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Zero Shot Acc. 97.20 91.30 63.60 71.80 90.10 27.70 69.40 53.00 57.00 71.00 69.50
ECE 6.49 2.25 3.74 3.11 1.57 3.03 1.59 4.53 8.35 3.24 3.58

CoCoOp[24]

CoCoOp [24] Acc. 97.77 95.02 70.72 94.62 90.43 35.33 79.19 75.54 85.40 81.71 80.57
ECE 1.43 3.21 6.89 7.85 0.86 5.42 3.78 3.88 8.09 3.78 4.52

ZS-Norm [13] Acc. 97.83 95.22 70.65 95.00 90.63 36.03 79.70 76.35 82.53 81.90 80.58
ECE 2.93 3.20 8.67 7.56 1.49 8.50 7.50 10.82 16.09 4.08 7.08

Penalty [13] Acc. 97.83 94.98 69.95 92.43 90.72 34.35 79.34 71.49 69.57 80.49 78.12
ECE 5.00 6.06 10.36 14.90 3.95 6.83 6.69 17.22 20.94 7.17 9.91

Ours Acc. 97.93 94.69 69.42 94.11 90.51 34.25 78.92 74.77 84.70 82.34 80.16
ECE 1.13 2.31 7.01 7.98 0.49 5.81 2.63 3.70 6.47 3.23 4.08

ProDA [23]

ProDA [23] Acc. 97.61 94.75 69.76 89.96 89.33 33.01 76.17 70.02 81.83 79.99 78.24
ECE 1.06 1.67 3.86 6.07 0.86 3.52 6.66 10.25 3.73 2.56 4.02

ZS-Norm [13] Acc. 97.55 94.37 69.77 89.62 89.50 33.03 76.46 71.33 82.00 79.33 78.30
ECE 1.93 2.22 4.74 7.41 1.31 3.00 6.62 3.73 11.93 2.72 4.56

Penalty [13] Acc. 97.35 94.61 69.32 89.14 90.36 32.17 76.94 59.80 63.86 78.07 75.16
ECE 4.00 8.11 7.86 12.89 3.79 4.91 2.09 11.28 18.05 7.83 8.08

Ours Acc. 97.20 94.31 69.50 87.88 90.02 32.99 76.96 72.91 82.70 80.63 78.51
ECE 1.75 2.29 6.91 8.21 1.18 3.38 1.18 2.27 5.37 2.50 3.50

ProGrad [26]

ProGrad [26] Acc. 97.72 94.67 69.29 81.26 90.33 31.35 76.88 67.13 79.27 78.20 76.61
ECE 3.53 3.83 6.84 6.82 1.65 2.60 3.70 6.38 12.24 3.92 5.15

ZS-Norm [13] Acc. 97.87 94.36 69.27 82.91 90.45 32.35 77.92 70.37 75.57 78.70 76.98
ECE 5.51 4.85 10.02 10.95 2.67 8.50 10.33 23.04 17.46 6.47 9.98

Penalty [13] Acc. 97.81 94.21 69.02 84.14 90.47 32.65 77.33 57.29 67.21 75.65 74.58
ECE 5.51 6.39 8.69 13.38 3.49 6.70 5.54 7.70 16.49 5.79 7.97

Ours Acc. 97.55 94.45 68.95 82.62 90.29 31.57 77.03 68.52 79.78 79.04 76.98
ECE 3.18 3.46 7.01 6.90 1.36 3.06 3.10 6.41 11.20 3.12 4.88

PromptSRC [12]

PromptSRC [12] Acc. 98.08 95.36 78.15 97.95 90.60 40.74 82.63 83.41 93.17 87.09 84.72
ECE 2.31 2.64 8.65 5.15 1.17 5.26 2.75 2.56 9.27 2.84 4.26

ZS-Norm [13] Acc. 98.21 95.43 77.55 97.50 90.78 40.78 82.62 81.56 48.78 85.76 79.90
ECE 4.41 4.58 12.01 8.65 3.21 10.37 5.43 20.69 20.10 6.73 9.62

Penalty [13] Acc. 98.01 95.69 77.45 97.82 90.36 40.89 82.29 81.84 48.38 85.91 79.86
ECE 5.41 4.78 10.61 9.65 4.51 12.47 6.43 18.69 19.10 8.98 10.06

Ours Acc. 98.30 95.57 79.11 98.39 90.67 42.50 82.77 83.83 95.05 86.87 85.31
ECE 1.03 0.89 8.96 0.97 0.90 6.04 1.34 4.59 4.33 1.39 3.04

Table 1. Accuracy and calibration performance on base classes
across 10 fine-grained classification benchmarks. We report top-
1 accuracy (Acc) and Expected Calibration Error (ECE) for multiple
prompt-tuning strategies and diverse calibration baselines. Higher
Acc. indicates better classification performance, while lower ECE
reflects better calibration.
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In this supplementary material, we provide the following:

1. Calibration analysis for base and novel classes across
prompt learning methods (Sec. 1)

2. Robustness evaluation under natural distribution
shifts (Sec. 2)

3. Additional results for ACE and MCE performance
metrics (Sec. 3)

4. Hyperparameters details (Sec. 6)
5. Prompt templates and variations (Sec. 7)
6. Variance analysis (Sec. 8)
7. Results on Different Backbones(Sec. 9)
8. Decision Boundary Visualization(Sec. 10)

