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* First train an additive energy classifier . 1n train : Deep Net § Linear | M - (1) » i
* Then for tackling compositional shifts - only in test X‘—" Backbone — 8 — Layer - < i
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| ) - k ) \ ) CRM adapts to the of test distribution
P(yp, ay|x) = p(¥;, ay | x) - q(y2 ay | X) = 4(y,,a, | X) ? logq(y,a) —B*(y,a) :
\ / Test log prior  Bias (extrapolated)
Y2 ______________________________________________________________________________________________________________________________________________________________________________ Dataset Method Average Acc WGA (No GTOYJ\;SADTOPPG Q)
——
True Model: | ERM  77.9 (0.1) 43.0 (0.2) | 62.3 (1.2)
Y1 G-DRO  77.9 (0.9) 42.3 (2.6) | 87.3 (0.3)
\ p(z|x) = Softmax(log p(x|z) + log p(z)) where p(x|z) = 7(2) exp( — U(Z)TE(X)) Waterbirds LC 88.3 (0.9) 75.5 (1.8) | 88.7 (0.3)
 Model -~ < SLA 80.3 (0.4)  77.3 (1.4) | 89.7 (0.3)
a, a, DO |0) = By an | ) o 1) = By | ) Learned Model (Train): | CRM  87.1(0.7)  78.7 (1.0) | 86.0 (0.6)
1> “1 — 1> “1 1> 4o — 1> 4o A A A T
z|x) = Softmax(log p(x|z) +|log p(z)) [where p(x|z) == X < —o0(2)" E(x ) ERM 85.8 (0.3) 39.0 (0.3) | 52.0 (1.0)
p(z|x) = Softmax(log p(x|z) +|log p(2)) p(x|2) B0 r p{ —o(2)" E(x) GDRO 89200 618 m | 910 (00
, CelebA LC 91.1 (0.2) 57.4 (0.5) | 90.0 (0.6)
Additi E Distributi Learned Model (Eval): l l i A SLA 00.9 (0.2)  57.4 (1.3) | 86.7 (1.9)
ITIVe Energy vistripution q(z| x) = Softmax(log (x| z) +|log §(z)) |where §(x|2) = = exp( _ 0(z)TE(x)> CRM  91.1(02) 818 (0.5) | 89.0 (0.0)
B*(z) ERM  85.7 (04)  60.5 (0.5) | 63.0 (0.0)
G-DRO  86.0 (0.3) 63.8 (1.1) | 80.7 (1.3)
MetaShift LC 88.5 (0.0) 68.2 (0.5) | 80.0 (1.2)
1 1 sLA 88.4 (0.1) 63.0 (0.5) | 80.0 (1.2)
2 Rate of Growth of Discrete Affine Hull LA 0D G008 K002
ERM 684 (2.1) 7.5 (1.3) | 68.0 (1.7)
- <2 G-DRO 704 (0.2)  34.3 (0.2) | 57.0 (2.3)
1 o(z) = |onehot(z1),...,onehot(z,,)] t 2 3 4 5 6 MultiNLI LC 75.9 (0.1)  54.3 (1.0) | 74.3 (1.2)
p(l"Z) — EXP ( — <O'(Z) E(QZ‘)> ) ‘ Steps for completing the Cartesian product sLA 76.4 (0.3) 55.0 (1.5) | 71.7 (0.3)
Z(Z ) 7 T 1 via small connected components of size three: CRM 74.3 (0.3) 58.7 (1.4) | 74.7 (1.3)
E(il?) — [El(xvl)a"wEl(mvd)v“'7Em($7 1),...,Em(£l?,d)] , ‘ ERM 80.4 (0.2) 55.9 (0.2) | 61.0 (2.5)
— [ ) ) G-DRO  80.1 (0.1) 61.6 (0.5) | 64.7 (1.5)
CivilComments | LC 80.7 (0.1) 65.7 (0.5) | 67.3 (0.3)
2 3 sLA 80.6 (0.1) 65.6 (0.2) | 66.3 (0.9)
: : CRM  83.7 (0. 67.9 (0.5) | 70.0 (0.
Discrete Affine Hull : 0D 05 1209
ERM  85.0 (0.0) 35.3 (2.3) | 35.3 (2.3)
- G-DRO  84.0 (0.0) 36.7 (0.7) | 33.7 (1.2)
o NICO++ LC 85.0 (0.0) 35.3 (2.3) | 35.3 (2.3)
z=(y,a) wherey € {"!“ M janda € {’T } SLA 85.0 (0.0)  33.0 (0.0) | 35.3 (2.3)
6 Cartesian Cartesian Observed ~ Unobserved combinations CRM 84.7 (0.3) 40.3 (4.3) | 39.0 (3.2)

Product for C; Product for C Combinations  to which we generalize
U(H’T)ZG(H”)_G(M’Q) G(MJ’T)

on train groups to generalize to d" groups: 2c(md + d log d) CRM outperforms the baselines w.r.t



