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We provide additional results and analyses to comple-
ment the findings in the main paper. We first report the
classification accuracy of different methods under various
backbones. We then present supplementary results on PCA-
based feature projection to further demonstrate its effect on
alleviating ill-conditioned covariance matrices. Finally, we
show additional qualitative visualizations of our uncertainty
estimates on ImageNet to illustrate the effectiveness of our
approach.

A. Accuracy of different methods

Table 1, 2 and 3 show the accuracy of different methods
under different backbones.

Table 1. Accuracy of different methods (CLIP ViT-B/32)

Method ImageNet Flowers102 Food101 EuroSAT DTD
MaxCosine 62.02 63.83 81.22 35.99 42.85

MaxSoftmax 62.02 63.83 81.22 35.99 42.85
Entropy 62.02 63.83 81.22 35.99 42.85

TempScaling [9] 62.02 63.83 81.22 35.99 42.85
ProbVLM [10] 61.78 59.29 81.25 35.88 41.84
PCME++ [2] 77.61 82.05 89.05 98.75 75.65

BayesVLM [1] 61.30 64.90 80.61 30.68 30.44
Ours 62.02 63.83 81.22 35.99 42.85

Table 2. Accuracy of different methods (CLIP ViT-B/16)

Method ImageNet Flowers102 Food101 EuroSAT DTD
MaxCosine 66.73 67.69 88.65 42.17 44.33

MaxSoftmax 66.73 67.69 88.65 42.17 44.33
Entropy 66.73 67.69 88.65 42.17 44.33

TempScaling [9] 66.74 67.64 88.65 42.17 44.33
Zero [7] 71.19 68.24 88.36 42.30 45.80

ProLIP++ [3] 73.70 78.84 90.94 44.93 63.36
TrustVLM [6] 65.04 99.01 86.88 81.06 72.28

Ours 66.73 67.69 88.65 42.17 44.33

Table 3. Accuracy of different methods (SigLIP ViT-B/16)

Method ImageNet Flowers102 Food101 EuroSAT DTD
MaxCosine 75.67 83.77 89.63 41.35 62.88

MaxSoftmax 75.67 83.77 89.63 41.35 62.88
Entropy 75.67 83.77 89.63 41.35 62.88

TempScaling [9] 75.67 83.77 89.63 41.33 62.94
Zero [7] 77.71 82.35 88.73 29.00 64.01

BayesVLM [1] 75.68 81.77 89.58 41.30 48.58
TrustVLM [6] 68.68 99.07 88.20 80.62 71.99

Ours 75.67 83.77 89.63 41.35 62.88

B. Additional Results on PCA-based Feature
Projection

To complement the results presented in Sec. 4.3, we fur-
ther report the log condition numbers of class-wise covari-
ance matrices for Flowers102 [8] and DTD [4] datasets. As
shown in Fig. 1, applying PCA consistently reduces the con-
dition number, indicating that feature projection mitigates
ill-conditioning across datasets of different scales and do-
mains.

Figure 1. Log condition numbers of class-wise covariance matri-
ces before and after PCA on Flowers102 and DTD. PCA reduces
the condition number, indicating our probabilstic embeddings ef-
fectively alleviate the ill-conditioned covariance matrices.

C. Additional Quantitative Examples
Figure 2 shows additional quantitative examples on Ima-
geNet [5].
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Figure 2. Visualization of our uncertainty on ImageNet [5]. Green means examples where are uncertainty has correctly distinguished
between correct and error, and red means when our uncertainty failed to distinguish them. The threshold of uncertainty is 0.5.
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