1. Calibration Analysis for Base and Novel
Classes Across Prompt Learning Methods

In the main paper, we provide the calibration results for
three representative prompt learning methods: CoOp [25],
KgCoOp [22], and MaPLe [11]. Here we provide the re-
sults for additional prompt learning methods including Co-
CoOp [24], ProDA [23], ProGrad [26], and PromptSRC [12]
for both base and novel classes to demonstrate the broader
applicability and effectiveness of our calibration approach.
Calibration Performance on Base Classes. Table 1
presents the accuracy and calibration performance on base
classes across 10 fine-grained classification benchmarks.
The results consistently demonstrate that our calibration
approach achieves superior calibration performance (lower
ECE) while maintaining competitive accuracy across all eval-
uated prompt learning methods. Notably, our method shows
the most significant improvements with PromptSRC [12],
reducing the average ECE from 4.26 to 3.04 without compro-
mising clean accuracy. The consistent improvements across
diverse prompt learning architectures validate the general-
izability of our approach. Calibration Performance on
Novel Classess. We further evaluate the calibration perfor-
mance on novel classes to assess the generalization capability
of our approach when dealing with unseen categories during
training. Table 2 presents the accuracy and calibration per-
formance on novel classes across the same 10 benchmarks.
Our method demonstrates consistent calibration improve-
ments across all prompt learning methods when evaluated
on novel classes. The results show that our approach ef-
fectively generalizes to unseen categories, with particularly
notable improvements in ECE reduction. For instance, with
ProDA [23], our method reduces the average ECE from 9.03
to 3.42 while maintaining comparable clean accuracy (70.22
vs 71.38). Similarly, with CoCoOp [24], we achieve an
ECE reduction from 5.55 to 3.86. These results highlight
the robustness of our calibration approach in handling the
challenging scenario of novel class prediction, where models
are more prone to overconfidence due to limited training
exposure.

2. Results on Natural Distribution Shifts
Here, we provide results on out-of-distribution datasets for
the ImageNet-A [7], ImageNet-V2 [18], ImageNet-R [6],
and ImageNet-S [20] datasets demonstrating the robustness
of our calibration approach under natural distribution shifts.

Base Classes. Table 3 presents the accuracy and cali-
bration performance on base classes across these 4 natural
distribution shift datasets. Our method consistently outper-



Method C
al

t

Pe
ts

C
ar

s

Fl
ow

Fo
od

A
ir

SU
N

D
T

D

E
ur

o

U
C

F

Av
g

Zero Shot Acc. 94.10 97.10 75.00 77.50 91.10 35.90 75.50 60.60 63.80 78.60 74.30
ECE 1.60 3.42 3.31 4.91 1.83 6.55 3.48 6.86 9.12 5.52 4.43

CoCoOp[24]

CoCoOp [24] Acc. 94.51 97.69 73.26 72.27 91.02 33.47 76.54 57.65 63.14 74.89 73.44
ECE 1.84 2.64 1.88 9.17 1.64 10.93 2.21 11.26 9.06 4.90 5.55

ZS-Norm [13] Acc. 94.76 97.24 73.56 70.45 91.43 32.97 76.84 54.59 57.01 71.64 72.05
ECE 2.63 2.87 2.11 9.39 2.16 7.21 3.99 3.91 9.24 4.36 4.79

Penalty [13] Acc. 94.29 95.62 75.07 70.52 91.46 33.59 76.85 56.76 54.50 74.08 72.27
ECE 2.22 5.11 5.69 5.80 4.22 5.30 3.93 11.13 11.44 3.66 5.85

DAC Acc. - - - - - - - - - - -
ECE 3.65 2.43 2.21 7.74 1.64 9.03 1.09 7.47 13.49 2.70 5.15

Ours Acc. 94.43 97.45 74.71 71.91 91.62 33.97 76.41 56.40 61.67 76.40 73.50
ECE 1.51 2.58 3.22 6.36 0.96 8.85 0.87 4.77 6.68 2.76 3.86

ProDA [23]

ProDA [23] Acc. 93.99 96.90 73.16 72.51 90.64 31.35 65.02 53.99 51.86 72.76 70.22
ECE 3.22 1.96 3.18 8.51 0.84 15.03 14.08 16.90 21.85 4.74 9.03

ZS-Norm [13] Acc. 93.81 97.28 72.53 72.81 90.44 30.09 66.59 52.13 57.77 72.67 71.01
ECE 2.36 2.42 2.06 8.34 0.94 10.76 12.12 7.65 8.75 4.41 5.98

Penalty [13] Acc. 93.92 97.20 73.39 73.57 90.70 32.45 67.73 50.48 60.05 72.49 71.20
ECE 1.53 6.14 3.76 4.36 3.47 7.82 2.51 4.96 14.47 3.86 5.29

DAC Acc. - - - - - - - - - - -
ECE 4.87 4.72 3.28 6.32 0.70 7.40 1.06 5.68 3.33 4.14 4.15

Ours Acc. 93.56 97.56 73.81 72.74 91.14 30.57 66.18 53.82 58.58 75.79 71.38
ECE 1.48 3.25 2.77 5.12 1.01 6.78 1.90 4.60 4.91 2.35 3.42

ProGrad [26]

ProGrad [26] Acc. 94.76 97.32 74.85 75.29 91.06 34.43 75.42 56.44 61.98 78.74 74.03
ECE 1.67 3.52 2.68 7.46 1.76 9.21 2.05 4.48 8.83 3.57 4.52

