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Abstract

Zero-shot vision-language models (VLMs)
such as CLIP demonstrate strong open-
vocabulary recognition capabilities, yet their
prediction confidence scores are often poorly
calibrated. Existing calibration methods often
estimate prediction stability by applying multi-
ple augmentations in input space, introducing
substantial computational overhead and limit-
ing practical deployment. To this end, this pa-
per proposes an embedding-space posterior cal-
ibration approach for zero-shot VLMs, which
shifts the sampling process from the input space
to the embedding space. Our approach de-
fines a Confidence Stability Score that mea-
sures how stable the predicted confidence re-
mains under posterior image-embedding per-
turbations. This score is then converted into
a sample-wise temperature, so that unstable
samples receive stronger confidence smooth-
ing while stable samples remain comparable
to their original predictions. Compared with
the original CLIP baseline, our method reduces
the mean Expected Calibration Error from 5.83
to 2.05, achieving a 64.8% relative reduction.
Meanwhile, our method achieves this improve-
ment with only a minor increase in GFLOPs,
from 8.83 to 8.84.

1 Introduction

Zero-shot vision-language models (VLMs), such
as CLIP (Radford et al., 2021) and SigLIP (Zhai
et al., 2023), have demonstrated strong recognition
capabilities across diverse domains. By aligning
image and text representations in a shared feature
or embedding space, these models can classify im-
ages by comparing an image embedding with a
set of textual class embeddings, without requiring
task-specific supervised training. However, zero-
shot VLMs often suffer from poor confidence cal-
ibration, despite their strong recognition perfor-
mance. The model may assign high confidence to
an incorrect prediction, or produce overconfident
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probabilities (Sharifdeen et al., 2025; Dong et al.,
2025; Yoon et al., 2024). These miscalibration
cases limit the reliability of VLMs in downstream
safety-critical systems, where the confidence score
is often used to decide whether a prediction should
be trusted. Therefore, improving calibration for
zero-shot VLMs is important for reliable deploy-
ment.

Existing calibration methods improve the cal-
ibration of VLMs mainly through post-hoc logit
adjustment (Guo et al., 2017; Baumann et al., 2026)
or test-time augmentation (Farina et al., 2024; Yoon
et al., 2024; Huang et al., 2025; Yan et al., 2025).
For example, test-time augmentation estimates reli-
ability by applying multiple input transformations
and aggregating the resulting predictions, but re-
quires repeated forward passes through the image
encoder. For large-scale VLMs, such repeated im-
age encoding introduces substantial computational
overhead, making input-space stability estimation
inefficient for practical deployment. This motivates
estimating prediction stability after the image en-
coder, rather than repeatedly applying the encoder
to multiple augmented inputs. Intuitively, a reliable
prediction should remain stable under small and
plausible perturbations, regardless of whether these
perturbations are applied in the image space or the
embedding space. We refer to this property as con-
sistency. Motivated by this observation, we mea-
sure consistency directly in the embedding space
after a single image-encoder forward pass, thereby
avoiding the expensive repeated image encoding
required by input-space augmentation.

Since the image encoder is executed only once,
embedding-space perturbation is significantly more
efficient than input-space augmentation. However,
naively adding random noise to the embedding
lacks a clear probabilistic interpretation and may
fail to capture meaningful local variations around
the model prediction. Therefore, a principled ap-
proach is required to construct meaningful pertur-
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bations around a VLM embedding.

In this paper, we propose Embedding-Space Pos-
terior Calibration (EPC), a lightweight calibration
framework for zero-shot VLMs. The key idea of
EPC is to estimate prediction reliability by examin-
ing whether the predicted confidence remains sta-
ble under embedding-space posterior perturbations,
rather than relying on multiple input-space augmen-
tations. Specifically, EPC first reformulates deter-
ministic image embeddings as posterior embedding
distributions, from which posterior embedding sam-
ples are generated around the original embedding.
It then measures the confidence consistency of the
predicted class across these posterior samples and
summarizes this consistency into a Confidence Sta-
bility Score (CSS). Finally, EPC converts CSS into
a sample-wise temperature for adaptive calibration,
such that predictions with unstable confidence are
softened more strongly, while stable predictions
receive weaker smoothing. In this way, EPC uses
embedding-space consistency as a sample-wise cal-
ibration cue, improving probability reliability while
avoiding repeated image-encoder forward passes
and maintaining the zero-shot nature of VLMs.

The main contributions of this paper are summa-
rized as follows:

1. We propose Embedding-Space Posterior Cal-
ibration (EPC), a calibration framework for
zero-shot vision-language models based on
embedding-space posterior sampling.

2. We introduce a Confidence Stability Score
(CSS), which measures confidence consis-
tency across posterior embedding samples and
enables adaptive sample-wise temperature for
calibration.

3. We empirically show that EPC reduces cali-
bration error for zero-shot VLMs while main-
taining zero-shot recognition accuracy with
minimal additional computational cost.

