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ABSTRACT

Vision-language models such as CLIP achieve strong
zero-shot classification, yet under distribution shift, visual
embeddings drift from fixed text embeddings. Training-free
calibration avoids the per-sample optimization of prompt
learning, but prior feature calibration gives each image the
full bias of one hard cluster. We propose Domain Recentering
with Confidence Calibration (DRC), a training-free method
adapting CLIP from a set of unlabeled target images. DRC
fits a Gaussian mixture once and subtracts from each em-
bedding a posterior-weighted average of component means.
It then removes residual class preference with a log-prior
correction, estimating the prior from confidence-weighted
predictions. Among compared methods, DRC achieves the
highest average accuracy on cross-domain datasets, exceed-
ing zero-shot CLIP by 4.13 and 5.07 points with ViT-B/16
and ResNet-50, with gains over CLIP also holding under
ImageNet distribution shifts.

Index Terms— Vision-language models, domain recen-
tering, confidence-weighted calibration

1. INTRODUCTION

Vision-language models have emerged as powerful founda-
tion models for visual recognition. CLIP [1] learns a multi-
modal embedding space for images and text from natural lan-
guage supervision at scale, enabling zero-shot classification
by aligning an image’s embedding with the text embeddings
of class descriptions. However, when target images differ
from the pretraining distribution, their visual embeddings can
become misaligned with the fixed text embeddings, degrading
classification accuracy.

Recent works have adapted CLIP under distribution shift
along two broad directions. One line performs prompt learn-
ing with few-shot labeled data [2, 3] or test-time entropy min-
imization [4, 5], requiring labels or per-image backpropaga-
tion. Another line calibrates features without training, using
unlabeled target data. UMFC [6] corrects visual encoder bias
by subtracting from each feature the mean of its hard-assigned
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cluster. However, a feature near a cluster boundary then re-
ceives one cluster’s full mean, so a small change in the feature
can flip its correction. Correcting the image features alone
also leaves the text classifier unchanged, so any preference it
holds for certain classes persists.

We propose Domain Recentering with Confidence Cali-
bration (DRC), which models the structure of unlabeled CLIP
visual features using a Gaussian mixture model. Rather than
assigning each image to a single cluster, DRC uses mixture-
component posterior probabilities to construct a soft, image-
specific bias vector as a weighted combination of component
means, so the correction changes continuously as the feature
moves between components. This vector is subtracted from
the image feature to suppress domain-related variation while
preserving class-discriminative content. DRC further cor-
rects residual class preferences through confidence-weighted
prior calibration, without any backpropagation or parame-
ter updates. Among the compared methods, DRC achieves
the highest average accuracy on ten cross-domain datasets
with both ResNet-50 and ViT-B/16, and it also improves
the average accuracy of zero-shot CLIP over four ImageNet
distribution shifts.

2. RELATED WORK

Prompt learning adapts CLIP [1] to downstream data by tun-
ing its textual prompts. CoOp [2] and CoCoOp [3] learn these
prompts from labeled few-shot data. Test-time adaptation in-
stead uses unlabeled test samples to improve robustness under
distribution shifts. TPT [4] optimizes prompts for each test
sample, and DiffTPT [5] extends TPT with diffusion-based
augmentation. Both repeat backpropagation for every test
sample, which makes inference costly and motivates training-
free adaptation that leaves the pretrained model unchanged.

Training-free methods instead correct the systematic bi-
ases that zero-shot vision-language models exhibit in repre-
sentations and predictions [6, 7]. UMFC [6] subtracts each
hard-assigned cluster’s mean, giving all images within a clus-
ter the same correction. Label-free logit adjustment [8] offsets
label bias in predictions. Our method instead assigns each im-
age its own bias by weighting Gaussian mixture component
means with the image’s soft assignment. It then estimates the
class prior from the recentered predictions with confidence
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weighting, so that the prior targets the bias left after feature
correction.