ZS-Norm [13] Acc. 94.43 97.37 74.97 75.18 91.18 31.49 74.79 55.80 67.97 77.39 74.06
ECE 1.80 5.11 5.32 3.73 2.68 3.79 7.10 12.79 12.83 4.83 6.00

Penalty [13] Acc. 94.87 96.98 75.81 74.54 91.05 34.55 75.03 53.74 66.97 76.80 74.03
ECE 1.90 5.54 5.07 4.80 3.08 5.31 3.08 4.96 14.86 5.05 5.37

DAC Acc. - - - - - - - - - - -
ECE 1.97 3.31 2.29 5.04 1.85 10.46 1.32 3.49 6.90 2.42 3.91

Ours Acc. 94.29 97.48 75.09 74.66 91.21 32.87 74.81 55.60 67.91 78.53 74.25
ECE 1.03 3.26 1.98 5.14 1.47 9.34 2.32 3.30 6.06 3.06 3.70

PromptSRC [12]

PromptSRC [12] Acc. 94.21 97.31 75.58 77.28 91.51 29.73 78.79 61.03 74.72 77.86 75.80
ECE 1.51 3.26 2.06 5.50 1.77 12.92 1.07 6.68 8.08 2.81 4.57

ZS-Norm [13] Acc. 94.18 97.61 74.80 76.31 91.60 36.23 78.80 59.02 37.07 77.25 72.29
ECE 2.06 4.30 3.63 5.86 3.66 4.64 3.57 12.29 12.56 3.95 5.65

Penalty [13] Acc. 94.17 97.55 74.12 76.34 91.99 36.63 78.14 59.62 37.37 77.76 72.37
ECE 3.06 5.40 4.63 4.86 4.98 4.94 4.53 11.29 10.66 4.65 5.90

DAC Acc. - - - - - - - - - - -
ECE 1.58 2.98 2.39 5.03 1.55 8.55 0.79 5.50 7.24 2.46 3.81

Ours Acc. 94.29 97.28 74.49 75.44 91.68 36.85 78.39 57.53 72.64 77.72 75.63
ECE 1.14 1.19 2.39 5.44 0.72 9.26 0.77 6.81 8.37 1.89 3.80

Table 2. Accuracy and calibration performance on novel classes
across 10 fine-grained classification benchmarks. We report top-
1 accuracy (Acc) and Expected Calibration Error (ECE) for multiple
prompt-tuning strategies and diverse calibration baselines. Higher
Acc. indicates better classification performance, while lower ECE
reflects better calibration.
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MaPLe [11]

MaPLe [11] Acc. 67.35 53.35 68.31 85.22 68.56
ECE 3.14 3.94 2.52 3.14 3.19

ZS-Norm [13] Acc. 66.15 53.24 68.41 85.17 68.49
ECE 3.41 4.12 6.98 7.13 5.41

Penalty [13] Acc. 66.72 53.04 68.61 85.17 68.39
ECE 3.61 4.62 7.48 7.33 5.76

Ours Acc. 67.19 53.15 67.86 85.28 68.37
ECE 3.09 3.91 2.21 2.05 2.82

Table 3. Accuracy and calibration performance on base classes
across 4 natural distribution shift datasets. We report top-1 accu-
racy (Acc) and Expected Calibration Error (ECE) for MaPLe [11].
Higher Acc. indicates better classification performance, while
lower ECE reflects better calibration.

forms baseline calibration approaches across all datasets.
Notably, our approach achieves superior calibration with an
average ECE of 2.82 compared to the vanilla MaPLe baseline
(3.19), ZS-Norm (5.41), and Penalty (5.76). The improve-
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MaPLe [11]

MaPLe [11] Acc. 67.36 53.36 68.31 85.22 68.56
ECE 3.16 3.73 2.52 3.14 3.14

ZS-Norm [13] Acc. 66.75 53.34 68.60 85.16 68.46
ECE 3.54 4.01 6.47 7.21 5.31

Penalty [13] Acc. 66.75 53.11 68.60 85.16 68.41
ECE 3.64 4.11 7.47 7.32 5.64

Ours Acc. 67.20 53.21 67.86 85.28 68.39
ECE 3.11 3.63 2.20 2.05 2.75

Table 4. Accuracy and calibration performance on novel classes
across 4 natural distribution shift datasets. We report top-1
accuracy (Acc) and Expected Calibration Error (ECE) for MaPLe
[11]. Acc. indicates better classification performance, while lower
ECE reflects better calibration.

ments are particularly pronounced on challenging datasets
like ImageNet-A and ImageNet-R, where our method re-
duces ECE from 2.52 to 2.21 and from 3.14 to 2.05, respec-
tively, while maintaining competitive accuracy.

Novel Classes. Table 4 shows the corresponding results
on novel classes under distribution shift. The consistent per-
formance across both base and novel classes demonstrates
the generalization capability of our calibration approach.
Our method achieves an average ECE of 2.75 on novel
classes, significantly outperforming ZS-Norm (5.31) and
Penalty (5.64) baselines. The robustness across different
types of distribution shifts, including adversarial examples
(ImageNet-A), renditions (ImageNet-R), and sketch-like im-
ages (ImageNet-S), validates that our approach addresses
fundamental calibration issues rather than dataset-specific
artifacts.

