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Background



Di

stribution shift
T X HAE BRI EHEX= A

AlZE B3t AFEA EHE Big AEN Q9

gFo| Hol . HRYUS| M=22 2|= FH| =, CHE 2710 23 Hi &=

CIojE] =48l @7 : dAM A, MEE A HE

Covariate shift = P(x)EH3} P(y|lx) &<
Label (prior) shift 40| = H|& P(y)Hzl, P(y|x)s ¥
Concept/conditional shift ZHE A P(y|x) Hz}



Di

stribution shift
T X HAE ZXIEHEK|=dY

At Za: AL A E-E Bl AEE 9l

2tEo| Mt HEC MZ22 o= HH| = ¢, CHE =710 22 Hi =

Cole =8l F: MM &5, dE2 LA WY

Covariate shift = P(x)EH3} P(y|lx) &<
Label (prior) shift 40| = H|& P(y)Hzl, P(y|x)s ¥
Concept/conditional shift THE A P(ylx) st



How Have We Been Solving It?
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Test-Time Training



Main Idea
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Test-Time Training: Standard vs. Online

multiple test samples 1, ..., T
0o : parameters after joint training

standard version online version
NO assumption on m x1, ..., L come from the same @)
the test samples or smoothly changing Q1, ..., Q1
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Batch Normalization

Input: Values of = over a mini-batch: B = {z,_,, };
Parameters to be learned: ~, /3

Output: {y; = BN, 5(z;)}

T

1 ..
ILB 4 — Z T // mini-batch mean
1=1
1 T
o — Zl(rg — ug)* // mini-batch variance
—
T — |
T; i kB // normalize
\Knr% -+ €
yi < vx; + f = BN, 3(z;) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.



Batch Normalization

Input: Values of z over a mini-batch: B = {z;
Parameters to be learned: v
Output: {y; = BN, 5(z
-batch mean
Iy — P"B) 1

gorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

h vana

ormalize

// scale and shift




Group Normalization
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Figure 1. ImageNet classification error vs. batch sizes. This is
a ResNet-50 model trained in the ImageNet training set using 8
workers (GPUs), evaluated in the validation set.



Experiments
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CIFAR-10-C (ResNet-26)
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ImageNet-C (ResNet18)
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vs. Unsupervised domain adaption

orig | gauss | shot | impul | defoc | glass | motn | zoom | snow | frost | fog | brit | contr | elast | pixel | jpeg
TTT-Online | 8.2 | 25.8 | 22.6 | 30.6 | 146 | 344 183 | 17.1 | 20.0 | 18.0 | 169 | 11.2 | 156 | 21.6  18.1 | 21.2
UDA-SS 90 | 282 | 265] 208 | 156 | 437 | 245 | 238 | 250 (249 | 17.2 | 127 | 116 | 22.1 | 203 | 22.6




Gradually Changing Distribution Shifts
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Applications & Perspecitves



Speech Enhancement
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* NSP (Masked Spectrogram Prediction)
* NyTT (Noisy-target Training)
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Behera, Avishkar, et al. "Test-Time Training for Speech Enhancement." arXiv preprint arXiv:2508.01847 (2025).



Depression Detection
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Dumpala, Sri Harsha, et al. "Test-Time Training for Depression Detection." arXiv preprint arXiv:2404.05071 (2024).



Connections to Other Paradigms

5% Tl TREE TrTere] QA
. . 2| 0|& & XH7|X| = ot =
Self-Supervised o QIO Ex K| 2 5o &f5 E?IﬁE Al EHS
MRS £ XA AL " "
Non-Adversarial Robustness = L'I:ith Hq%l'oh 7411 HIAE 238 B30 OS
e — L
Source 2t + Target S22 AL Target 810|
Domain Adaptation (UDA — T
pation (UDA) Bz 937 ME EHo N
. L o =0el =5 > =oiel 7 g 8io]
Domain Generalization MEZ S ool YUuts} HAE A XS
Few-shot 1~H I MEZ Y M = (one-shot)
MEZ ElA3 ot5 NPt
=XA™ st& MHME I EZQ S
. . L =1 g, o= ==
Continual Learning 7|= XAl 2K ZA TS




conclusion
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