3. METHOD

3.1. Background

CLIP. CLIP [1] maps images and text into a shared embed-
ding space via a visual encoder Ev and a text encoder Et. For
zero-shot classification, each class name yc is inserted into
prompt templates and encoded by Et, and the averaged em-
bedding serves as the classifier weight tc. Given an image
xi, its visual feature vi = Ev(xi) is compared to each tc via
scaled cosine similarity

ℓic = exp(τ)

(
vi

∥vi∥2

)⊤
tc

∥tc∥2
, (1)

where exp(τ) is the learned logit scale of CLIP, clipped at
100. CLIP predicts the class with the highest logit ℓic, and
under domain shift, vi can become misaligned with the fixed
tc.

Problem Setting. We adapt a frozen CLIP model to a target
domain whose images may differ from the pretraining distri-
bution. An unlabeled adaptation set Du = {xi}Ni=1 of target-
domain images is given. DRC estimates its statistics once
from Du without any target labels and then classifies each
test image with these fixed statistics. The visual encoder Ev ,
the text encoder Et, and the classifier weights tc remain un-
changed throughout. Figure 1 illustrates the DRC pipeline,
which recenters each image feature with a Gaussian mixture
fitted on Du and then calibrates the logits with a confidence-
weighted class prior.

3.2. Domain Recentering

DRC models the features of Du with a Gaussian mixture and
estimates the bias of each image from all mixture compo-
nents, weighting each component by how strongly the image
belongs to it.

Each image, whether in Du or at test time, is represented
by averaging its ℓ2-normalized feature with that of its hori-
zontal flip, followed by re-normalization

fi = norm
(
norm(Ev(xi)) + norm(Ev(Flip(xi)))

)
. (2)

With the mean µ = 1
N

∑N
i=1 fi over Du, the centered fea-

tures are projected via PCA onto min(16, D,N) dimensions,
where D is the CLIP embedding dimension, so that the mix-
ture is fitted on the dominant directions of variation

zi = P(fi − µ). (3)

A diagonal-covariance GMM with K components,

p(z) =

K∑
k=1

πkN (z;νk,Σk), (4)

Fig. 1. Overview of DRC. DRC recenters CLIP image fea-
tures with a GMM-based soft bias correction and calibrates
the resulting logits with a confidence-weighted class prior.

is fitted to {zi}, where πk, νk, and Σk denote the mix-
ture weight, mean, and diagonal covariance of component k.
Unlike hard clustering such as K-means, the GMM assigns
each feature softly to the K components through its posterior
qi,k = p(k | zi).

Each component mean is computed in the original embed-
ding space from the features whose most probable component
is k, Ik = {i | k = argmaxj qi,j}, so that it summarizes the
features belonging mainly to that component

mk =
1

|Ik|
∑
i∈Ik

fi. (5)

For an input feature f , DRC estimates its bias by weighting
these means with the posterior

b(f) =

K∑
k=1

qk(f)mk, qk(f) = p
(
k | P(f − µ)

)
. (6)

Since qk(f) varies continuously with f , the bias changes grad-
ually as a feature moves between components, whereas a hard
assignment would switch it abruptly at component bound-
aries.

The recentered feature is obtained by subtracting this bias
and re-normalizing

f̂ =
f − β b(f)

∥f − β b(f)∥2
, (7)

where β controls the strength of recentering.



3.3. Confidence-Weighted Prior Calibration

Recentering acts only on the image features and leaves the
classifier weights tc unchanged, so the class preference of the
zero-shot classifier [8, 7] can persist in the recentered predic-
tions. DRC estimates this preference from predictions on Du

and removes it with a log-prior adjustment, weighting each
prediction by its confidence.

For each xi ∈ Du, let ℓ̂ic be the logit from the recentered
feature. The class probability is then

pi(c) =
exp(ℓ̂ic)∑
c′ exp(ℓ̂ic′)

. (8)

Since an uncertain prediction provides weak evidence of
class preference, each prediction is weighted by one minus its
normalized entropy

Hi = −
∑
c

pi(c) log pi(c), wi = 1− Hi

logC
, (9)

where C is the number of classes, so that near-uniform predic-
tions receive weights close to zero. The confidence-weighted
class prior is

πConf
c =

∑N
i=1 wi pi(c)∑N

i=1 wi

. (10)

The computed distribution summarizes the class preference
reflected in reliable predictions on the adaptation set. A large
πConf
c indicates that class c receives a relatively large amount

of prediction mass, while a small value denotes that the class
is less frequently preferred by the model. Confidence weight-
ing reduces the influence of uncertain predictions that could
otherwise distort this estimate.

