48 20.22 ±0.07 23.06 ±0.07 23.47 ±0.0 22.20 ±0.03 54.91 ±0.09

Motion Blur 20.75 15.59 ±0.31 19.99 ±0.21 20.61 ±0.0 25.37 ±0.09 59.95 ±0.26

Gaussian Noise 19.02 21.14 ±0.05 21.24 ±0.02 18.96 ±0.05 20.85 ±0.01 37.14 ±0.08

Shot Noise 15.31 10.62 ±0.02 16.29 ±0.16 15.13 ±0.07 15.31 ±0.09 30.76 ±0.12

Brightness 33.44 31.23 ±0.02 32.27 ±0.03 33.36 ±0.0 36.16 ±0.16 62.89 ±0.15

Contrast 5.31 4.28 ±0.0 5.06 ±0.02 5.30 ±0.0 2.96 ±0.01 25.59 ±0.30

Mean 21.52 19.64 21.51 21.44 21.85 47.61

Table 22. Comparison of adaptation methods on Skin (16 classes) using CONCH [7] as the base VLM.



VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

Renal 46.16 48.74 ±0.22 51.26 ±0.20 45.65 ±0.0 52.87 ±0.06 57.22 ±0.22

R
en

al
-C

Stain-Light 28.20 22.84 ±0.01 27.28 ±0.04 28.36 ±0.0 34.60 ±0.09 51.95 ±0.06

Stain-Heavy 7.11 2.69 ±0.03 3.23 ±0.06 6.85 ±0.0 10.46 ±0.12 42.67 ±0.01

Dust 43.43 42.31 ±0.07 45.87 ±0.07 43.58 ±0.04 46.88 ±0.18 59.11 ±0.07

Air Bubble 35.22 35.25 ±0.17 39.93 ±0.24 35.35 ±0.03 32.86 ±0.0 53.90 ±0.09

Defocus Blur 27.20 26.24 ±0.11 27.54 ±0.10 27.32 ±0.0 29.02 ±0.01 51.10 ±0.12

Motion Blur 15.76 12.31 ±0.11 14.47 ±0.02 15.62 ±0.09 19.12 ±0.27 44.94 ±0.03

Gaussian Noise 3.54 2.12 ±0.0 2.02 ±0.0 3.23 ±0.02 9.14 ±0.03 49.01 ±0.20

Shot Noise 3.26 1.96 ±0.0 2.00 ±0.0 3.17 ±0.01 7.64 ±0.09 46.63 ±0.09

Brightness 19.47 11.27 ±0.04 15.24 ±0.04 19.30 ±0.0 19.82 ±0.05 53.48 ±0.09

Contrast 23.01 24.56 ±0.06 24.47 ±0.14 23.01 ±0.0 16.88 ±0.05 37.12 ±0.03

Mean 20.62 18.16 20.21 20.58 22.64 48.99

Table 23. Comparison of adaptation methods on Renal (5 classes) using CONCH [7] as the base VLM.

VLM: CONCH
Dataset Source TENT LAME TPT CLIPArTT LATTE (Ours)

MHIST 59.98 62.59 ±0.56 60.39 ±1.02 59.72 ±0.05 - 63.00 ±0.36

M
H

IS
T-

C

Stain-Light 57.11 49.18 ±0.77 55.22 ±1.59 57.11 ±0.0 - 63.36 ±0.51

Stain-Heavy 53.94 46.42 ±2.41 50.46 ±0.51 53.84 ±0.0 - 56.65 ±0.15

Dust 58.24 63.15 ±0.0 61.51 ±0.51 57.47 ±0.56 - 62.64 ±1.23

Air Bubble 60.70 63.15 ±0.0 62.95 ±0.20 62.33 ±0.10 - 64.59 ±1.33

Defocus Blur 51.28 63.15 ±0.0 58.96 ±0.41 52.05 ±0.05 - 56.81 ±0.51

Motion Blur 61.82 63.15 ±0.0 63.00 ±0.26 61.72 ±0.51 - 56.91 ±0.61

Gaussian Noise 61.72 63.15 ±0.0 63.15 ±0.0 61.67 ±0.05 - 50.31 ±0.77

Shot Noise 62.03 63.15 ±0.0 63.15 ±0.0 62.03 ±0.20 - 51.59 ±0.51

Brightness 63.25 63.15 ±0.0 64.07 ±0.10 63.25 ±0.0 - 58.03 ±1.43

Contrast 48.82 36.85 ±0.0 45.34 ±0.31 49.13 ±0.0 - 45.04 ±0.41

Mean 57.89 57.45 58.78 58.06 - 56.59

Table 24. Comparison of adaptation methods on MHIST (2 classes) using CONCH [7] as the base VLM. CLIPArTT is not applicable due
to binary classification constraints.
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