2 Related Work
2.1 Calibration of Vision-Language Models

Confidence calibration aims to align predicted con-
fidence with the true probability of correctness.
Classical post-hoc calibration methods (Guo et al.,
2017), such as temperature scaling, rescale model
logits with a global temperature parameter. Al-
though effective for supervised classifiers, directly
applying these methods to zero-shot VLMs is chal-
lenging because VLMs are often deployed without

labeled validation data from the target task. More-
over, the confidence of CLIP-like models is deter-
mined jointly by visual representations and textual
class embeddings, making calibration more com-
plex than in standard closed-set classifiers. Recent
studies (Baumann et al., 2026; Sharifdeen et al.,
2025; Yoon et al., 2024) have investigated calibra-
tion for CLIP and other VLMs. Some methods
adapt temperature scaling to zero-shot inference,
while others examine calibration under prompt
learning, fine-tuning, or domain adaptation. How-
ever, many existing approaches (Lafon et al., 2025)
either rely on labeled validation data, use a global
calibration parameter, or focus on adapted VLMs.
In contrast, our method performs efficient post-hoc
calibration for zero-shot VLMs by assigning an
adaptive temperature to each test sample based on
its posterior confidence stability.

2.2 Uncertainty Quantification in
Vision-Language Models

Uncertainty quantification (Chun et al., 2025; Bau-
mann et al., 2026; Ju et al., 2025; Chun et al., 2022;
Chun, 2024) aims to estimate when a model pre-
diction should be trusted. For VLMs, this problem
is particularly important because zero-shot predic-
tions are often made under domain shift and with-
out task-specific supervision. Existing studies have
explored probabilistic adapters (Upadhyay et al.,
2023), conformal prediction (Silva-Rodriguez et al.,
2025), Bayesian approximation (Baumann et al.,
2026), and multimodal uncertainty estimation to
quantify predictive uncertainty and identify unreli-
able VLM predictions. More closely related to our
work, Bayesian approaches (Baumann et al., 2026)
approximate posterior distributions over selected
components of CLIP-like models and propagate the
resulting uncertainty to the joint embedding space.
These methods provide a principled way to model
uncertainty over image and text embeddings with-
out retraining the full VLM. Our method builds on
this posterior embedding distribution to measure
the stability of Maximum A Posteriori (MAP) class
confidence across posterior samples in embedding
space.

2.3 Consistency in Calibration

Consistency (Li et al., 2023; Moon et al., 2020;
Huang et al., 2025) is often used for model cali-
bration, which provides a natural indicator of pre-
diction reliability. A reliable prediction should re-
main stable during training or under different test-
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time perturbations. For example, prediction consis-
tency (Li et al., 2023) and correctness (Moon et al.,
2020) during training process are proposed for clas-
sification calibration. For VLMs, this principle has
also been widely used in test-time augmentation
test-time adaptation. Test-time augmentation meth-
ods (Yoon et al., 2024; Yan et al., 2025) often en-
courage prediction consistency across augmented
views of each test image. However, most exist-
ing consistency-based methods estimate stability
in the input space or require test-time optimiza-
tion. They typically rely on multiple augmented
image views, repeated image-encoder inference, or
additional optimization steps at test time, leading
to non-negligible computational overhead. In con-
trast, our method estimates consistency directly in
the embedding space after a single image-encoder
forward pass, enabling efficient consistency estima-
tion for calibration.

3 Method

We propose Embedding-space Posterior Calibra-
tion (EPC), a lightweight post-hoc calibration
framework for zero-shot VLMs. As illustrated in
Fig. 1, this section presents EPC in four stages.
First, we briefly review how zero-shot VLMs, such
as frozen CLIP, produce image and text embed-
dings. Second, we describe how deterministic
VLM embeddings are reformulated as local pos-
terior embedding distributions and how posterior
samples are drawn in the embedding space. Third,
we introduce the Confidence Stability Score (CSS),
which measures the stability of predicted confi-
dence across posterior embedding samples. Finally,
we show how CSS is converted into a sample-wise
temperature for adaptive confidence calibration.

3.1 CLIP Feature Embedding

Given the i*? image xM% € RPIMG and the 5
text description XJTXT € RPTXT we first extract
their modality-specific representations using the
image encoder ¢ : RPIMG — RUMG and the text en-
coder ¢ : RPTXT — RITXT of 3 pretrained vision-
language model, such as CLIP (Radford et al.,
2021). The extracted image and text features are
then mapped into a shared joint embedding space
through linear projection matrices P € R%*dmc
and Q € R¥¥drxr | respectively. Formally, the
projected image and text embeddings are defined
as

g =Po(xM%),  hj=Qux*T), (1)

where g;, h; € R? denote the image and text em-
beddings in the shared joint embedding space, as
illustrated in Fig. 1.

