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Proposition (Feature matching) Lety, andy, be the network

a _ Algorithm VLCS PACS OfficecHome DomainNet Avg
prediction and true target with the p-th class, z; be the i-th feature = 4 = = /
Source domain Target domain o * Transfer measure it i i i EBM (Vapiik; 1229) fia 52l el 40,0 00,6
g before th_e_ classifier. Matching the gre_ldler?ts and Hessians w.r.t. IRM (Arjovsky et al., 2019) 76,3 815 64 3 335 63.9
the classifier head across domains aligns: GroupDRO (Sagawa et al., 2020)  77.9  83.5 65.2 33.0 64.9
0f o £ Mixup (Wang et al., 2020) 115 83.2 67.0 38.5 66.6
9. (¥ = ¥p), (Error) MLDG (Li et al., 2018a) 772 829 66.1 41.0 66.8
MMD (Li et al., 2018b) 77.3 83.2 60.2 23.4 61.0
S > s > 0f (e~ DANN (Ganin et al., 2016) 76.9 81.0 64.9 38.2 65.2
5 classifier 5 classifier . (% = ¥p)zq, (Error X Feature) CDANN (Zhou et al., 2021) 775  78.8 64.3 38.0 64.6
P4 MTL (Blanchard et al., 2021) 76.6  83.7 65.7 40.6 66.7
- Domain Generalization aims to learn invariant mechanisms from multiple , SagNet (Nam et al., 2020) 775 823 67.6 40.2 66.9
source domains, so as to generalize to unseen target domains 07t _ Vo ' S izuang e, 202 i Bl e A 02
’ J J ' 77— = Yu(Buy — W), (Logit) VREX (Krueger et al., 2021) 767 813 64.9 334 64.]
w-r RSC (Huang et al., 2020) 715  82.6 65.8 38.9 66.2
- Summary 1: The distance between the classifier's head Hessians is an 32, Fishr (Rame et al., 2022) /82 854 67.8 - -
upper bound of the transfer measure that quantifies the domain shift T b ZqVp (Sp,u — ¥,), (Logit X Feature) HGP 76.7 822 67.5 41.1 66.9
_ - - - - Wp,q9Pu Hutchinson 79.3  84.8 68.5 41. 68.5
« Summary 2: Hessians and gradient alignment simultaneously encourage
invariant representation learning at different levels. 929 DomainBed 0.0 S »
« Summary 3: To align Hessians efficiently, we propose two simple yet oW, 1 OWry = VZqZv(8pu — Yu), (Logit x Covariance) Method Trainacc.  Test acc. Zoss: S . o
effective Hessian alignment methods, based on different estimations ERM 86.4+02 14.0+0.7 . I
. . . . . c v -+- ERM See,  TNITe-all
Hessian and gradient alignment can be seen a generalization of [RM 71.0£05 65618 E GroupDRO ‘ *
.. : - : : : V-REx T1.7+1.5 672+15 S 045. ~*- VREx -
Preliminaries other invariant representation learning methods Ei o 11 0£00 55210 5 2 comaL .
© MMD
) . HGP T]{] - - ]5 ﬁg-{l- + ]F‘i = 0.40 -e- HGP
| 6 : | ti Elve ri/hnetar Opttlmal Alignment attribute Loss Feature Covariance Error Error x Feature Logit Logit x Feature Logit x Covariance Hutchinson 61.7+19 74.0+1.2 -+~ Hutchinson
source classitier 1S also near-optimail on tne targe 0-35° - ' ' '
P J V-Rex /! X X X X X X X Comparison of HGP and Hutchinson 0 e P P
CORAL X / / X X X X X with other baselines for CMINIST Transferability experiment on OfficeHome
argmin(Lyp, 6p):={hg € H,Lp(0) < inf Lp(0) + 6p} IGA P X X y, y, X X x . oy ,
hgEH | 10.7 s 0.05
I"I"th R‘r r"‘ .x \1{ !’r )'{ X llx 0.020 0.6 0.020 - ’ I
- : : @ ' 3 -0.04
Definition: S is (0, 07 )-transferable to T if Fishr /X X X /? X X X os8 B
G 0.015 | > 5 00157 4 10.03 @
Hessian Alignment X X X v v v v/ v = i 0.4 ® 5 : =
. : © 0.010F |1 i S 2 0.010 L 0.02
argmin(Lg, 65) € argmin(Ly, 67) z : 1039 =
0.005 0.2 0.005 1 -0.01
- " Algorithms | |
Use to quantify transferabllity g 00000 ——— 0 0000

Step

How to align Hessians and gradient across training domains efficiently?  Correlation between Hessian distances and OOD accuracies/losses for HGP and

Hutchinson regularization during the training for Colored MNIST

Tr(S||T) = sup [Ly(0) — inf Ly(8) — (Ls(8) — inf Ls(6))]

hg€r hgE€H ho€H

OOD accuracy vs €

Transferable = Small transfer measure, if ' = argmin(Lg, d5). 1 n , , ERM
0.7 IRM
. Lygp =— ) Ls, + a||Hs VgLs, — HsVgLs|| + B||VeLs, — VoLs]| Method Test acc. e
Theoretical results n 2 o <12 - e
e=1 =551 g ¢ . § 2] —+— Hutchinson
Theorem. Under mild assumptions, the spectral norm of Hessian Gradient only 117.0 g 041
Differences between source and target domains is an upper bound ; Hessian only 19.4 8 %3]
for 1 2 2 0.2
T (5 T) < 152 He —H + o(52 Luutchinson = EE LSe + O‘“Dse — DSl ‘2 + B“VGLSe — Vele ‘2 Ablation study of the Hutchinson o
r(S|| — 5 |Hs 72 + 0(6) e=1 method on PACS when the test o

domain is Sketch £

where the bar notation means average over all training environments Adversarial robustness under perturbation



