How to Train Your Wide Neural Network
Without Backprop:
An Input-Weight Alignment Perspective

Akhilan Boopathy, lla Fiete



Backpropagation is biologically difficult to implement
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Many biologically-motivated learning rules have
been proposed
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Difference Target
Propagation
° Sets targets at
each layer

Sign-symmetry

Sets feedback and
feedforward
weights to have the

same sign
I

. Trains networks
layerwise with
similarity matching

° Improves LRA

Feedback Alignment
(FA)

° Random feedback
weights

Direct Feedback
Alignment (DFA)

° Random
feedback
weights directly

to each layer

)

Local Representation
Alignment (LRA)
° Generalizes FA and
DFA with layerwise
targets

[

This work

° Proposes learning
rules theoretically
approaching
gradient descent in
wide neural
networks
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Neural Tangent Kernel (NTK) theory allows for
theoretical analysis of infinite width neural networks

Narrow Neural Network

Wide Neural Network
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Jacot, A., Gabriel, F., and Hongler, C. Neural tangent kernel: convergence and generalization in neural networks. NeurlPS, 2018.



Wide neural networks weights and activations move
little during training

Change over training
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Jacot, A., Gabriel, F., and Hongler, C. Neural tangent kernel: convergence and generalization in neural networks. NeurlPS, 2018.



Weights of wide neural networks are aligned to
simple statistics of network inputs

Proposition 1 (informal)

As network width — OQ :
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Alignment at each layer can be quantified using an alignment score

e Alignment score is cosine t’f’(Al El)
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Wide, finite-width networks exhibit high alignment

CIFAR-10 KMNIST
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Simplified learning rules are equivalent to
backpropagation in wide neural networks

Error Error Error
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Simplified learning rules are equivalent to
backpropagation in wide neural networks
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Simplified learning rules are equivalent to
backpropagation in wide neural networks

Proposition 2 (informal)
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Align methods approach performance of backprop on wide networks

CIFAR-10 KMNIST
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Aligh methods closely match backprop on wide

networks at small learning rates
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Align methods are particularly advantageous in
low data regimes
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Align methods closely match backprop on ImageNet
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Conclusion

1) Wide neural network weights capture  3) Empirically, Align rules approach the
simple layerwise statistics of their inputs  performance of backprop on wide, finite
width networks in the following settings:
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2) Simplified Align learning rules are

equivalent to backprop in infinite width .I CIEAR-10
S
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Low data CIFAR-10

Error Error Error

000 - <o

ImageNet

Ya

[ P

18