These results are particularly important for real-world
deployment scenarios where models encounter data that dif-
fers from the training distribution. The consistent calibration
improvements across diverse distribution shifts demonstrate
that our method provides reliable confidence estimates even
under challenging out-of-distribution conditions.

3. Additional Results: ACE and MCE Perfor-
mance Metrics

In the main paper, we evaluate classification performance
using top-1 accuracy and model calibration using Expected
Calibration Error (ECE). Here we provide comprehensive
results for additional calibration metrics including Adaptive
Calibration Error (ACE) [16] and Maximum Calibration
Error (MCE) [14] to further validate the effectiveness of our
approach.

Table 5 presents the MCE and ACE results on base
classes across 10 fine-grained classification benchmarks.
Our method demonstrates consistent improvements across
both metrics for all evaluated prompt learning methods. For
CoOp, our approach reduces the average MCE from 2.40 to
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CoOp[25]

CoOp [25] MCE 0.24 0.31 0.91 2.46 1.72 4.77 3.99 5.68 0.60 3.34 2.40
ACE 0.44 0.62 3.65 4.67 3.65 25.70 8.11 12.01 1.95 6.41 6.72

ZS-Norm [13] MCE 1.40 2.17 2.20 2.76 0.90 4.34 0.82 14.76 11.82 0.87 4.20
ACE 4.32 7.70 11.26 11.12 3.14 13.05 4.26 49.53 36.04 3.36 14.38

Penalty [13] MCE 1.62 1.85 2.13 2.50 1.38 2.23 0.94 4.30 11.34 1.63 2.99
ACE 4.75 6.41 10.01 9.36 5.98 8.61 4.61 21.48 20.86 7.09 9.92

Ours MCE 0.33 1.01 1.87 1.68 0.12 1.21 0.31 0.56 1.67 0.22 0.90
ACE 0.98 2.10 7.55 4.94 0.21 2.40 1.30 2.01 5.12 1.15 2.78

MaPLe [11]

MaPLe [11] MCE 0.51 0.60 1.68 1.29 0.34 0.91 0.19 1.04 0.74 0.56 0.79
ACE 2.14 1.19 6.91 3.21 0.73 2.95 1.17 3.71 2.94 1.49 2.64

ZS-Norm [13] MCE 1.28 1.01 3.79 1.45 2.25 1.95 2.27 2.80 1.24 0.61 1.87
ACE 5.28 3.21 20.73 7.21 11.17 6.98 8.59 12.37 6.91 3.40 8.59

Penalty [13] MCE 1.88 1.85 2.30 3.15 1.11 2.27 1.24 3.69 0.61 1.45 1.96
ACE 5.68 6.29 11.17 11.97 3.71 8.72 6.81 20.23 3.10 7.61 8.53

Ours MCE 0.62 0.34 1.20 0.87 1.47 0.62 1.11 1.50 0.60 0.94 0.93
ACE 1.62 0.80 3.98 2.18 3.66 0.94 4.38 7.55 1.54 1.34 2.80

KGCoOp [22]

KGCoOp [22] MCE 1.14 1.17 2.23 2.75 0.62 1.17 0.97 1.61 3.31 1.25 1.62
ACE 2.56 2.95 10.14 11.95 1.59 2.95 4.91 8.39 11.90 4.59 6.19

ZS-Norm [13] MCE 1.31 1.13 2.28 3.02 0.64 3.12 1.34 3.85 4.06 1.12 2.19
ACE 2.98 3.06 10.58 13.00 1.69 9.59 6.51 20.40 15.58 5.75 8.91

Penalty [13] MCE 1.27 1.40 2.10 3.03 0.81 1.67 1.20 2.87 3.30 1.33 1.90
ACE 4.20 4.61 9.96 12.53 2.44 6.41 5.92 10.66 13.14 6.04 7.59

Ours MCE 0.86 1.05 1.12 2.01 0.55 1.94 0.81 1.12 3.61 0.86 1.39
ACE 1.83 2.83 8.1 11.21 1.42 5.11 4.15 7.21 12.65 3.95 5.85

Table 5. Calibration performance on base classes across 10
fine-grained classification benchmarks. We report Maximum
Calibration Error (MCE) and Adaptive Calibration Error (ACE) for
multiple prompt-tuning strategies and diverse calibration baselines.
Lower MCE and ACE reflects better calibration.
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CoOp[25]

CoOp [25] MCE 2.61 0.64 2.38 5.48 1.44 5.01 4.35 7.06 4.41 6.11 3.95
ACE 3.47 1.67 12.45 18.33 3.84 28.41 13.92 26.88 12.73 19.17 14.09

DAC [21] MCE 1.50 0.66 1.21 2.08 0.49 3.57 1.03 2.24 3.03 1.70 1.76
ACE 2.60 1.70 5.17 10.18 1.75 17.27 4.00 10.51 8.58 8.63 7.04

ZS-Norm [13] MCE 1.46 2.06 0.75 1.08 0.82 2.24 0.55 9.32 11.82 1.14 3.12
ACE 2.59 7.9 3.01 5.93 3.3 9.86 2.27 21.97 37.04 3.91 9.78

Penalty [13] MCE 0.92 2.1 0.68 1.16 1.00 2.46 0.76 0.9 7.54 1.36 1.89
ACE 2.23 7.32 2.69 5.46 4.69 7.44 2.91 4.35 14.94 4.51 5.65

