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How can we train models that exhibit
nigh group robustness?



A probabilistic approach

Find a prior distribution over neural network parameters
that places high probability density on parameter values
that induce group robust classifiers.

Probabilistic neural network
f(x;0)

J\
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HOW Can we construct
data-driven group-aware priors?
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Group-aware priors (GAPS)

Data-driven prior: p(6 | context information)

p

(6

Data-driven group-aware prior distribution

auxiliary likelihood base prior

group-aware prior ]/)\(2 07 f7 pX,S\/>-

z;fva A): ~/ A
At p(2; fipgy)

marginal likelihood
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Group-aware priors (GAPS)

Auxiliary likelihood: p(2 | 6; f,p% y)

N\

Auxiliary RV: Z (‘achieving sroup robustness’)

Bernoulll likelihood:

p(z=1]0;f,pxy)=exp(=A

“‘Px,v
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Group-aware priors (GAPS)

Auxiliary likelihood: p(2 | 6; f,p% y)

N\

Auxiliary RV: Z (‘achieving sroup robustness’)

Bernoulll likelihood: |
Distribution over context Setsi)st function

p(z=1106;f,pxy)=exp(=A : c(X,Y, f,0)

“‘Px,v
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Specifying px y-

1. Assume access to a (small) dataset with group labels

2. Reweigh dataset by upsampling underrepresented groups

Dataset with Group Information: Dataset with Group Information:
D' = (2',y,d") = D= (%,9) =
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Specifying c(z, 1, f,0):

Goal: Improve generalization for underrepresented group(s).

1. Cross-entropy loss with parameter perturbation
(2,9, f,0) = L7, f(2;0 + pe(0)))

2. Worst-case perturbation

e(0,z,y) =1
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Group-aware priors (GAPS)
Putting it all together:
- Let 2 =1{1,...,1} (i.e, ‘group robustness achieved’)
- Auxiliary likelihood:
p(z=1|0;f,px y)
= exp(—AE, . . [6(7, (20 + pe(0)))])
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Maximum a posteriori (MAP) estimation:
m@axp(é’ | YD, LD, 27 fva,?)
- Y (O RPN (O PN 2 L AT Ja(s) s,
min{ Y 0w, f@3)i0) + 10— ul3+ 5D AG, @50+ pe(6)) |

v n=1

standard Ls-regularized loss group robustness regularization

=P Amenable to stochastic optimization.
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Step 1: Finetune pre- Step 2: Construct the Step 3: Perform refitting
trained model with ERM group robustness prior on D with prior
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Contain underrepresented groups

and are exposed to subpopulation shift

Evaluation: Worst-group accuracy

Only uses minimal
group information!
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* DRO = Group Distributionally Robust Optimization (Sagawa et al., 2020)



Evaluation: Full results

Table 1: Average and Worst-Group Accuracy.

Method Group Info Waterbirds CelebA MultiNLI

Tr. Val. Aux. Worst  Average  Worst  Average  Worst  Average
ERM N N N 74.9+10 98.1+0.0 46.9+1.3 95.3+0.0 65.940.1 &82.840.0
JTT Y Y 86.7 93.3 81.1 88.0 72.6 78.6
CnC Y Y 885402 90.940.1 88.8+0.5 89.9+0.3 — —
SSA Y Y 89.0+03 92.240.5 89.8+0.8 92.840.1 76.6+0.4 79.940.5
DFR Y N 929401 942402 88.3+0.5 91.3+0.1 74.74+0.3 82.1+0.1
SUBG Y N 89.14+05 — 85.6+1.0 — 68.940.4 —
G-DRO Y N 91.4 93.5 88.9 92.9 T77.7 81.4
GAP vt N Y N 93.2402 94.6+0.2 90.24+0.3 91.7+02 74.3+0.2 81.9+0.0
GAP sityes N Y N 93.840.1 95.6+0.1 90.2+0.3 91.5+0.1 77.840.6 82.5+0.1
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Summary

1. We designed a family of data-driven group-aware priors
(GAPs) and constructed a simple prior instantiation.

2. In practice, sroup-aware priors can be used as simple add-on
regularizers for standard optimization objectives.

3. Group-aware priors significantly improve group robustness
under subpopulation shifts.
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