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Problem Setting

o Motivation: adapt model on user’s device to optimize

performance on local data distribution
Use device’s own data to quickly adapt
the model for the current test image

Challenges and Desiderata

o Keep data local for privacy
e Local processing - no cloud
0f

Deploy the pre-
trained model
to many edge

devices

e Feed-forward

o Backpropagation is slow and may not be .
w

supported on edge devices

e Latent domains

Keep data private.
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o User’s data have a mixture of domain

relevant and irrelevant examples

e No labels for user’s examples

o No class or domain labels
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- Same label space

e Source-free

o Access only to the pre-trained model,
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Our Solution: CXDA _ Speed Evaluation
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o Key idea: use a cross-attention mechanism to identify and exploit images R l l « Our CXDA:
relevant support instances for adapting to the query example extractor 0 Best érformance
o Image-to-image cross attention . 0 P

Flatten all features of an image into a vector %“aeg’g — — arﬁggﬂfe" T Classifier § —  Output - Capable of real-time adaptation with similar speed as the other feed-forward baselines

» > Significantly faster than the back-propagation based approaches
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EXperiments Analysis of Attention Weights

Location #288

o Synthetic and real-world benchmarks: domains are various persons, image corruptions or camera locations o _ _ o _ —n
- FEMNIST, CIFAR-C, TinylmageNet-C, iwildCam o Significant weight spent on attending to examples in different domains Wi
. Domain supervision helpful but can be outperformed o Exploiting knowledge transfer beyond the boundaries of the standard __ Largest attention weights Location #301 _ Smallest attention weights

domain annotation
e Overall more attention to the in-domain instances
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FEMNIST CIFAR-C TinyImageNet-C iWildCam » Learned to match query instances with corresponding domain
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Table 1. Main benchmark results: average and worst-case (worst 10% tasks) test performance, with standard error of the mean across 3
random seeds. Accuracy is reported for all except iWildCam, where F1 score 1s used (%). The best results are highlighted in bold. Our S u m m a ry

CXDA approach achieves the best performance across all of the benchmarks. @ @
Cross-attention FEMNIST CIFARC _ TinylmageNet.C  iWildCam - New highly practical problem setting for resource-constrained devices Ok o NEE o k.

- Unlabelled data

- Mixture of domains

- Feed-forward adaptation o o o334338° o
o Novel solution based on cross attention that selects relevant examples 200, | 333.%% oo age t3atie o

Domain-unsupervised 78.3 £0.0 72.0 0.3 28.6 = 0.3 435 £ 1.5
Domain-supervised 794+04 698 +04 28.6 £ 0.2 520+£1.2

Table 2. Comparison of domain-unsupervised and domain-supervised CXDA on our benchmarks. Average test accuracy for all benchmarks Ia)nd. ustes the.rr;]:fr r?/al—r;c:jr:\e.s dﬁgt?tlgﬂ b.i0/cxd
apart from iWildCam where F1 score is reported (%). Domain supervision is helpful in multiple cases, but can be outperformed. * PFrOject page: Ps://0NCre|Pondal. sSENL.19/cXdad $o0g0%s 3,00 58,8


https://ondrejbohdal.github.io/cxda
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