3.2 Embedding-space Posterior Sampling

One core contribution of EPC is embedding-space
posterior sampling. It performs the sampling pro-
cess in the embedding space rather than applying
multiple image augmentations in the input space.
Instead of naively adding random noise to the
embedding, we first reformulate the deterministic
CLIP embedding as a posterior embedding distri-
bution

Posterior Embedding Distribution. Following
previous work, we apply a Laplace approxima-
tion (Scannell et al., 2024; MacKay, 1992) to the
image projection layer of CLIP, namely the last
linear image projection matrix P, while keeping
the image encoder ¢, the text encoder 1), and the
text projection matrix Q fixed. This design models
uncertainty on the image side only, while treating
text embeddings as deterministic class anchors.
Let
z;M¢ = g(xM). )

)

Then, the deterministic image embedding g; =
PzgMG is reformulated as

p(gi | xS, Dra) =N (0!, =), )

where
p! = PyapziMC. 4)

Here, 3¢ denotes the input-dependent image em-
bedding covariance induced by the Laplace poste-
rior over the image projection layer P. The Laplace
approximation is applied only to P, while the im-
age encoder ¢, the text encoder v, and the text
projection matrix Q are kept fixed. Thus, the text
embeddings are treated as deterministic class an-
chors. Dy o denotes the data used to construct the
Laplace posterior and does not contain labels from
the target evaluation benchmarks. Implementation
details of the Laplace posterior and covariance con-
struction are provided in Appendix A.4. Compared
with the original deterministic CLIP embedding,
this posterior formulation allows us to effectively
quantify how sensitive a prediction is to structured
perturbations in the image embedding space.

Posterior Sampling. Given a posterior embed-
ding distribution, we study how to extract a
calibration-specific stability signal from posterior
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Figure 1: Overview of the proposed embedding-space posterior calibration for vision-language models. We
sample posterior image embeddings from a frozen vision-language model and measure the stability of the MAP-class
confidence across perturbations. The resulting Confidence Stability Score (CSS) is converted into a sample-wise

temperature to calibrate the prediction probabilities.

samples. For each image, we draw K embedding
samples from its posterior embedding distribution:

ggk) ~ p(gi \X%MG,DLA), k=1,...,K.

®)
These samples can be viewed as structured poste-
rior perturbations around the original embedding,
rather than arbitrary random perturbations in the
feature space. Compared with arbitrary Gaussian
noise in the feature space, our proposed posterior
sampling is model-aware and produces multiple
embedding variants around the original representa-
tion.

Embedding-space posterior sampling has several
advantages. First, it avoids repeated image-encoder
forward passes required by input-space test-time
augmentation, thereby reducing the computational
cost. Second, posterior embedding samples pro-
vide a natural way to probe whether the model’s
prediction is locally stable: a well-calibrated high-
confidence prediction should remain confident and
consistent under plausible posterior perturbations,
whereas an unreliable prediction is more likely to
exhibit unstable confidence across samples.

3.3 Confidence Stability Score

Based on embedding-space posterior sampling, we
propose the Confidence Stability Score (CSS) to
measure the stability of predicted confidence under
posterior image-embedding perturbations. The key
intuition is that a reliable prediction should remain

stable under plausible samples from the posterior
embedding distribution. In contrast, if the predicted
confidence changes significantly across posterior
samples, the prediction is likely to be uncertain and
poorly calibrated.

For the ¢! text class, we use the determinis-
tic text embedding h, = Qu(x}X7T) as its class
embedding. The logit for the k" posterior image-
embedding sample is computed as

@ =7 (8") B (©)
where 7 is the CLIP logit scale and ~ denotes /5
normalization.

We refer to the class predicted from the posterior
mean image embedding as the MAP-class predic-
tion:

gMAP — arg max 7 (ﬁf)T he. (7

For each posterior image-embedding sample, we
compute the corresponding class probability as

k
(k) eXP(fZ(vc))
pi,c = C (k)N (8)
20/21 eXp(£i7c’)

We define CSS as the standard deviation of the
MAP-class probability across posterior image-
embedding samples:

CSS; = Stdk_, [pEZ)MAP} . 9)
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A larger CSS; indicates that the confidence of
the MAP class is more sensitive to posterior embed-
ding perturbations, suggesting higher uncertainty
in the embedding-space prediction. Conversely, a
smaller CSS; means that the model produces stable
confidence under posterior sampling, indicating a
more reliable prediction.

3.4 Calibration

After obtaining the posterior-sample logits and
the corresponding CSS, we perform sample-wise
temperature calibration. Instead of using a single
global temperature for all test samples, we assign
an adaptive temperature to each sample accord-
ing to its CSS value. This design allows unstable
samples to receive stronger confidence smoothing
while keeping stable samples less affected.