Ours MCE 1.05 1.26 0.55 0.98 0.25 2.9 0.64 1.97 3.9 1.49 1.42
ACE 2.3 2.92 2.02 3.67 0.91 10.47 2.99 9.6 11.24 5.04 4.83

MaPLe [11]

MaPLe [11] MCE 0.55 1.04 0.56 5.02 0.37 1.48 0.65 3.50 1.66 0.66 1.55
ACE 1.26 2.44 2.83 12.67 1.12 7.27 2.49 14.90 7.90 2.81 5.57

DAC [21] MCE 0.39 1.06 0.77 4.42 0.50 2.26 0.40 1.95 2.55 0.66 1.50
ACE 1.19 2.44 2.57 11.28 1.48 8.90 1.37 8.24 9.12 2.32 4.89

ZS-Norm [13] MCE 0.84 1.23 2.13 1.76 1.32 1.92 1.07 1.40 0.91 7.51 2.01
ACE 1.62 4.15 9.46 7.77 3.83 7.85 3.77 6.11 4.84 13.73 6.31

Penalty [13] MCE 0.84 1.72 1.40 1.32 1.11 1.07 0.91 2.73 7.11 1.76 2.00
ACE 1.92 7.60 6.41 4.83 4.05 3.47 4.74 10.46 16.73 8.67 6.89

Ours MCE 0.44 0.52 1.61 1.08 1.70 0.88 2.66 0.55 0.14 0.87 1.05
ACE 0.32 0.95 6.38 3.13 11.27 2.07 8.49 2.48 0.58 4.74 4.04

KGCoOp [22]

KGCoOp [22] MCE 0.53 1.16 0.9 1.06 0.74 1.78 0.39 1.22 3.37 0.69 1.18
ACE 1.22 3.26 3.36 5.45 2.01 5.86 1.83 5.02 8.69 2.59 3.93

DAC [21] MCE 0.62 1.21 0.85 1.37 0.64 3.02 0.42 1.33 1.75 0.77 1.20
ACE 1.56 3.02 3.11 6.61 1.93 11.74 1.82 7.26 6.63 2.70 4.64

ZS-Norm [13] MCE 0.58 1.17 0.94 1.06 0.75 2.97 0.59 1.90 1.52 0.97 1.25
ACE 1.33 3.30 3.86 5.31 2.10 8.39 3.30 5.95 6.51 3.81 4.39

Penalty [13] MCE 0.56 1.43 0.99 1.38 0.87 1.34 0.58 1.68 3.72 1.28 1.38
ACE 1.19 3.51 3.89 5.14 2.64 5.00 3.35 5.63 13.86 4.23 4.84

Ours MCE 0.51 1.21 0.85 0.98 0.68 2.78 0.47 1.97 1.35 0.91 1.17
ACE 1.1 3.43 3.68 4.91 1.92 7.85 2.01 4.11 4.32 3.15 3.65

Table 6. Calibration performance on novel classes across 10
fine-grained classification benchmarks. We report Maximum
Calibration Error (MCE) and Adaptive Calibration Error (ACE) for
multiple prompt-tuning strategies and diverse calibration baselines.
Lower MCE and ACE reflects better calibration.

0.90 and ACE from 6.72 to 2.78, representing substantial
calibration improvements. Similarly, with KGCoOp, we

achieve reductions in MCE from 1.62 to 1.39 and ACE from
6.19 to 5.85. These results are particularly noteworthy as
MCE captures the worst-case calibration error, indicating
that our method not only improves average calibration but
also reduces extreme miscalibration cases.

Table 6 shows the results on novel classes. The improve-
ments are consistent with the base class results, demonstrat-
ing the generalization capability of our calibration approach.
For KGCoOp on novel classes, our method maintains similar
MCE performance (1.18 vs 1.17) while slightly improving
ACE from 3.93 to 3.65. The robustness across different
calibration metrics validates that our approach addresses
fundamental calibration issues rather than optimizing for
specific metrics.

The consistent improvements across ECE, MCE, and
ACE metrics provide strong evidence that our calibration
method effectively reduces both average and worst-case cali-
bration errors, making it suitable for deployment in safety-
critical applications.

4. Medical Image Analysis
Furthermore, we evaluated our proposed solution on four
Med-VLMs: PLIP [8], QuiltNet [9], using three downstream
datasets: KatherColon (Kather) [10], PanNuke [5], and Di-
gestPath [3]. We compared the proposed method with other
calibration methods, such as CE, MbLs, ZS-Norm, and
penalty.

Table 7 shows that the proposed method consistently
yields the lowest ECE values when compared with Vanilla
Cross Entropy Loss(CE). At the same time, our proposed
method gives the lowest reduced Overall Average ECE value
compared to other baselines, yielding 7.09 while maintaining
the stable accuracy.

5. Loss Component Analyses
Fig.1 shows how Lmom loss works directly with LCE on both
Base and Novel classes without Lmargin loss. Lmom reduces
the underconfidence in base classes marginally without any
inter-class logit separation. However, it reduces the overcon-
fidence issue alone(without having margin loss) in Novel
classes by preserving CLIP’s semantic geometry, maintain-
ing relative class structure. As you can see in Fig.2 of the
main paper, when incorporating Lmargin with Lmom, it helps
to reduce the miscalibration issue further more in both Base
and Novel classes by having inter-class separation and main-
taining relative class structure geometry.

