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Model Selection
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Over-parameterized Models
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Deep Learning
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Randomization lest

Deep Neural Networks easily fit
random labels.



Random Label Dataset
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Randomization lest
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Randomization lest
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Randomization lest
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Randomization lest

Deep Neural Networks easily fit
random labels.



Regularizers

< Big Hypothesis Space

U Regularized Models




Regularizers in Deep Learning

- Data augmentation: domain-specific transformations

* Weight decay: I2-regularizer on weights

» Dropout™: randomly mask out responses




Fitting Natural Label with
Regularizers
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Fitting Random Label with
Regularizers

=B - HEW -

Regularizer Training Accuracy

Inception 100%

L RE=anEn

Weight decay Alexnet Failed to converge
MLP Ix512 99.21%
Crop Augmentation* Inception 99.93%

IMJAAGE
NET

Regularizer Training top-5

Inception V3
Dropout + Weight decay 97.95%

une the hyperparams a bit and run for more epochs for this to converge, see paper for details.



Implicit Regularization
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SGD fits Random Labels
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SGD fits Random Labels
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SGD fits Random Labels

average loss
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SGD fits Random Labels
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SGD fits Random Labels

Optimization is easy for deep learning.



Conclusion

Simple experimental framework for understanding the effective
capacity of deep learning models

Successful DeepNets are able to shatter the training set
Other formal measures of complexity for the models /

algorithms / data distributions are needed to precisely explain the
over-parameterized regime
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Tall-skinny net  vs. sin(wt) functions.
Deep neural networks shatter the

L.
s Effective Complexity: fitting random labels

r Models & Implicit Regularization: SGD = Min-Norm

Our Contributions

Early Stopping.
Deep neural
networks easily | ¢ ormance, but is —
fit random ither n 1y nor by itself sufficient =

qularization may improve

labels. for controlling generalization error.