We compute the average posterior-sample logit
for the ¢! class as

K
;o1 (k)
Ei,C_K;Ei,cv ce{l,...,C}, (10)

where C' denotes the number of classes. The result-
ing average logit vector for the i*" image is

Ei = [&',1,&’2,...,&'70]. (11)

Given the CSS signal, we define the adaptive
temperature as

T8 =1+ aCSS;, (12)

where « is a scaling coefficient that controls the
strength of CSS-based sample-wise calibration.
The calibrated probability distribution is then com-
puted as

piCSS = softmax (Tfjss> . (13)

(2
This formulation directly converts posterior confi-
dence instability into an adaptive calibration tem-
perature. When CSS; is large, the sample is con-
sidered less reliable, and a larger temperature is
applied to soften the predicted probability distribu-
tion. When CSS; is small, the temperature remains
close to one, preserving the original prediction con-
fidence.

4 Experiments

4.1 Experiment Setup

Datasets. We conduct zero-shot VLM recognition
and calibration experiments on six benchmarks,

including fine-grained recognition (FLOWERS-
102 (Nilsback and Zisserman, 2008), FOOD-
101 (Bossard et al., 2014)), coarse classification
(CIFAR-10/100 (Krizhevsky and Hinton, 2009)),
distribution shift IMAGENET-R (Hendrycks et al.,
2021)) and video frames (UCF101 (Soomro et al.,
2012)). For active few-shot learning, we conduct
experiments on the OfficeHome (Venkateswara
et al., 2017) dataset, including OH-Art, OH-
ClipArt, and OH-Product, as well as the ImageNet
variant ImageNet-R.

Evaluation Metrics.  Following previous
work (Baumann et al., 2026), we report Expected
Calibration Error (ECE), Negative Log Predictive
Density (NLPD) and Accuracy (ACC) on each
dataset to evaluate the performance. Since the main
goal of our method is model calibration rather than
accuracy improvement, ECE and NLPD are main
metrics while ACC is a tracking metric where we
aim to maintain the performance without any sig-
nificant deterioration. NLPD is a balanced metric
that reflects both predictive accuracy and proba-
bility calibration. The main study uses CLIP-ViT-
B/32 (Radford et al., 2021) for zero-shot VLM clas-
sification experiments, while the cross-backbone
ablation study extends the evaluation to SigL.IP-
Base (Zhai et al., 2023) using the standard zero-
shot prompt template.

4.2 Zero-shot Calibration Performance

We first evaluate whether the proposed method im-
proves the reliability of zero-shot VLM predictions
without decreasing recognition accuracy. The ex-
periment compares our method with CLIP (Rad-
ford et al., 2021), temperature-scaled CLIP (Guo
et al., 2017), TTA (Farina et al., 2024), and
BayesVLM (Baumann et al., 2026) on multiple
zero-shot recognition benchmarks. We report ECE
and NLPD as main metrics while additionally mon-
itoring ACC in Table 1.

As shown in Table 1, our method achieves the
best calibration performance (2.05 in mean ECE
and 0.98 in NLPD) among all compared methods,
while it also achieves the best mean ACC of 75.42
for zero-shot VLM recognition. Compared with
original CLIP method (Radford et al., 2021), our
proposed method increases the mean ACC from
75.15 to 75.42, and decreases the mean NLPD from
1.07 to 0.98 and mean ECE from the 5.83 to 2.05.
Our method reduces the primary metric ECE by
64.8%, which indicates that our method benefits
the calibration performance of the most commonly
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Table 1: Zero-shot VLM calibration and recognition performance on benchmarks. The best result is marked in blue,
and the second-best result is marked in orange. The * denotes tracking metrics where our goal is to maintain the

performance without any significant deterioration.

Metrics Methods FLOWERS-102 Foop-101 CIFAR-10 CIFAR-100 IMAGENET-R UCF101 MEAN
CLIP (Radford et al., 2021) 6.59 3.91 1.45 6.31 5.20 11.52 5.83
CLIP (temp. scaling) (Guo et al., 2017) 5.51 4.74 1.88 3.07 4.80 3.61 3.93
ECE|  TTA (Farina et al., 2024) 9.63 4.18 2.02 5.27 2.88 11.75 5.96
BayesVLM (Baumann et al., 2026) 4.22 1.69 0.72 1.92 1.78 3.57 2.32
Ours 3.12 1.77 0.91 1.69 1.66 3.14 2.05
CLIP (Radford et al., 2021) 1.90 0.70 0.21 0.97 1.07 1.59 1.07
CLIP (temp. scaling) (Guo et al., 2017) 1.67 0.69 0.21 0.94 1.04 1.46 1.00
NLPD| TTA (Farina et al., 2024) 1.86 0.67 0.35 1.26 0.90 1.50 1.09
BayesVLM (Baumann et al., 2026) 1.73 0.68 0.20 0.95 1.03 1.44 1.01
Ours 1.69 0.67 0.20 0.94 0.99 1.44 0.98
CLIP (Radford et al., 2021) 68.99 80.21 93.61 73.76 74.52 59.82 75.15
CLIP (temp. scaling) (Guo et al., 2017) 68.99 80.21 93.61 73.76 74.52 59.82 75.15
ACC?T*  TTA (Farina et al., 2024) 68.87 81.68 88.54 65.64 78.29 63.07 74.51
BayesVLM (Baumann et al., 2026) 68.87 80.43 93.62 73.63 74.45 61.43 75.40
Ours 69.33 80.58 93.54 73.79 74.65 60.61 75.42

Table 2: Ablation on different sampling strategies. Naive Gaussian applies isotropic random noise, while posterior
embedding sampling uses local curvature to construct uncertainty-aware perturbations. We report ECE where a

lower ECE indicates a better calibration.

