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Neural architecture optimization Energy-aware splitting
Splitting Yields Adaptive Net Structure Optimization » Our formulation
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» We apply splitting on a small version of MobileNetV1 Howard et al., 2017
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Results on ImageNet

» Consider a single-neuron network _
» MobileNetV1

£(0) = Exenl®(0 (0, x))]; Model MACs (G) Top-1 Accuracy Top-5 Accuracy

R \évhl?treed?r&l i;tggf_r:ar?nfrsc.)m the output of the neuron to th:e final loss. MobileNetV1 (1.0x)  0.569 7903 01 14
P Prnes. = Splitting-4 0.561 73.96 91.49

0 — {(9,', W; 77:1, we have, _
L i MobileNetV1 (0.75x)  0.317 70.25 89.49
L({0;, w;}) := Erop q)(z wio(0;, x)) | AMC He el al., 2018 = 0.301 70.50 89.30
R— i Splitting-3 0.292 71.47 89.67
» Smooth loss change: MobileNetV1 (0.5x) = 0.150 65.20 86.34
Z wi =1, ||6; = 0||, < €, Vi. Splitting-2 0.140 638.26 87.93
= . o . Splitting-1 0.082 64.06 85.30
Deriving optimal splitting strategies Splitting-0 (seed) 0.059 50 20 31 82

» Structural descent at stable local minima

m » MobileNetV?2
m,{l(;’r,-]}i,r}W;} {Lm({‘gh wit) — L(0),s.t.|[0; — 0] <€ 2 wi =1, w; > O'} (1) Model MACGCs (G) Top-1 Accuracy Top-5 Accuracy
» The optimum of Egn. 1 is determined by 2 g/lpcl)it’)c:cli?Ng-egvz (1.0x) 3;308 775(;1 99832
min {Lm({e,-, w;}) — c(e)} = & min{ Amin(S(0)), 0} + O(e3), MobileNetV2 (0.75x)  0.209 69.80 39.60
A0} () L AMC He et al., 2018 0.210 70.85 89.91
- . Splitting-2 0.208  71.76 90.07
with  S(6) = Exp | Vo®(0 (6, X)) Vigo (6, x), MobileNetV2 (0.5x)  0.097 65.40 86.40
_—Splittimgmatrix/—_/ Splitting-1 0.095 66.53 87.00
where \nin(S(6)) denotes the minimum eigenvalue of 5(6). Splitting-0 (seed) 0.039 25.01 1955
Conclusion

Optimal splittin . . . .
> Incremental training with splitting gradient.

» When A\nin(S(0)) > 0, no splitting

» When \,in(S(0)) < 0: . . -
» Opens a new dimension for energy-efficient
m=2, 601=04 evnin(S(0)), 0 =0 — evnin(S(0)), wi=wr, =1/2. NAS.

The corresponding maximum decrease of loss is €?A\min(S(60)) /2.

» Simple and fast, promising in practice.
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