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Background: Vision-Language Model

= Vision-Language Models (VLMs) are pre-
trained on (image, caption) datasets and
possess zero-shot prediction ability.

- Compare image embedding to text
embeddings of “a photo of a {class}’.

= VLMs are vulnerable to image corruptions.

- Noise, blur, weather, digital transforms...

* Test-Time Adaptation (TTA)

- Adapt to an unlabeled target domain,
without accessing the source data.

- Improve the performance of VLMs on
downstream tasks with distribution shifts.
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= Variance collapse. All types of variances
decrease under more severe corruption.

- GT-intra variance: embedding variance
within the same class,

- GT-inter variance: difference among
different classes.

* Theorem 3.1 (informal). When corruption
severity increases,
- GT-inter variance strictly decreases,

- GT-intra variance decreases with large
structured distribution shifts.
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GT-Inter Variance

Can we maximize inter-variance to
improve accuracy?

Ground truth (GT) label y; not available

Use pseudo-label (PL) y; instead, i.e., the
zero-shot prediction.

Theorem 3.2 (informal). Updating

LayerNorm parameters reweights features.

Maximizing PL-inter variance can
Suppresses structural distribution shifts,
Enhances task-relevant features.




Mint: Maximize PL-Inter Variance On-the-Fly

= PL-inter variance over whole test set D' can be decomposed as

1nter(]D)te) = CZ ”Zc - Zl =
c=1

z;: Image embedding of sample i.

N A
i= 1le C c=1 i=1Yic

z 1yw||Zl 2l 1C Xt dicllzi — z|13
C

Z.. Mean embedding of samples with pseudo-label c.
z: Mean embedding of all samples.

= Estimated PL-inter variance on a small batch B

N A
i= 1le C c=1 i=1Yic

z;. Generated by current batch, support backprop.

_ 1le”Zl Z”% 1 ¢ Zl 1le”Zl Zc”%
1nter(B) C

z,Z.. Estimated by all seen batches, do not support backprop, but provide more precise estimation.




Mint: Adaptation with Two Accumulators
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= Mean accumulator: = Gradient accumulator:
Moving estimation of Z and each z,. Averaging historical gradients to update
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Mint: Inference
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= Cumulative class means can also be leveraged to adjust the text embedding:

Kprior ¢ K ~ >

+ Z
Kprior +K ¢ Kprior +K"°

where K ior is @ hyperparameter controlling the strength of prior. The final prediction is:

t. < normalize(

argmax, z; i,




Experiments: Effectiveness

Mint has strong performance compared to Two accumulators ensure Mint's robust

various types of TTA baselines. performance across different batch sizes.
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Experiments: Variance Collapse Alleviation & Efficiency 7

Mint alleviates variance collapse. Mint is more efficient than most of the TTA
baselines, except the training-free ones.
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