Strategy Flowers-102 Food-101 CIFAR-10 CIFAR-100 ImageNet-R UCF-101 Mean
Naive Gaussian Sampling 5.04 4.27 1.19 2.34 4.39 2.58 3.30
Posterior Sampling 3.12 L.77 0.91 1.69 1.66 3.14 2.05

used CLIP model. The TTA baseline (Farina et al.,
2024) outperforms our method in zero-shot VLM
recognition on the FOOD-101, IMAGENET-R and
UCF101 datasets, while our method achieves better
recognition performance on the remaining datasets.
These results indicate that TTA can provide recog-
nition gains in certain zero-shot settings, but its
effectiveness varies across datasets. For the cali-
bration, our method improves the NLPD by 10.1%
from 1.09 to 0.98, and the ECE by 65.6% from 5.96
to 2.05. Compared to the recent BayesVLM (Bau-
mann et al., 2026), our method reduces the ECE by
11.6% from 2.32 to 2.05, while still maintaining
the competitive results in the metrics of ACC and
NLPD. Overall, these results support the effective-
ness of posterior confidence stability calibration for
reliable zero-shot VLM recognition.

4.3 Ablation Studies

We conduct ablation studies to better explain the
effectiveness of the proposed embedding-space pos-
terior calibration for zero-shot VLMs.

Naive Gaussian Noise Sampling vs. Posterior
Sampling. We first compare posterior sampling
with naive Gaussian noise sampling. As shown
in Table 2, posterior sampling outperforms naive
Gaussian feature noise on five out of six datasets,

reducing the mean ECE from 3.30 to 2.05. Specifi-
cally, ECE is reduced from 5.04 to 3.12 on Flowers-
102, from 4.27 to 1.77 on Food-101, and from 4.39
to 1.66 on ImageNet-R. These results show that
posterior embedding sampling provides substan-
tial improvements on fine-grained recognition and
distribution-shift benchmarks. We attribute this
improvement to the fact that naive Gaussian noise
treats all feature directions as equally uncertain,
which may introduce perturbations that are not
aligned with the model’s local predictive uncer-
tainty.

Table 3: Ablation on the number of posterior samples. A
small value of K is preferred for efficient deployment.

Samples K ECE| NLPD |
K =32 2.06 0.9983
K =64 2.05 0.9983
K =128 2.05 0.9980
K =256 2.07 0.9981

Effect of the Number of Posterior Samples. Ta-
ble 3 reports the calibration performance under
different numbers of posterior samples. As shown
in Table 3, our method achieves strong calibration
performance across all tested values of K. When
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using K = 128 posterior samples, our method ob-
tains a mean ECE of 2.05 and the mean NLPD of
0.9980 across six datasets. This result indicates
that ' = 128 provides the strongest overall per-
formance among the evaluated settings. The ex-
periment results also show that the performance is
not very sensitive to the exact choice of K. Across
K = 32,64, 128, and 256, the ECE remains within
a small range from 2.05 to 2.07, while NLPD score
also vary only marginally. Our proposed method
maintains stable calibration performance over a
wide range of K, which supports the robustness of
the proposed posterior feature consistency signal.

Effect of Different Sampling Consistency Sig-
nals. We also compare CSS with three alterna-
tive signals: LFR, Dual, and Variance. Detailed
definitions are provided in Appendix.

Table 4: Ablation on different sampling consistency
signals.

Consistency Signals ECE | NLPD |

LFR 2.47 1.001
CSS 2.05 0.998
Dual 13.95 1.705
Variance 40.76 1.589

As shown in Table 4, the proposed CSS signal
achieves the best performance across all calibration
metrics. Compared with LFR, CSS reduces the
mean ECE from 2.47 to 2.05, and improves mean
NLPD from 1.001 to 0.998 across six datasets.
This indicates that CSS provides a more effective
estimate of posterior predictive stability for sample-
wise calibration. Unlike LFR, which only captures
limited aspects of sampling behavior, CSS directly
reflects the confidence stability of posterior predic-
tions and is therefore better aligned with calibration
quality. Among all evaluated alternatives, CSS is
the only signal that consistently achieves the best
ECE and NLPD score. Overall, this ablation indi-
cates that the design of the sampling consistency
signal is critical for effective posterior feature cali-
bration.