6. Hyperparameters Details
For all experiments, we use CLIP (ViT-B/16) [17] as the pre-
trained vision-language model. Prompt-tuning is conducted
in a few-shot setting with 16 samples per class, using a
learning rate of 0.005 and a batch size of 8. For each baseline



Model → PLIP QuiltNet Average

Dataset → Kather PanNuke DigestPath Kather PanNuke DigestPath All
Loss ↓ ACC ↑ ECE ↓ ACC ↑ ECE ↓ ACC ↑ ECE ↓ Acc ↑ ECE ↓ ACC ↑ ECE ↓ ACC ↑ ECE ↓ ACC ↑ ECE ↓

Cross Entropy-based Losses

Cross Entropy LossPL 83.91 5.92 66.70 17.82 82.87 9.50 87.97 2.49 69.82 19.70 81.59 11.27 78.81 11.12
MbLSPL 84.39 3.57 66.70 17.82 82.76 9.53 84.76 3.48 65.54 23.05 82.58 10.90 77.79 11.39
ZS-NormPL 85.63 3.07 71.52 17.22 82.84 7.31 91.91 0.87 69.55 19.18 84.78 6.37 81.04 9.00
PenaltyPL 86.48 3.90 70.49 3.11 69.61 2.40 89.29 12.28 59.88 3.41 79.23 17.53 75.83 7.11

Ours 87.98 1.31 65.72 12.40 84.84 4.71 88.70 1.45 68.31 16.17 83.46 6.49 79.83 7.09

Table 7. Comparison of proposed method (with baseline methods using Cross Entropy (CE). Accuracy (ACC, %) and Expected Calibration
Error (ECE, %) are shown for PLIP and QuiltNet on histopathology datasets (Kather, PanNuke, DigestPath). Best results are in bold,
second-best underlined.
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Figure 1. Lmom loss analyses on both Base and Novel Classes

method, we adopt its official implementation and follow
the recommended hyperparameter settings from the original
papers. All experiments are performed on an NVIDIA RTX

A6000 GPU with 48GB memory.
For our proposed calibration method, we use the follow-

ing hyperparameters across all experiments: λMargin = 1.0



ACC ECE

(α, β) Base Novel Avg Base Novel Avg

(0.1, 0.01) 89.65 82.38 86.02 1.99 5.66 3.83
(0.2, 0.01) 89.72 79.66 84.69 3.46 8.53 5.99
(0.3, 0.01) 89.28 80.72 85.00 4.46 9.50 6.98
(0.1, 0.05) 89.12 79.99 84.56 3.95 6.26 5.10
(0.2, 0.05) 83.39 81.49 82.44 4.10 8.20 6.15
(0.3, 0.05) 89.75 80.52 85.14 2.01 8.01 5.01

Table 8. Hyperparameter search for α (0.1–0.3) and β (0.01 and
0.05), with results averaged across Caltech [4], Food101 [1], and
DTD [2], reported on both base and novel classes.

ACC ECE

λ Base Novel Avg Base Novel Avg

1 89.44 81.51 85.48 3.47 4.54 4.01
3 89.17 82.14 85.65 2.11 3.94 3.03
5 89.71 82.64 86.18 1.80 3.22 2.51
8 89.93 82.44 86.19 2.99 5.24 4.12

10 89.15 82.00 85.58 3.64 5.21 4.43

Table 9. Hyperparameter search for λmom over values 1–10, with
results averaged across Caltech [4], Food101 [1], and DTD [2],
reported on both base and novel classes.

controls the strength of the margin-based regularization,
α = 0.1 balances the average marin, β = 0.01 is the weight
for the variance loss, and λmom = 5.0 controls the local
moment matching regularization. Table8 and 9 show how
we choose these values. These hyperparameters were fixed
across all datasets and prompt learning methods to ensure
fair comparison. We conduct 3 random seeds for each exper-
iment and report the average results.

7. Prompt Templates and Variations
In the main paper, Figure 4b presents our method’s ro-
bustness to different prompt initialization. The follow-
ing prompt templates were evaluated to assess initial-
ization robustness: “a nice image of a {}”, “an
example of a {}”, “a picture of a {}”, and
“a photo of the cool {}”. These templates repre-
sent different stylistic and semantic variations commonly
used in prompt learning literature. This robustness is par-
ticularly valuable in practical deployment scenarios where
optimal prompt initialization may not be known in advance.

8. Variance Analysis
To assess the statistical robustness of our approach, we eval-
uate the variance in performance across 3 random seeds for
both accuracy and calibration metrics. Table 10 presents the
variance results across 9 novel classes of fine-grained classifi-
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CoCoOp[25]

CoCoOp [25] Var. Acc 0.81 0.08 2.65 1.53 4.41 0.01 3.61 0.19 0.69 1.55
Var. ECE 0.36 0.03 3.09 8.82 3.88 0.01 6.25 0.10 0.21 2.53

ZS-Norm [13] Var. Acc 1.02 0.24 4.60 4.62 0.58 0.12 1.29 0.19 0.33 1.44
Var. ECE 1.69 0.12 0.88 6.66 4.45 0.10 1.04 0.23 5.11 2.25

Penalty [13] Var. Acc 0.12 0.09 0.11 0.32 0.59 5.81 2.25 0.09 0.08 1.05
Var. ECE 0.08 0.02 0.20 0.04 0.75 1.00 2.50 0.19 0.02 0.53

