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Background Experiments: Image Classification

Problem of Deep Learning Evaluation is conducted on datasets covering style shift, synthetic-to-

The success of deep learning in various applications is typically reliant real shift and change in data collection environments.

on the assumption that train (source domain) and test (target domain) Comparison with Test-Time Adaptation
data distributions are the same. Many real-world environments are

highly dynamic, hence we need timely adaptation to the target Method PACS VisDA
domain. Testbatch Bal. «o =100 Bal. «o = 100
Source-Free Adaptation Source model any 83.1 76.9 64.7 54.7
Source-free Target domain + Test-time BN 8 78.6 63.9 55.7 51.5
Dibrotects source  [JRIBPHE 2 2 833 668 607 552
 domain privacy S S N 128 843 666 619 553
| M S | » %:’;OE\;% + Tent 8 81.1 67.8 22.0 46.7
[MSavesondata ISR lecs 17 32 861 694 590  57.5
__Storage T P 128 864 677 657 562
+LCCS (k= 1) any 844 784 618  68.0
Proposed Setup +LCCS (k=5) any 871 819 760 778

Pre-Trained Model: A.: Y. — V. trained on source domain (a is the ratio of samples in the largest to smallest class.)
e f¥§42S S

Target Domain t: k-shot support set LSt c [ Comparison with Few-Shot Transfer Learning
* Stronger constraints: Labeled support set provides supervision Method PACS Camelyon17 VisDA
* Practical: Low requirement on target availability; No restriction on J — ) 5 ) 5 ) 5
size and class composition of mini-batches during inference
AdaBN 829 855 729 878 56.5 60.9
Setup Source data Target data finetune BN 790 843 726 877 591 70.9
Domain adaptation LS Ut finetune classifier 82.5 837 705 704 @ 67.6 69.7
k-shot domain adaptation IS 1Spt — It finetune feat. extractor 83.6 86.0 79.3 86.5 67.3 68.4
. . . L? 844 858 79.6 882 660 664
Source-free domain adaptation - U I,2_SP 844 858 79.6 882 660 664
Test-time adaptation - Mini-batch U*® DELTA 844 85.8 79.6 88.2 65.9 66.5
Source-free k-shot adaptation ) ISPt — It Late Fusion 83.2 836 704 704 67.2 69.8
FLUTE 734 85.8 73.1 86.5 48.3 67.1
(L% and U% denote labeled and unlabeled dataset for domain d.)

LCCS 844 871 766 883 678 76.0

Proposed Method

. , Experiments: Semantic Segmentation
Re-parameterizing BN operation

7 — u, Z—u\ Ve Evaluation by transferring from GTAV synthetic source domain to real or
f(Z; by, 01, Ve, Be) = ( -, )Vt + b = ( -, )Vt " + Bt + Bs — bs photo-realistic target domain with total 5 support samples.
— (Z ; . 0”) Vs + Bs = F(Z; flopt, Goper Vsr Bs) Method Cityscapes BDD-100K Mapillary SYNTHIA
opt

=» Optimal target domain BN layer can be obtained by optimizing only ERM 29.0 2>l 28.2 26.2
adaptation statistics [i,,:, 0, in pre-trained source model SW 299 275 29.7 27.6
=2 We propose a Iow-dimgnsior?al approximation of /i, 0 IBN-Net 33.9 32.3 37.8 279
pt» ~opt IterNorm 31.8 32.7 33.9 27.1
Linear Combination Coefficients for BN Statistics (LCCS) ISW 36.6 35.2 40.3 28.3
vICombination of BN statistics can be interpreted as style mixing ISW +L° 39.5 35.1 40.9 28.1
vIModels are adapted with significantly fewer learnable parameters ISW + LCCS 43.6 37.4 42.7 29.1

.aopt X Urccs = M1 = ugns + Msptnspt
Oopt = OLccs = 2p = ogps + Zsptpspt

f(Z; urces) Oreess Vs Bs) = ( ))’s + B

Z — Upces

Orccs

* y.,fs € R Source domain BN parameters in pre-trained model Target image Ground truth ISW (SOTA) ISW + LCCS

e U, 0, € R Source domain BN statistics in pre-trained model
* Mgy, 26yt € RE*™: n basis vectors of support set feature statistics
* s Ps € R, Ngpe, Pspr € R™: Learnable LCCS parameters

Objective: minimize L(7, p) = — Xy yyerset ¥ log h(x;7, p)
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