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Domain Generalization: Domain Adaptation:
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' ResNet-50 vs ViT-S/16 Bk ccmect | -

Performance comparison of ViT-S/16 (w/21.8M trainable parameters) with ERM and the
ResNet-50 (w/25.6M) backbone with SOTA DG algorithms. ERM(RN-50), Fishr(RN-50),
Swad(RN50/Ensemble) denotes the ResNet-50 trained with ERM, Fish, Fishr, and Swad

respectively.

SOTA CNN-based algorithms vs. vanilla ViT.
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' An explanation of this phenomenon -~ o honp

How Do Vision Transformers Work? ICLR’22
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' Overview architecture of GMoE il
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i Sparse MoE Layer et Qg

Sparse MoE layer: fyrop () = Zi\;l G(x); - Fi(x))

Cosine Router:

G(x) = TOPy (Softmax (T E Wz ))

|We|||| E|
Linear Router:

G(x) = TOP(Softmax(W x)
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' Number of MoE layers: Every-two vs Last-two

Classification Layer Classification Layer
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(a) Every 2 GMoE. (b) Last 2 GMoE.
Algorithm | Config. Router H D PACS VLCS OfficeHome Terralnc DomainNet
GMOoE-S/16 | Every2 Linear 6 384 | 81.8 +02 75.0 +ou1 64.0 +o04 32.5 +o7 46.3 o3
GMOE-S/16 | Every2 Cosine 6 384 | 81.4+01 74.8 +02 62.2 +04 40.9 +o03 46.4 +o02
GMOoE-S/16 Last 2 Linear 6 384 | 87.8 +o2 80.0 +oo0 72.7 +o02 46.7 to2 48.3 + o1
GMOoE-S/16 | Last2 Cosine 6 384 | 88.1 +01 80.2 +o02 74.2 +o4 48.5 +o4 48.7 +o02
GMoE-B/16 | Last2  Cosine 12 768 | 89.4 +01 81.2 o1 77.2 +04 49.3 to3 S51.3 +oa
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Algorithm | PACS VLCS OfficeHome Terralnc DomainNet
ERM (ResNet50) (Vapnik, 1991) 85705 774+03 67505 472+04 412 +£0.2
IRM [ArXiv 20] (Arjovsky et al., 2019) 83.5+08 785+05 643+22 476408 339+ 28
DANN [JMLR 16] (Ganin et al., 2016) 846 +1.1 787+03 686+04 464408 41.8 £ 0.2
CORAL [ECCV 16] (Sun & Saenko, 2016) 86.0+0.2 77.7+05 686+04 464408 41.8 £0.2
MMD [CVPR 18] (Li et al., 2018b) 850+0.2 76.7+09 67.7+0.1 422+ 1.4 394+ 0.8
FISH [ICLR 22] (Shi et al., 2021) 855+03 77.84+03 686+04 451413 427 +£0.2
SWAD [NeurIPS 21] (Cha et al., 2021a) 88.1 0.1 79.1+£0.1 706+02 50.0+03 46.5 + 0.1
Fishr [ICML 22| (Rame et al., 2021) 855102 778402 686+02 474416 41.7 £ 0.0
MIRO [ECCV 22] (Cha et al., 2022) 854+04 79.0+00 705+04 504+1.1 443 + 0.2
ERM (ViT-§/16) [ICLR 21] (Dosovitskiy et al., 2021) | 86.2+ 0.1 79.7+0.0 722+04 420+0.8 4734+0.2
GMOoE-S/16 (Ours) 88.1+0.1 802+02 7424+04 485404 48.7 + 0.2
Algorithms | SVIRO Wilds-Camelyon Wilds-FMOW
ERM (ResNet50) (Vapnik, 1991) 85.7 £ 0.1 93.1 £0.2 406 £ 04
ERM (ViT-S/16) [ICLR 21] (Dosovitskiy et al., 2021) 89.6 + 0.0 91.1 + 0.1 448 + 0.2
GMOoE-S/16 (Ours) 90.3 + 0.1 93.7 + 0.2 46.6 + 0.4
MACs Paint Clipart Info Paint Quick Real Sketch | IID Imp. OOD Imp.
4.1G ResNet50 37.1 12.9 62.7 2.2 49.3 33.3 - -
7.9G ResNet101 40.5 13.1 63.4 3.1 51.2 35.4 1.1% 12.4%
4.6G ViT-5/16 42.7 15.9 69.0 5.0 56.4 37.0 10.0% 38.6%
4.8G GMoE-S/16 43.5 16.1 69.3 53 56.4 38.0 10.5% 42.3%
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' Experiments: Expert Selection KL oai)
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Table 14: Comparison of different training recipes on ResNet-50 V2 and ViT-S/16.
Recipe LR Opt. TrivialAug. Ep. Rand Er. Label Sm. FixResMt. WDT IRT INIK

ResNet-50 V2 600 80.8
ViT-S/16 X 300 X X X 79.9

Table 15: Train-validation selection performance comparison for ViT, GMoE, and other DG al-
gorithms with ResNet-50 V2 as backbone model. On DomainNet, results are reported with 15K
iterations.

Algorithm PACS VLCS OfficeHome Terralnc DomainNet
ERM (w/ ResNet-50 V2) 87.2 78.2 68.7 49.9 45.3
Fishr (w/ ResNet-50 V2) 87.5 77.9 70.4 51.7 47.0
ViT-S/16 86.2 79.7 72.2 42.0 47.1
GMoE-S/16 88.1 80.1 74.2 48.5 48.7
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Table 16: Comparison of training/inference iteration time and run-time memory for a mini-batch. A

mini-batch is formed with 160 images in 224 x 224 resolutions from DomainBed. For both metrics,
lower is better.

Training ERM DANN IRM Fish Fishr SWAD | VIT-S/16 GMoE-S/16
Step Time (s) | 1.01 1.02 1.10 279 1.10 1.21 0.90 0.98
Run-time Memory (GB) | | 13.40 1342 1340 341 1525 14.32 11.15 12.28
Inference ERM DANN IRM Fish Fishr SWAD | VIT-S/16 GMOoE-S/16
Step Time (s) | 0.32 0.33 032 033 0.34 0.33 0.28 0.30
Run-time Memory (GB) | | 1.82 1.83 1.82 1.82 1.83 1.84 0.76 1.05
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' When are Lemons Purple? The Concept Association Bias of CLIP Kﬁ'V

Q: The color of the lemon is [mask].

CLIP’s answer: Purple




' When are Lemons Purple? The Concept Association Bias of CLIP ~m»ﬁgfmﬁkk§|@

Zero-shot transfer from CLIP to color recognition
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' When are Lemons Purple? The Concept Association Bias of CLIP °‘|%
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' DALLE-2 is Seeing Double: Flaws in Word-to-Concept Mapping in Text2Image Models IRy &I @

a bat is flying over a seal is opening a letter a bass lounging in
a baseball stadium a tropical resort in space
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' DALLE-2 is Seeing Double: Flaws in Word-to-Concept Mapping in Text2Image Models ] @

a fish and a gold ingot a fish and an ingot a zebra and a street a zebra and a gravel street




