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Fishr: Invariant Gradient Variances ...

and also invariant risks and Hessians

DNNs learn simple/biased shortcuts rather A g
than complex/stable features. i Lrichr = Lepy A 1 Var(Gy) — Var(Gg) |l 5,
Ex: to detect Covid, DNNs analyze body/shoulder positions 7: Individual gradients for A controls the Strength of our regularization matChing the variance
rather than lung fields. 9a » domain A : )
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dynamics (proof via the Fisher Information Matrix).
. . v - We prove Fishr reduces domain inconsistencies:
= lack of robustness, failures under shifts. trl:gztecg\éirrlsgﬁmelse\?; (A B) = maxo. v |Rn(6) — Ry(6)|
Main challenge: we want to detect causation aradlent distribution ’ OEN g g+ |7°B 4

rather than correlation. > 0 in a & neighbourhood N, - around weights 6*.

>2 Invariance Paradigm

State-of-the-art Performances on DomainBed Benchmark (at almost no computational overhead)
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How to enforce invariance across domains? Cacaios Lo S0 socom ERM X >1.8 21.8 716 il el el 4.3 687 -1
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* In features extracted by the encoder PACS DANN 57.0 97.9 79.7 85.2 65.3 50.6 38.3 67.7 11.9
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'lrg ]/ff(e )'C“;fs with invariant risks V-REx 67.0 97.9 78.1  87.2 65.7 514 301 682 | 7.7
g(X), V). Ex: IRM, V-Rex(ICML21). s W TS EE BB .
* In gradients of the loss w.r.t. the weights of 9 H — Fl.Sh Gradients g 21.2 4 g ol g il e
the network Vol(fs(x), ). Ex: Fish(icLR22). . Ai _,z ﬁg s Fishr 63.8 97.8 78.2 86.9 68.2 53.6 41.8 70.8 3.9