Ours Var. Acc 0.05 0.01 7.72 1.21 1.96 0.07 0.01 0.18 0.01 1.25
Var. ECE 0.01 0.03 2.43 0.01 1.46 0.00 0.73 0.21 0.06 0.55

KGCoOp [22]

KGCoOp [22] Var. Acc 0.03 0.00 2.19 1.21 0.58 0.01 0.85 0.15 0.08 0.57
Var. ECE 0.04 0.00 4.00 0.25 0.72 0.00 0.01 0.01 0.17 0.58

ZS-Norm [13] Var. Acc 0.05 0.00 7.29 0.92 0.50 0.01 3.35 0.35 0.00 1.39
Var. ECE 0.04 0.00 2.31 0.07 0.01 0.01 1.80 0.00 0.04 0.48

Penalty [13] Var. Acc 0.01 0.00 1.66 0.16 1.23 0.01 1.04 0.11 0.15 0.49
Var. ECE 0.08 0.06 0.38 0.18 1.19 0.01 2.37 0.07 0.06 0.49

Ours Var. Acc 0.05 0.00 2.31 0.17 0.96 0.02 0.00 0.40 0.04 0.44
Var. ECE 0.02 0.00 0.16 0.74 0.44 0.04 0.02 0.10 0.36 0.21

Table 10. Variance across 3 random seeds for 9 novel classes of
fine-grained classification benchmarks.

cation benchmarks for CoCoOp and KGCoOp methods. Our
approach demonstrates superior stability with consistently
lower variance in both accuracy and ECE compared to base-
line calibration methods. For CoCoOp, our method achieves
significantly lower average variance in accuracy (1.25 vs
1.55) and ECE (0.55 vs 2.53) compared to the vanilla base-
line. Similarly, with KGCoOp, we maintain competitive vari-
ance performance with average accuracy variance of 0.44
compared to the baseline’s 0.57, while substantially reducing
ECE variance from 0.58 to 0.21. The reduced variance in
calibration error is particularly noteworthy as it indicates that
our method provides more consistent and reliable confidence
estimates across different experimental runs, which is crucial
for deployment in safety-critical applications.

9. Results on Different Backbones
To evaluate the adaptability of our method, we conduct exper-
iments on CoOp [25] with different backbones, namely RN-
50 and ViT-B/32. The Tables11 and 12results show that our
approach consistently outperforms existing methods across
both backbones, while also maintaining improvements in
accuracy. In base classes, for RN-50, our method achieves an
average ECE of 3.46 compared to 4.04 for the vanilla base-
line. Similarly, for ViT-B/32, our method attains an ECE of
2.87, outperforming the vanilla baseline at 3.15. For novel
classes, our method achieves the second-lowest average ECE
of 5.46 on RN-50, with ZS-Norm [13] performing slightly
better at 5.23. In contrast, on ViT-B/32, our method achieves
the lowest ECE of 5.82, surpassing all other approaches.

10. Decision Boundary Visualization
Figure 2 shows that the Text Momentum-Matching loss bet-
ter preserves the geometric structure of CLIP’s pretrained
embedding space by aligning the statistical moments of
tuned and frozen text embeddings, compared to ℓ1 align-
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CoOp-RN50[25]

CoOp-RN50 [25] Acc. 95.22 90.5 70.22 95.25 82.54 29.95 76.37 74.85 81.32 80.4 76.99
ECE 1.27 2.32 6.15 4.22 1.15 2.62 2.81 8.65 9.34 1.82 4.04

ZS-Norm [13] Acc. 95.55 90.96 69.89 95.19 82.71 25.89 76.67 74.27 89.57 79.58 78.03
ECE 4.04 5.63 10.52 9.92 3.4 17.28 4.35 37.15 35.76 7.18 13.52

Penalty [13] Acc. 96.31 92.1 68.58 94.65 83.66 26.63 74.57 68.48 47.61 77.9 78.12
ECE 6.21 8.69 11.85 11.34 5.29 6.4 5.68 18.93 22.61 9.95 10.71

Ours Acc. 95.44 91.08 69.90 95.22 82.77 29.01 77.07 75.42 89.79 79.96 78.57
ECE 1.37 2.21 8.65 4.74 0.84 3.32 1.23 5.87 4.12 2.21 3.46

CoOp–ViT-B/32 [25]

CoOp–ViT-B/32 [25] Acc. 97.05 92.71 73.13 95.28 84.93 31.87 79.16 77.55 91.10 82.83 79.88
ECE 1.17 2.45 4.86 4.18 1.06 3.12 2.5 6.15 3.91 2.09 3.15

ZS-Norm [13] Acc. 97.18 92.08 72.86 94.81 85.12 32.19 79.64 76.23 90.09 82.76 80.25
ECE 1.98 7.96 9.70 7.91 6.00 12.97 3.48 38.62 39.31 5.25 13.32

Penalty [13] Acc. 96.73 93.22 73.33 94.75 86.05 29.99 78.95 69.64 53.42 5.94 75.78
ECE 4.88 6.66 10.54 10.05 4.45 4.82 5.42 22.00 22.15 5.94 9.69

Ours Acc. 97.46 93.14 73.78 95.09 85.12 31.83 79.58 79.01 91.09 82.87 80.09
ECE 0.92 1.68 6.77 4.53 0.79 2.91 0.95 4.77 3.52 1.87 2.87

