AutoGO: Automated Computation Graph Optimization
for Neural Network Evolution

eh', Keith G. Mills"4, Negar Hassanpour', Fred X. Han', Shuting Zhang?, Wei Lu', Shangling Jui®, Chunhua Zhou?, Fengyu Sun® and Di Niu?
'Huawei Technologies Canada, “Dept. ECE, University of Alberta, *Huawei Kirin Solution, Shanghai, China

/’éegment\ B :
S PB. elect Replacemen 0O : = -
Abstract G0 Segments . ‘ — Paretl;t?rl:)tntier Real-world Mobile Deployment
Real-world DNN optimization is a challenge for ML engineers. @ {8*} \ Mutate Aesoon Tropagaon Sl il e : /\ AutoGO further optimizes an already-lightweight,
LA s — g* > > o d =il 7 oroprietary U-Net-like architecture for denoising on a
Heavy use of expert-driven, predefined design spaces. p nput CG_ — | Seament with BPE Vocab / MILP d cedicior Sowar Cale \/ i mobile phone using a cycle-accurate counter.
. B e oo 0 o eLElEE o | N k
We present a framework for evolving neural networks: “NOTTNG A e D Tab. 6: Reducing power/latency of a denoising network.
AutoGO: Automatic Graph Optimization. > A , , . , Donols: PSNR AL P AP FLOPs [1e9
e =faph 2P Fig. 2 in paper: AutoCO takes the CG of an architecture and Segment DB as inputs, producing a Pareto frontier as output. cHommns SN atency Tower [mW] o OFs [1e9]
Base Model 1394 — 724.59 — 17.05
Our contributions: Predecessor, Segment and suCcessor Results on Computer Vision Tasks AnoGh 199 2% 0 ©fE  SJAlw 1656

Database of computational segments for mutation.
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