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A Fittingsinglelayer neural network with SGD and no regularization
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A Training goes to 0 with enough units:S QNS FA YV RA.Y3I |
I Even though objective function iisghly norconvex
A What should happen to training and test error for larger #hidden?
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A Test error continues to go dow?l Where is fundamental tradeff??

A There exist global mins with large #hidden umiith test error = 1
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Multiple Global Minima®?

A For standard objectives, there is a global min function value f*:
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Multiple Global Minima®?

A For standard objectives, there is a global min function value f*:
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A But this may beachieved by many differeqgarameter values.



Multiple Global Minima®?

A Now consider theest error:
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Implicit Regularization of SGD

A There is growing evidence thasing SGD regularizes parameters
i2S O f fimpligtkegulafiz&tits a2 F GKS 2LIAYAT I GA 2

A Experiments indicate SGD implicitly regularizes neural networks.
i.dzi 6S R2Yy QU KIFI®GS | O2YL} SGS (KS2NE
I Beyondempirical evidence, we know this happens in simpler cases.

A Known exampl®f implicitregularization in a simpler case:

i Consider aeast squareproblem wherethere(S EA 2 (18 X6 Q HKSI
A Residuals are all zero, we fit the data exactly.
I You run [stochastic] gradient descent starting from w=0.

I Converges taolutionXw=y that has the minimum E2orm.
A Sousing SGD is equivalent to-teyularizatiorK SNB X 6 dzi0 NB I dzf F NAT | G A



Implicit Regularization of SGD

A Known examplef implicitregularization in a simpler case:

I Consider aogistic regressioproblem wheredata is linearly separahle
A We can fit the data exactly.
I You run gradient descent from any starting point.

I Converges tonaxmarginsolutionof the problem.

A Sousing gradient descent is equivalent to encouraging langeginon separable data.
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A Similar result known folboostingand matrix factorization
I Implicit regularlzatlon tends to also achieved with momentum,
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Double Descent Curves
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A What is going on???
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lobal min with worst test error

I Actual test error for different global mininae better than worst case bound
Y ko@ @Simisti@ 2 NA& U

i CKS2NE A&

O2NNEBOG X

0 dzii

a Df

',Ps'l evror (wdfs‘, 9'0“0.’ Min)

2 S