Disentangling Overall Smoothing from Sample-
wise Alignment. We further disentangle two ef-
fects of CSS-based calibration: (i) whether poste-
rior sampling provides a useful overall smoothing
scale, and (ii) whether the posterior-derived uncer-
tainty is correctly aligned with each individual test

sample, to better understand where the calibration
improvement comes from.

‘We consider two controls. For Permuted CSS,
we randomly permute the CSS values across test
samples and use

TP™ =1+ aCSS, ), (14)

where 7 denotes a random permutation. This pre-
serves the empirical distribution of sample-wise
temperatures, including its mean, variance, and
range, while destroying the correspondence be-
tween each sample and its posterior-derived CSS.
We report the mean and standard deviation over 20
independent permutations.

For Constant Temperature, we retain only the
average posterior-derived smoothing strength:

N
. 1
Teonst _ l—l—ozNZCSSi. (15)

=1

This removes both sample-wise variation and
sample-wise alignment. We use a = 1 for all
variants and otherwise keep the inference and ECE
computation identical.

As shown in Table 5, both Permuted CSS and
Constant T' substantially improve the mean ECE
compared with standard temperature scaling, reach-
ing 2.14 and 2.18, respectively. This indicates
that posterior-derived variation primarily provides
a useful overall smoothing scale. Preserving the
correct sample-wise CSS correspondence further
reduces the mean ECE to 2.05, corresponding to
a smaller additional benefit over the permuted and
constant controls. Importantly, this advantage is not
uniform across individual datasets: the permuted
control can outperform the aligned CSS tempera-
ture on some benchmarks. Therefore, our results
do not attribute the full calibration gain to sample-
wise posterior alignment. Rather, the main effect
arises from efficient posterior-derived smoothing,
while sample-wise alignment provides a smaller
additional improvement on average.

Effect of Weights of CSS-based Sample-wise
Calibration. Table 6 studies the effect of the
CSS calibration weight a.. The coefficient a con-
trols the strength of the temperature induced by the
CSS score. Increasing o from 0.1 to 1.0 reduces
mean ECE from 3.06 to 2.05 across six datasets.
However, further increasing « leads to worse ECE,
suggesting that excessive smoothing can make the
predicted confidence under-aligned with empirical
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Table 5: ECE comparison for disentangling the effect of overall posterior-derived smoothing from sample-wise CSS

alignment.
Dataset Temp. Scaling  CSS (Ours) Permuted CSS  Constant 7'
CIFAR-10 1.88 0.91 0.85 £ 0.03 0.87
CIFAR-100 3.07 1.69 2.124+0.07 2.00
Flowers-102 5.51 3.12 3.55+£0.13 3.91
Food-101 4.74 1.77 1.10 £ 0.07 1.11
ImageNet-R 4.80 1.66 1.22£0.16 1.32
UCF101 3.61 3.14 4.03 +0.17 3.87
Mean 3.93 2.05 2.14 2.18

Table 6: Ablation on different weights of CSS-based
calibration.

Weight o of CSS ECE| NLPD |

a=0.1 3.06 1.023
a=0.5 2.29 1.009
a=1 2.05 0.998
a=15 2.68 0.993
a=2 3.66 0.992

Table 7: Cross-backbone evaluation using SigL.IP on
three zero-shot benchmarks.

Dataset Method ACCT NLPD| ECE]
SigLIP 82.31 0.88 4.31

. SigLIP (temp. scaling)  82.31 0.84 6.28
Flowers-102 g esvLM 8244  0.86 487
Ours 82.49 0.79 3.63

SigLIP 88.81 0.38 1.66

SigLIP (temp. scaling)  88.81 0.40 5.54

Food-101 B eovIM 8884 039 349
Ours 88.95 0.36 2.17

SigLIP 59.61 1.90 12.72

SigLIP (temp. scaling)  59.61 1.77 6.69

UCF101 BayesVLM 59.69 1.82 9.60
Ours 59.82 1.68 6.15

accuracy. Although oo = 2.0 achieves the lowest
NLPD, it substantially increases ECE. In our study,
we adopt o = 1.0 as the default setting.

Effect of Different Backbones. Table 7 extends
the cross-backbone evaluation to Flowers-102,
Food-101, and UCF101. On Flowers-102 and
UCF101, EPC substantially improves ECE and
NLPD while maintaining or slightly improving ac-
curacy. On Food-101, EPC achieves the best ACC
and NLPD, but the uncalibrated SigLLIP baseline
retains the lowest ECE (1.66 versus 2.17 for EPC).
Therefore, the results provide evidence that EPC
transfers beyond CLIP, while also showing that its
ECE improvement is not universal across datasets.

