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Introduction：Test-Time Adaptation

Test-Time Adaptation (TTA) aims to enhance the model’s capability to handle 
downstream tasks during deployment, without requiring access to test data labels.



Advantages Compared to Cache-based Methods

• Cache-based TTA methods[1,2] store 
individual test samples within a limited 
cache, which often leads to 
underutilization of the available test 
data.

• In contrast, DOTA continuously 
estimates the underlying distribution 
of the test data, enabling the full 
exploitation of all available test 
samples.

[1] Efficient test-time adaptation of vision-language models.
[2] Advancing Reliable Test-Time Adaptation of Vision-Language 
Models under Visual Variations.



Zero-Shot Classification with Prompt

CLIP can perform zero-shot classification without additional training. It 
applies softmax over cosine similarities between input x and class prompt weights 
𝑤𝑘, scaled by temperature τ.



Classification with classical Gaussian discriminant analysis(GDA) 

1. We assume that the embedding distribution of each class k follows 
a Gaussian distribution

where µkand Σkare the mean vector and covariance matrix of class k, respectively. 

The discriminant function fk(x) measures how well a sample x fits the distribution of class k. 

2. Using Bayes’ theorem, the posterior probability P(y=k|x) of class k 
can be given by
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DistributiOnal Test-time Adaptation(DOTA)

Update of

represents the effective sample size, defined by the cumulative 
confidences of the observed samples of class k at step t − 1

DistributiOnal Test-time Adaptation(DOTA) Process Framework



Adaptive fusion of zero-shot and test-time classifier

CLIP_logit DOTA_logit

This approach encourages the model to rely on 
the zero-shot classifier results when the test 
samples are insufficient to estimate the 
distribution, mitigating the potential negative 
impact of the test-time classifier. 

Samples seen

zero-shot classification and test-time result fusion approach：



Top-1 accuracy(%) under the cross-domain generalization under the NDS scenario

Top-1 accuracy(%) under the cross-domain generalization scenario

Main Results



Efficiency and effectiveness

➢ DOTA is faster than the 
methods that require gradient 
back propagation

➢ compared with TDA, the speed 
of DOTA is comparable, but the 
performance is higher

Ability of continuous learning

➢ DOTA progressively enhances 
model performance as the number 
of test samples increases

➢ TDA shows an initial improvement 
that subsequently declines.

Insights of DOTA



Necessity of distribution estimation

Insights of DOTA

➢Design: Compare full DOTA (updates 
mean + covariance) vs. simplified version 
(updates only mean, no covariance).

➢Results: Accuracy consistently drops 
without covariance updates

Robust to hyperparameters

➢ all hyperparameter combinations 
show that the proposed method 
outperforms the original zero-
shot classifier



Thank you!


