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BACKGROUND: DATA SHIFTS I: WHAT LEADS TO UNSTABLE TTA?H I1: WHAT LEADS TO UNSTABLE TTAN EFFICIENCY COMPARISON

Batch Normalization (BN) is a crucial factor hinder- e TTA on models with GN/LN layers do not always e While improving adaptation stability, our SAR
ing TTA stability under the wild test settings succeed, and still suffer from failure cases maintains high efficiency

statistics adaptation: y*) = FzF) k) 2k — lapsed trivial solutions, i.e., predicting all samples on ImageNet-C) via a single V100 GPU on ResNet50-GN
($(k) m [m(k): )/\/Var [CE(k)] to the same class, as shown in (a) vs. (b) Method GPU time

HOWGVGI‘, the 43 and Val' estimation under Wlld set- (a?..hi{?dél collapse on Ievel‘5 — (b) No collapse on level 3 _ (-c) Evolution of gsr:iirietr;tlzvzlo;m L/IEMO (Zhang et al., 2022) 55,980 secs
e | DDA (Gao et al., 2022) 146,220 secs

. . . 750- —— Severity level 5
tings would be inaccurate: ey TTT (Sun et al., 2020) 3600 secs

500+
— Mixed domain shifts: ideally each domain should e 250 | L Tent (Wang et al., 2021) 110 secs
have its own statistics | 205(|) 560 750 i 250 500 750 6 2% 500 750 EATA (Niu et al., 2022a) 114 secs
— Single sample: hard to estimate E& Var accurately Iyl SAR (ours) 115 secs
— Imbalanced label shifts: biased to specific classes

Distribution shifts: when using a pre-trained model,
the test samples may encounter natural variations or
corruptions that were not present in training data:

o Lighting changes due to weather change
e Noises due to sensor degradation, etc.

ImageNet-C (Hendrycks & Dietterich, 2019)
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Some large /noisy gradients cause collapse, as in (c)

Observation: models with batch-agnostic norm We address this collapse issue by proposing a SAR | KG{OLYEF-NIEIOI M RN N TN 1N N @ B i &

layer (e.g., layer norm) are more suitable for TTA approach, as illustrated below e Large § of clip: cannot prevent model collapse

e Small 0 of clip: leading to limited learning ability
SAR: SHARPNESS-AWARE AND RELIABLE ENTROPY MINIMIZATION and biased gradient directions

 Our SAR does not need to tune such a parameter
and vields better performance

These shifts can significantly impact the performance
of the model and cause it to degrade

e Directly filtering out noisy gradients via gradients norm is infeasible, since the threshold is hard to set

e We seek to filter samples via an alternative metric, and investigate the relation of entropy vs. gradients norm
@ Reliability: discard partial large /noisy gradients via entropy Clip by Value Clip by Norm

e TTA aims to address data shifts by adapting the

trained model on test data before prediction | (d) Entropy vs. gradients norm S 20 e
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Fine-tuning xt, yt L(xE,y5) - N %

e Alleviate the etfects of samples in Area 4
* Constrain the entropy surtface to be flat:

Unsupervised domain adaptation Y X L(x5,y5) + L(x5,xY)

A®1 — A@z, AEZ > AEl

Entropy loss

t X
Test-time training [ICML 20] Y xt L(x5,y5) + L(x5) L(x?) vV
Fully test-time adaptation [ICLR 21] xt X L(x?) vV

m@%n E°4(x;0), where E°%(x;0)% ”nﬁaic E(x;0 + €)
€ll2>pP

e Following SAM (Foret et al., 2020) to solve this optimization pro
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ENTROPY SURFACE VISUALIZATION

e Results on ImageNet-C (Gaussian noise, level 5)
Flat Sharp

hlem minimum minimam  The area (the deepest blue) within the lowest loss
contour line of our SAR is larger than Tent

 QOur SAR has a flatter entropy surface, and thus is
RESULTS UNDER ONLINE IMBALANCED LABEL DISTRIBUTION SHIFTS more insensitive to noisy updates

PROBLEM:

Limitation: online TTA is unstable under wild test
scenarios (such as mixed domain shifts, single data,
and imbalance), leading to severe model collapse

Results on ImageNet-C with severity level 5 regarding Corruption Accuracy (%)
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e We find that batch-agnostic norm layers (i.e., GN
and LN) are more beneficial to stable TTA than BN
under wild test settings

e We propose a simple yet effective SAR, which ad-

ABLATION STUDIES OF SAR

Corruption Accuracy (%) on ImageNet-C (level 5) under online imbalanced label distribution shifts
Noise Blur Weather Digital

Code https://github.com/
mr—eggplant /SAR

* Reliable and Sharpness-aware

Model+Method Gauss. Shot Impul. | Defoc. Glass Motion Zoom | Snow Frost Fog Brit. | Contr. Elastic Pixel JPEG | Avg.

dresses the model collapse of online TTA and makes entropy, in conjunction, yield [ReNesoGN) | 32 41 40 | 171 85 270 244 | 179 255 26 721| 458 82 522 562 | 246 Email Yifan Zhang

. : . e reliable 34.5 36.8 36.2 19.5 3.1 33.6 14.5 205 383 24 719 | 470 8.3 52.1 564 | 31.7 '

it more stable under wild test settings stable TTA  reliable+sa 33.8 359 - 364|192 IR7 336945 | 935 459 403 --710:| 46692 516 564 yifan.zhangg@u.nus.edu
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