The log-prior correction and its zero-centered form are

rc = − log(πConf
c + ϵ), r̃c = rc −

1

C

C∑
c′=1

rc′ , (11)

where ϵ is a small constant for numerical stability. A test im-
age with recentered feature f̂ is classified with the calibrated
logits

ℓ′c = ℓ̂c + r̃c, ℓ̂c = exp(τ) f̂⊤
tc

∥tc∥2
. (12)

This adjustment lowers the logits of classes that receive exces-
sive prediction mass on Du and raises those of less preferred
classes.

4. EXPERIMENTS

4.1. Experimental Setup

Datasets. We evaluate DRC on the cross-domain bench-
mark and the out-of-distribution (OOD) benchmark. For

cross-domain evaluation, we use the same ten datasets as
TPT [4], which are Aircraft, Caltech101, Cars, DTD, Eu-
roSAT, Flower102, Food101, Pets, SUN397, and UCF101.
The OOD benchmark measures robustness to distribution
shifts with four variants of ImageNet [9], ImageNet-A [10],
ImageNet-V2 [11], ImageNet-R [12] and ImageNet-Sketch
[13].

Implementation details. Text embeddings obtained from
dataset-specific prompt templates are averaged into a sin-
gle vector for each class, and image features are extracted
from each image and its horizontal flip. DRC uses PCA
and a diagonal-covariance GMM (ninit = 5, seed 42). The
adaptation set Du is the validation split of each cross-domain
dataset and the unlabeled evaluation images for ImageNet and
its variants. K and β are selected by accuracy on the valida-
tion split of each cross-domain dataset, and on the ImageNet
validation set for the OOD benchmark, with the ImageNet
values reused for all four variants.

4.2. Comparison with State-of-the-Art

Cross-Domain Benchmark. Table 1 evaluates DRC across
ten datasets with disjoint class spaces. DRC achieves the
highest average accuracy with both CLIP-ViT-B/16 and
CLIP-ResNet-50, reaching 68.72% and 61.70%, respectively.
These results improve over zero-shot CLIP by 4.13 and 5.07
points, and DRC ranks first on 7 and 6 of the 10 datasets,
respectively. On EuroSAT, DRC improves over the best com-
peting method by 10.75 and 3.80 points, and on UCF101, the
gains are 3.52 and 2.33 points, respectively.

OOD Benchmark. Table 2 further evaluates DRC on the
OOD benchmark. With CLIP-ViT-B/16, DRC achieves the
highest Average and OOD Average of 62.79% and 60.94%.
With CLIP-ResNet-50, DRC achieves 48.53% and 45.14%,
improving over zero-shot CLIP by 2.10 and 2.05 points,
respectively. The gains are particularly pronounced under
strong appearance shifts. DRC achieves the highest accuracy
on ImageNet-R/S for both backbones (61.39%/39.94% for
CLIP-ResNet-50, 78.14%/52.09% for CLIP-ViT-B/16).

4.3. Ablation Study

We perform ablation studies on the cross-domain benchmark
with CLIP-ViT-B/16 to examine the effectiveness of domain
recentering and confidence-weighted prior calibration.

As shown in Table 3, both components improve over the
CLIP baseline. Soft recentering outperforms hard recentering
both without and with prior calibration. Confidence-weighted
prior calibration provides the largest gain, increasing the aver-
age accuracy to 68.35%. Combining both components yields
the best result, with DRC achieving an average accuracy of
68.72%.



Method Aircraft Caltech101 Cars DTD EuroSAT Flower102 Food101 Pets SUN397 UCF101 Average

CLIP-ResNet-50 16.11 87.26 55.89 40.37 25.79 62.77 74.82 82.97 60.85 59.48 56.63

CoOp 15.12 86.53 55.32 37.29 26.20 61.55 75.59 87.00 58.15 59.05 56.18
CoCoOp 14.61 87.38 56.22 38.53 28.73 65.57 76.20 88.39 59.61 57.10 57.23

