BERKELEY ARTIFICIAL INTELLIGENCE RESEARCH

Predicting Out-of-distribution Exror with the
Projection Norm

Speaker: Yaodong Yu*

| 3 | Y/
Zitong Yang* Alexander Wei Y1 Ma Jacob Steinhardt

UC Berkeley

*equal contribution Paper link: https.//proceedings.mir.press/v162/yu22i/yul2i.pdf



Problem: predicting OOD error

Given

. A prediction model @ fitted on atraining set

(x11 y]_)1 (x21 y2)1 E y (xn1 yn) :
. Out-of-distribution (OOD) test data X, X,, E , X,

predict the prediction error on the test set

(%1, Y1), (X2: ¥2), E » (¥ Vi)

without having access to labels Y4, Y», E , V...



Solution: Projection Norm

We propose a quantity named Projection Norm that help predict
test error.
Projection Norm for neural network.
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| Step 1 Use 0 (the model Whose test accuracy we care about) to pseudo

label the test data X1, X,, E , X, (of size 11). '
. Step 2: Starting from initialization @, (e.g. pertained ResNet), train a ne

% _model @ on the pseudo labeled test set from Step 1.
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- Step 3: Subsample 111 samples from the training set (original size = 11),

and train a reference model H!ref- Compute the norm of difference.



Mainline experiment: CIFAR100C (16# 5 = 8C corruptions) with

ResNet50 pertained on ImageNet.
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Test Error

Experiments: qualitative comparison

We consider several baselines:
- Confidence score (Hendrycks & Gimpel, 2016), ATC (Grag el al., 2022)
- Agreement score (Madani et al., 2004)
- Rotation prediction (Deng et al., 2021)
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Some observations:
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ConfScore v.s. Test Error
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- EXisting methods tend to perform well when test error is small.
- Projection Norm outperforms the other methods when test error is large.
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Experiments: quantitative comparison

Rotation ConfScore Entropy AgreeScore ATC ProjNorm
R? p R? p R? p R? p R? P R? p

ResNetl8 0.839 0953 0.847 0981 0.872 0983 0.556 0.871 0.860 0.983 0.962 0.992
ResNet50 0.784 0950 0935 0.993 0946 0994 0.739 0961 0949 0994 0951 0.991
CIFAR10 VGGI1  0.826 0.876 0929 0988 0.927 0.989 0.907 0.989 0931 0989 0.891 0.991

Average 0.816 0926 0.904 0987 0915 0989 0.734 0940 0913 0989 0935 0.991

ResNetl8 0903 0955 0917 0.958 0.879 0938 0939 0969 0934 0.966 0978 0.989
ResNet50 0916 0963 0.932 0986 0905 0.980 0.927 0985 0.947 0989 0984 0.993
CIFARIO0 VGGI11 0.780 0.945 0.899 0981 0.880 0979 0919 0988 0.935 0986 0953 0.993

Average 0.866 0954 0916 0975 0.888 0.966 0.928 0981 0.939 0980 0972 0.992

Dataset Network

BERT - - 0.516 0.671 0.533 0.734 0318 0.524 0.524 0.699 0.585 0.664
MNLI RoBERTa - - 0493 0.727 0.498 0.734 0499 0.762 0.519 0.734 0.621 0.790
Average - - 0.505 0.699 0.516 0.734 0.409 0.643 0.522 0.717 0.603 0.727

Two metrics considered:

. R perform a simple linear regression using the 80 samples and

compute the R? statistics.

- 1: Rank correlation between the vector of OOD test errors and the vector
of Projection Norm.
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Stress test: adversarial example

ProjNorm v.s. Test Error
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ConfScore v.s. Test Error
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Synthetic linear regression: intuition

Problem formulation in the linear setting

The problem is to estimate, without access to y, the test loss

1/m)%Y0I" y % of the min-norm solution
(

0'= min %% = X4(XX%) 1y = &X&(XX&)
X0=y

Two observations:
- From the training set, we only learned the portion of @ that is in the span of X.

. If the training and test set are perfect aligned, i.e. row(X) = row(f), the test
loss would be just O.

Projection norm for linear regression

Therefore the non-zero test error stems from the portion of 6 that is

iro() but in row(X). This quantity is intuitively measured by

%" P)PO% (X4(X X&) X
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