4.4 Application in Downstream Tasks

To further evaluate whether the proposed method
can identify informative samples, we conduct ac-
tive learning experiments in a cross-domain adap-
tation setting. Given an unlabeled target domain
and a limited annotation budget, the goal is to se-

lect a small support set from the candidate pool for
fine-tuning the zero-shot vision-language model.
We compare our CSS-based selection strategies
with logit-based uncertainty baselines, including
BALD (Houlsby et al., 2011) and EPIG (Bick-
ford Smith et al., 2023), and with targeted random
selection. Specifically, we combine the proposed
CSS with standard uncertainty, BALD, and EPIG,
denoted as CSS+std, CSS+BALD, and CSS+EPIG, re-
spectively.

As shown in Fig. 2, CSS-based selection im-
proves fine-tuning performance across different
subset sizes and target domains. In terms of
weighted accuracy, CSS+EPIG and CSS+BALD gen-
erally outperform targeted random selection and
achieve competitive or better results than their
logit-based counterparts. The gains are particu-
larly clear on OH-ClipArt, OH-Product, and IN-R,
where CSS-guided sample selection yields higher
weighted accuracy as the support set size increases.
On OH-Art, CSS-based methods also remain com-
petitive, with CSS+std achieving the best weighted
accuracy when the subset size is 75. Across all eval-
uated domains, CSS-based methods lead to lower
NLPD than targeted random selection. In particu-
lar, CSS+EPIG achieves the lowest or near-lowest
NLPD on OH-Art, OH-ClipArt, and IN-R, sug-
gesting that samples selected using the proposed
consistency signal help the model become less
overconfident after fine-tuning. On OH-Product,
both CSS+BALD and CSS+EPIG obtain clearly lower
NLPD than random selection and remain competi-
tive with logit-based EPIG.

4.5 Computation Costs

In addition, we report the inference costs in
GFLOPs in Table 8. Our method with posterior em-
bedding samples (K = 128) introduces marginal
overhead: the cost increases from 8.83 to 8.84
GFLOPs for CLIP-Base and from 47.00 to 47.02
GFLOPs for SigLIP-Base, where the input-space
TTA requires 687.78 and 3652.05 GFLOPs.
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Figure 2: We evaluate active data selection under a limited support-set budget on OH-Art, OH-ClipArt, OH-Product,
and IN-R. The first row reports weighted accuracy, where higher values are better, and the second row reports NLPD,
where lower values are better. Compared with targeted random selection and logit-based uncertainty baselines,
CSS-guided strategies generally achieve stronger fine-tuning performance.

Table 8: Comparison of computational cost across dif-
ferent model scales.

Model Vanilla TTA (Farina et al., 2024) Ours
CLIP-Base 8.83 687.78 8.84
SigLIP-Base  47.00 3652.05 47.02

5 Conclusion

In this paper, we presented EPC, an efficient cal-
ibration method for zero-shot VLMs. EPC shifts
the sampling process from the input space to the
embedding space, avoiding the repeated image-
encoder forward passes required by input-space
test-time augmentation. By estimating confidence
stability from posterior embedding samples, EPC
adaptively softens uncertain predictions while pre-
serving stable ones. Experimental results show that
EPC improves calibration performance with only
marginal computational overhead. These results
suggest that embedding-space posterior sampling
provides a practical and effective way toward reli-
able zero-shot vision-language calibration.

Limitations

Approximation and OOD Scope. EPC relies
on a local Laplace approximation over the image
projection layer. This approximation should not
be interpreted as an exact model of all sources of
predictive uncertainty. It may become misleading
when a test input lies far outside the representa-
tion regime covered by the source data, when the
true parameter posterior is strongly non-Gaussian

or multimodal, or when uncertainty is dominated
by earlier encoder layers. In these cases, the local
posterior may remain narrow even for an incorrect
prediction, causing EPC to underestimate uncer-
tainty. Although ImageNet-R provides evaluation
under a non-trivial shared-label distribution shift,
our experiments do not cover semantic or open-
set OOD inputs unrelated to the candidate class
prompts.

Text-side Uncertainty. The current EPC formu-
lation models uncertainty only on the image side
and treats text embeddings as deterministic class an-
chors. This is a deliberate scope choice that keeps
CSS interpretable as a sample-specific image-side
reliability signal, but it does not capture prompt
sensitivity, semantic ambiguity, or uncertainty in
the textual class anchors. EPC can be combined
with prompt ensembling by first aggregating multi-
ple prompt embeddings into each class anchor, but
explicit joint image—text uncertainty modeling is
left for future work.
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A Appendix

Given an input image x, we draw K posterior fea-
ture samples {z*)}/ | from the perturbed image
projection layer. Each sampled feature is first nor-
malized and then compared with the normalized
text embeddings. Let t. denote the text embedding
of class c. The sampled logits are computed as

(k) t
ng) x)=s" Zi, ° , (16)
) <Hz<k>||2 AR

where s is the CLIP logit scale. The corresponding
sampled predictive distribution is

p¥)(z) = softmax (K(k) (x)) . (17)

For the MAP image embedding z(¥), we simi-
larly compute

(0) t
(Oz)y=s-( 2 2\ (18)
) <Hz<°)H2 AR

and define the MAP prediction as

79 = arg max ¢ (z). (19)

A.1 Label Flip Rate.

