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Motivation

In shortcut learning, interesting phenomena occur such as ...
> Shortcut features are learned faster than other features
> Shortcut features contribute more to the network output than other features after convergence

> While data samples with no shortcut features can also be learned with near-zero loss during

training, such data outside the training set are still not well-predicted

We analyze those phenomena upon the framework of Neural Tangent Kernel (NTK) theory

> Case study: training a linear neural network on a dataset of an almost-separable Gaussian

mixture model, of which the majority of the samples are clustered by a certain feature
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Problem formulation

We define a simple setting of training data distribution:

> All samples x are labelled as y € {—1, 1}
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corresponding to its label - Y: ground-truth label,
B: label from a shortcut feature.

This setting resembles real-world scenarios
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Spectral bias of NTK on biased dataset

Proposition 3.1. Assume data x € R in a Gaussian Mixture Model of p(x) = YX_, m N (uy, o2I). The

kernel k(x,y) = (x,y) has eigenfunctions ¢; and corresponding eigenvalues A;as follows:

¢.($):{ zvi/e; ifi=1,...,m

z v /c; otherwise

K 2 i
B = lec(=17rk0k+ai g S R
z o .
Y k=1 TkO ,% otherwise

when (XK_, mpueui)v; = a;v;, vi is a vector perpendicular to uy fork € {1,..,K}, m =

rank(Yg-1 Tty ), 1vil = 1, [vit| = 1 and ¢; = |/ A;.

Tp, is much larger than m¢, , SO We can expect that the inner products with data from these

“shortcut clusters” will converge faster than others.

Virtual Machine & Optimization Laboratory



Spectral bias of NTK on biased dataset

Figure 3: Original images and saliency maps from each feature of outputs from two-layer ReLU CNN
networks. Saliency maps on the left side shows the spatial support of features with large eigenvalues,
while saliency maps on the right side shows the spatial support of features with smaller eigenvalues.
Indices indicate the ranks of the eigenvalues in terms of magnitude. A saliency map from the i-th
index indicates the saliency map from a feature with the (i + 1)-th largest eigenvalue. Features
with larger eigenvalues focus on biased attributes of samples, i.e., in CelebA, features with larger
eigenvalues focus on the edges of the face, or the background of an image rather than the hair itself.
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Features after convergence

Proposition 3.2. Assume data x € R%in a Gaussian Mixture Model of p(x) = Y.x_; m; N(ux, o?1). A
binary label function y(x) € {—1,1} nearly separates the mixture model that data from clusters with
mean u.(c € C)are labelled as 1 and otherwise -1. When the linear neural network is optimized for y(x)
with the MSE loss and dissected into f(x) = X7, wi fi () (fi(x) = xTvy & ¢ (%), |vx| = 1), and if p; L

,ujfori 7‘—'] and UV = ,l,lk/ll,lkl, then

T || |l 2 oy
; ifkecC
P iy mio; k|| k3 /
k _ || k|2 . ifkecCe
iy mioi k|| ekl

> Data samples with biased attributes, B,, ., belong to a larger cluster (nBy,,), so biased features have
large eigenvalues and a large influence on the output at the same time.
> Such a dependency of wyon cluster weights m; originates from the existence of the variances, o;,

among data in the clusters.
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Features after convergence: max-margin bias

The result on features after convergence is not due to max-margin bias.

In fact, max-margin bias alone cannot explain shortcut learning.

Isn(f(z).y) = log(1 + exp(~yf (x))) + ()P

> When NN is trained with SD (loss above) with a very strong regularization and margin is minimized
(A — o), the decision boundary converges to the one of MSE loss, which is still affected by
shortcut features. (f(x) = Y= Wi fix (%))

Ii (Tﬂfé)SD L (wi)MSE
1m =
A—r00 (wj)SD (wj)MSE
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Predictability and availability

We empirically extend theoretical results to the case of more complex networks.

> Predictability measures how well a feature g is aligned with the ground-truth.

* Predictability is y"g/|X|. y = [v(x) for x € X]Tis a vector of ground-truth labels, and g = [g(x) for x € X]Tis a

vector of labels assigned by a certain feature g(x).

> Availability measures how “easy’ it is to learn a label for a neural network. For a discrete case,

availability is an alignment of label g to empirical NTK (eNTK) of K (X, X)

_ 8 KX X)g _ Ai o 8 o
AU IR~ 2 e Tl
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Predictability and availability
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Figure 4. (a) Availability and test accuracy of ground-truth
labels and shortcut labels in two realistic datasets:
Waterbirds and CelebA. The tested model was a pretrained
ResNet-18.
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THANK YOU!
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