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ABSTRACT

The performance of machine learning algorithms significantly depends on how a configuration of
hyperparameters is identified and how a neural network architecture is designed. However, this requires expert
knowledge of relevant task domains and a prohibitive computation time. To optimize these two processes
using minimal effort, many studies have investigated automated machine learning in recent years. This paper
reviews the conventional random, grid, and Bayesian methods for hyperparameter optimization (HPO) and
addresses its recent approaches, which speeds up the identification of the best set of hyperparameters. We
further investigate existing neural architecture search (NAS) techniques based on evolutionary algorithms,
reinforcement learning, and gradient derivatives and analyze their theoretical characteristics and performance

results. Moreover, future research directions and challenges in HPO and NAS are described.
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£7% Reprinted with permission from J. Bergstra and Y. Bengio, “Random
search for hyper-parameter optimization,”, Mach. Learn. Res., vol. 13
Feb. 2012, pp. 281-305.
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y: a prediction, Lyg4;4: a validation loss

Z£X| Reprinted with permission from J. Lorraine and D. Duvenaud,
“Stochastic Hyperparameter Optimization through Hypernetworks,”arX-
iv preprint arXiv:1802.09419, 2018.
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June 2018, pp. 8697-8710.

121 8 NASNet EE 71X U EMM

T Qe 2E wdL 51e] DAG (Directed Acyclic
Graph) 2 F83}1L, DAGS] A|B 182 E A=
H e mdg Yottt 2 A o HAof
MEH DAGE 2 HHo] FXo|H=E | o)y i
T YR AEA SR B

o] vk= 2282 4= Stk Pentree Bank H|o|E
o= 23t AgolA 24l LSTM Hdoj]
J5= Alsdhs 8 M (Recur—

rent Model)©] T+l GPUAYO A 10417 483}
of ERAIEIQIt) £3] CIFAR—-102] 73-%- DenseNet
O] QF& 2,56%°] T 2.89%= DT = Q)
= IH A F2E 0.45 GPU Daysitof| 24
U= AES HojFHr} o] NAS, NasNet, Hi—
erarchical NAS T ZFz} 50,0004, 4,0000), G6GHH

o] b & AL o] Aol

3. ZAb st 7t e

ek AneE L 4 S 7] T 7]
of thot AR A1 AEpel that ok
AL 913 olabHolm wHE 4 gl W 9
2, Qo] ulito] Fsgt EHeloR 9t



228 9| / XIE 7|AIEHS(AUTOML) 7|& S8 39

EE HES

ZEX| Reprinted with permission from G. Bender et al,, “Understanding
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