LFR measures how frequently the posterior sam-
ples change the top-1 prediction compared with the
MAP prediction:

K
sprr (@) = %Z 1 {y(k) # @(0)] 7 (20)
k=1

where

g% = arg max ¢%) (z). (21)

A larger LFR indicates stronger label-level instabil-
ity under posterior perturbations.
A.2 Monte Carlo Logit Variance.

Variance measures the Monte Carlo variance of
sampled logits on the MAP top-1 class. Let

_ 1 K
o) = £ 3 (@)

k=1

(22)

be the mean sampled logit for class c. The class-
wise unbiased Monte Carlo variance is

we) = 3 (89— 1)

K-1
k=1

(23)

o

The top-1 logit variance used as the calibration
signal is

Svar(T) = Vg0 (). (24)

Unlike CSS, which measures probability-level con-
fidence stability, this signal operates directly in the
logit space.

A.3 Dual Signal.

Dual is a zero-label fusion score that combines
multiple sampling-based instability signals. Given
LFR, CSS, and the variance signal sy, (), we first
standardize each signal over the evaluation set. For
a generic signal s(z), its standardized form is

<y s(@) = ps
s(z) = e

; (25)

where us and os denote the mean and standard
deviation of s(x) over all samples, and € is a small
constant for numerical stability.
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Table 9: ECE under different CSS-to-temperature mappings.

Mapping CIFAR-10 CIFAR-100 Flowers-102  Food-101 = ImageNet-R  UCF101 Mean
Quadratic (a = 1,b=1) 0.99 1.83 3.18 222 2.07 2.94 2.21
Quadratic (a = 0.5,b = 0.5) 0.88 2.33 3.18 0.75 1.24 4.94 222
Exponential (a = 0.75) 0.86 1.86 2.99 1.19 0.97 4.02 1.98
Exponential (a = 1) 0.94 1.79 2.99 2.01 1.93 2.72 2.06
Sigmoid (a =1,b=1) 0.91 2.54 3.13 0.59 1.14 5.35 2.28
Sigmoid (a = 0.5,b=1) 0.98 3.32 3.28 0.55 1.94 6.46 2.75
Linear (a = 1) 0.91 1.69 3.12 1.77 1.66 3.14 2.05

The Dual score is then defined as a weighted
sum:

Spual () =ALFRSLFR(2) + Acssscoss (@)

26
+ )\Varg\/ar («T) ( )

In our implementation, unless otherwise specified,
we use equal weights:

ALFR = Acss = Avar = 1. (27
This signal is designed to aggregate label-level in-
stability, confidence-level instability, and posterior

logit dispersion without using any ground-truth la-
bels.

A.4 Laplace Posterior Implementation

We apply a last-layer Laplace approximation to the
image projection matrix P, while keeping the im-
age encoder ¢, text encoder ¢/, and text projection
matrix () fixed. We use the precomputed curva-
ture factors released by BayesVLM, following its
Hessian-estimation protocol.

The curvature estimation uses up to 327,680
image—text pairs sampled from 60 LAION-400M
WebDataset shards. These samples come from
the heterogeneous web-scale image—caption dis-
tribution of LAION-400M and are independent of
the downstream evaluation benchmarks. Although
BayesVLM estimates curvature factors for both
image and text projection layers, EPC uses only
the image-side curvature factors and the associated
optimized prior precision.

Given the posterior covariance of the image pro-
jection parameters, the input-dependent embedding
covariance ¢ is obtained by propagating the image
feature Z%MG through the linear projection poste-
rior. The resulting posterior is constructed once per
backbone and reused for all downstream datasets.

Importantly, no target-domain images, down-
stream labels, or target-domain validation data are
used to construct the posterior or to select the EPC
hyperparameters.

A.5 Alternative CSS-to-Temperature
Mappings

We further evaluate whether EPC depends critically

on the linear CSS-to-temperature mapping. Let

s = CSS;. We compare the following monotonic

mappings:

Tiinear(s) = 1 + as, (28)
Tquad(s) =1+ as + bs?, (29)
Tsigmoid(s) = 1+ a(20(bs) — 1),  (30)
Texp(s) = exp(as). (31)

All mappings satisfy 7'(0) = 1 under the evaluated
parameterizations.

The exponential mapping with a = 0.75 obtains
the lowest mean ECE of 1.98, while the default
linear mapping remains competitive at 2.05. These
results indicate that EPC is not tied to a particu-
lar functional form. We retain the linear mapping
because of its simplicity, single-parameter formula-
tion, and ease of deployment, rather than because
it is theoretically optimal.
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