Table 11. Accuracy and calibration performance on base classes
across 10 fine-grained classification benchmarks using RN-50
and ViT-B/32. We report top-1 accuracy (Acc) and Expected
Calibration Error (ECE) for CoOp[25], a prompt-tuning strategy,
evaluated with different backbones.
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CoOp-RN50[25]

CoOp-RN50 [25] Acc. 87.27 92.11 57.84 61.87 82.55 18.72 64.46 41.67 34.15 55.07 11.38
ECE 3.57 2.10 8.08 10.24 0.86 18.75 9.07 25.47 22.18 13.47 11.38

ZS-Norm [13] Acc. 88.39 89.97 57.86 59.93 81.52 20.34 65.77 35.79 40.08 57.37 59.70
ECE 4.30 3.09 2.43 5.99 6.33 4.37 2.64 10.97 9.24 2.98 5.23

Penalty [13] Acc. 88.75 93.38 61.37 83.63 20.22 67.45 45.21 31.57 58.16 3.01 61.05
ECE 3.05 7.94 1.7 4.81 8.24 10.02 2.92 9.96 11.67 3.01 6.33

Ours Acc. 87.52 93.08 59.88 61.47 82.50 21.66 64.94 39.05 42.75 53.94 60.68
ECE 2.82 2.68 3.43 4.13 1.72 5.36 4.53 8.83 10.93 10.16 5.46

CoOp–ViT-B/32 [25]

CoOp–ViT-B/32 [25] Acc. 92.25 94.00 60.04 60.31 85.16 22.12 68.98 47.95 56.47 63.57 64.63
ECE 3.29 2.30 8.53 13.28 1.33 16.75 8.57 19.74 17.18 10.32 10.13

ZS-Norm [13] Acc. 91.56 93.46 59.01 54.09 84.50 21.64 70.14 43.44 52.04 65.98 63.59
ECE 2.62 7.94 4.05 10.94 6.86 5.59 1.34 17.82 14.8 3.13 7.51

Penalty [13] Acc. 92.39 96.12 59.83 53.78 86.58 23.90 70.52 45.45 44.66 61.77 63.560
ECE 4.41 6.93 2.66 7.31 5.23 8.63 2.19 8.77 10.71 4.22 6.11

Ours Acc. 91.41 93.48 61.10 61.65 84.22 23.08 70.59 50.23 56.55 64.02 65.63
ECE 2.23 2.15 4.33 5.92 0.74 9.90 3.72 14.30 9.14 5.80 5.82

Table 12. Accuracy and calibration performance on novel
classes across 10 fine-grained classification benchmarks using
RN-50 and ViT-B/32. We report top-1 accuracy (Acc) and Ex-
pected Calibration Error (ECE) for CoOp[25], a prompt-tuning
strategy, evaluated with different backbones.

Method Total-Time-Per Batch Peak GPU Memory

MaPLe [11] 15.91(seconds) 1.75 GB
Ours 15.83(seconds) 1.75 GB

Table 13. Training Time taken per epoch (in seconds) and peak
GPU memory usage for 16-shot experiment on Flower [15] datasets

ment or Orthogonality-based class-wise dispersion [19] on
novel classes.

11. Computational Analyses

To analyse the computational and memory overhead,
we measured training time and peak GPU memory on
Flower101[15] 16-shot with ViT-B/16, using the original
MaPLe[11] configuration as baseline. Compared to MaPLe,
our method has less training time and the same GPU usage.

Combined T-SNE of Text Features
Frozen CLIP
O-TPT (ECE=17.4%) 
L1 Alignment (ECE=11.71%) 
Text Moment-Matching (ECE=10.07%) 

Figure 2. T-SNE visualization of Text Features

Table 14. Grad-norm ratio stats.

metric median q10 q90

ρmargin 2.65 1.54 5.07
ρmom 16.92 10.50 80.84
ρmom/margin 0.38 0.18 1.30
ρmargin/CE 0.28 0.18 1.42
ρmom/CE 0.17 0.05 0.51

Figure 3. Grad-norm ratios.

12. Regularizer in scale:
In Fig. 3 and Tab. 14, we log gradient-norm ratios to
check optimisation-scale dominance. For the margin regu-
larizer LMargin = Lmean + Lvar with Lmean = −αE[m] and
Lvar = βVar(m), and measure ρmargin = ∥∇θLmean∥

∥∇θLvar∥+ε , which
is bounded (median 2.65; 10–90% [1.54, 5.07]), indicating
comparable contributions of the linear mean and quadratic
variance terms. For moment matching, with Lµ = ∥∆µ∥22
and LΣ = ∥∆Σ∥2F , we log ρmom =

∥∇θ(λmomLµ)∥
∥∇θ(λmomLΣ)∥+ε , which

after a brief transient stabilises and shows no covariance-
term dominance (median 16.92; 10–90% [10.5, 80.84]).
Across regularizers, ρmom/margin = ∥∇θLmom∥

∥∇θLmargin∥+ε stays near
a constant scale (median 0.38; 10–90% [0.18, 1.30]), and
both remain non-trivial yet typically subdominant to CE:
ρmargin/CE =

∥∇θLmargin∥
∥∇θLCE∥+ε and ρmom/CE = ∥∇θLmom∥

∥∇θLCE∥+ε have me-
dians 0.28 and 0.17. Thus, our objective is well-conditioned
despite mixed-order terms. ε = 10−12 only for numerical
stability.
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