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Controlling Diversity Shift with (Costly) Ensembling Owa = M z Om
) o : M m=1 [Cha2021]: Swad: Domain generalization by seeking flat minima. NeurlPS.
Ensembling averages predictions from different models: fgys = Xn=1 fmn- 90 shared Low loss linear path [Gulrajani2021]: In search of lost domain generalization. ICLR.
Bias-variance-covariance decomposition for ensembling [ueda1996): pretrained Training M [Neyshabl,;r2020] HM [Izmailov2018]: Averaging Weights Leads to Wider Optima and Better Generalization. UAI.
I 1 M-1 initialization 0 [ _-® [Kohavi1996]: Bias plus variance decomposition for zero-one loss functions. ICML.
Eenslerry(ens)] = biast + y T + M covr, IETg ! 1.— -- ’6 Oe. [Neyshabur2020]: What is being transferred in transfer learning? NeurlIPS.
_ . _ E . ® DIWA [Sun2016]: Correlation Alignment for Unsupervised Domain Adaptation. AAAI.
* biasy: expected bias of a single model over T, : 92 /'.___ [Uedal996]: Generalization error of ensemble estimators.
. T expected variance of a Sing|e model over T, E Training ... [Ye2022]: Ood-bench benchmarking and understanding OOD generalization. CVPR.
e covr: expected covariance across models over T, D E X2 =11
errr(6 = [ errr(ens)| + O(A°), - . . :
cov(x) = Eg g [(fo(x) — Eg [fo COD (For (%) — Eg [fo (X)])] 6w aleTTT(Owa)] ens[errr(ens)] (4%) E E ArXiv: https://arxiv.org/abs/2205.09739
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= Factor 1/M reduces i.e. ensembling handles diversity shift. A% = maxm=1||0m — Owall*: locality constraint Code: https.//glthub.com/aIexra-me/filwa
= Ensembling cannot reduce bias i.e. correlation shift. > ] ] , Contact: first.last@sorbonne-universite.fr
- cov should be controlled. Advantages of ensembling without inference cost.




