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DEEP LEARNING AS A MIXED CONVEX-COMBINATORIAL OPTIMIZATION PROBLEM

HARD-THRESHOLD ACTIVATIONS ENABLE SCALING LEARNING MULTI-LAYER MODELS WITH HARD-THRESHOLDS RELATIONSHIP TO STRAIGHT-THROUGH ESTIMATOR

o Soft threshold = continuous output| || Idea: If we knew the value each h. should take, then network would decompose into individual perceptrons. No existing justification for the straight-through estimator (STE) [Hinton (2012)].

yamvs f @) b

\

)
)

N\ :{\v’

‘v & /5 4’ ‘» Q

NOXIOIE7 577N

RIS

NN\ 2L// NN/
YaN\" A Y74 OV SY

QA XNE (WA 20
AN & X v v

We show that different STEs correspond to different per-layer loss choices in FTPROP.
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5 UG Original STE: L(t,z) = —tz

‘ —8 [Hinton (2012)]
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Saturated STE: L(¢,z) =max(0,1 — max(tz, —1)) = Saturated Hinge
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e Hard threshold = discrete output
S

. : Hubara et al. (2016
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Paul G. Allen School of Computer Science and Engineering University of Washington, Seattle WA, USA Code is available at github.com/afriesen/ftprop