TPT 17.58 87.02 58.46 40.84 28.33 62.69 74.88 84.49 61.46 60.82 57.66
DiffTPT 17.60 86.89 60.71 40.72 41.04 63.53 79.21 83.40 62.72 62.67 59.85
UMFC 17.76 85.48 56.25 42.85 37.63 65.57 77.47 86.10 60.49 63.39 59.30
DRC (Ours) 18.81 87.99 59.66 44.33 44.84 66.30 78.83 88.01 62.46 65.72 61.70

CLIP-ViT-B/16 23.22 93.55 66.11 45.04 50.42 66.99 82.86 86.92 65.63 65.16 64.59

CoOp 18.47 93.70 64.51 41.92 46.39 68.71 85.30 89.14 64.15 66.55 63.88
CoCoOp 22.29 93.79 64.90 45.45 39.23 70.85 83.97 90.46 66.89 68.44 64.63

TPT 24.78 94.16 66.87 47.75 42.44 68.98 84.67 87.79 65.50 68.04 65.10
DiffTPT 25.60 92.49 67.01 47.00 43.13 70.10 87.23 88.22 65.74 68.22 65.47
UMFC 25.47 91.44 66.35 45.57 50.98 70.60 85.99 88.91 65.73 68.91 66.00
DRC (Ours) 27.39 92.17 68.82 47.46 61.73 71.78 86.80 91.11 67.52 72.43 68.72

Table 1. Results on the Cross-Domain Benchmark with CLIP-ResNet-50 and CLIP-ViT-B/16. CoOp and CoCoOp serve as
supervised transfer baselines trained on ImageNet with 16 labeled samples per class. CLIP, CoOp, CoCoOp, and TPT results
are taken from the original TPT paper [4], and DiffTPT results are taken from the original DiffTPT paper [5].

Method ImageNet -A -V2 -R -S Average OOD Average

CLIP-ResNet-50 59.81 23.24 52.91 60.72 35.48 46.43 43.09

CoOp 63.33 23.06 55.40 56.60 34.67 46.61 42.43
CoCoOp 62.81 23.32 55.72 57.74 34.48 46.81 42.82

TPT 60.74 26.67 54.70 59.11 35.09 47.26 43.89
DiffTPT 60.80 31.06 55.80 58.80 37.10 48.71 45.69
UMFC 59.70 23.47 52.85 60.94 35.82 46.56 43.27
DRC (Ours) 62.12 23.77 55.44 61.39 39.94 48.53 45.14

CLIP-ViT-B/16 68.34 49.89 61.88 77.65 48.24 61.20 59.42

CoOp 71.51 49.71 64.20 75.21 47.99 61.72 59.28
CoCoOp 71.02 50.63 64.07 76.18 48.75 62.13 59.91

TPT 68.98 54.77 63.45 77.06 47.94 62.44 60.81
DiffTPT 70.30 55.68 65.10 75.00 46.80 62.28 60.52
UMFC 68.21 50.33 61.99 77.98 48.77 61.46 59.77
DRC (Ours) 70.17 49.71 63.83 78.14 52.09 62.79 60.94

Table 2. Results on the OOD Benchmark with CLIP-ResNet-50 and CLIP-ViT-B/16. CoOp and CoCoOp serve as supervised
transfer baselines trained on ImageNet with 16 labeled samples per class. CLIP, CoOp, CoCoOp, and TPT results are taken
from the original TPT paper [4], and DiffTPT results are taken from the original DiffTPT paper [5].

Prior calibration

Recentering without with

None 64.59 68.35
Hard 66.89 68.57
Soft 67.01 68.72

Table 3. Ablation on the cross-domain benchmark with
CLIP-ViT-B/16, reporting the average accuracy over the ten
datasets. The bottom-right entry is DRC.

5. CONCLUSION

In this paper, we proposed DRC, a training-free method that
improves the robustness of CLIP under distribution shift
without any backpropagation or parameter updates. DRC fits
a Gaussian mixture to unlabeled target features and subtracts
from each feature a soft, image-specific bias, so that the cor-
rection varies continuously across mixture components. It
then corrects class preferences remaining in the recentered
predictions with a confidence-weighted class prior. DRC
achieves the highest average accuracy among the compared
methods on the cross-domain benchmark and improves the
OOD Average of zero-shot CLIP with both backbones.
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