STAT 946 Scribed Note for Lecture 16
Professor Mufan Li
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Set-up:
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h = \/ﬁ * Wi ~ N(0,1); ¢(z) = max(z,0); ¢ ' = Bp*(w), w~ N(0,1)
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where F; is the sigma field generated from the first to the I-th layer, and let ®; := [% <g0?‘, golﬁ >} " &
a,f=1
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As
c>0, p(ex) = cp(z).
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Let ((D?j)m, ( 527)1/2 be w*, w”,
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By Cho and Saul (2009),
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Aside n — oo,
ol = e (%) = FoForwof(cry’)
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Figure 1: Ji(p) > p, p€[0,1], p =1 s a fixed point p,ry = ¢ Ji(pe), po >0
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Figure 2: Remark: Noci et al.(2022), p = 1 implies vanishing gradient



Aside: pf¥ =1-— o),
% = (1 — p2®y — SDE (Li and Nica, 2024).
Solutions:
1. Skip connection:

1 c
hos1 = he + %\/EWK w(hy)

2. Modify activations: Morten et al. (2021), “Deep Kernel Shaping”. Zhang et al.
(2022): “Tailored Activation Transform”

shaped activation function:
vs(x) = cplax +b) +d

For relu:
s(z) = max{z,0} — a min{z,0}

Treat pgﬂ as a function of a, b, ¢, d; optimize
af _ _ap
Pa = Pd (av bv G, d) (n — OO)
optimize p5” = 0.3

Result: can train deep networks w/o heuristics (No adam. skip normalization)
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Figure 3: Relu

Zhang et al. show: as h — 0o, d — 0o, p; converges to an ode,

Orp7" = U(p")
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U(p) = V1—=p? + p(m—arccos(p))
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Shaping recipe:

For Relu:

Smoothing activation:

Figure 4: Sigmoid

Reluo Coosofaxt b o) ¢ J

Figure 5: Shaped Relu

vs(x) = s4 max(z,0) + s_ min(z,0)
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S+ =1+ o p to be determined



