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ik 1 R THEABUFILL(SMBO)
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(5) return M,
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(14) end if;

(15) end for;
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Noivia DRI /5

(4) x «— uniform(lowBound, highBound) ;

(5) KA R B () 5

(6) S«— S U (x, f(x)), x,, < argmin,
fx)5

(7) end for;

(8) fd % 2 ST 5 4 Sy ELM A AR A
M;
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(17) end if;
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(19) Npoy <=2, Ny <0

(20) ifp =p,.. and f(x) = f(best)/ = Qb
THHBBL = /5

(21) Mg < Ny + 15

(22) end if;
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RO, HTHEARRINEL *+ /;

(24) p<—0;

(25) end if;

(26) end for;

(27) return x,,, o
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I KPP SR BRI BN, 200
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2118

TE 3 AN SE g, 75 BN SR 45 9 ALY CNN A
T, BRI 2 SRR, B SRR A 5 A
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pooling) KL FHL, 75 2 NSRRI 2 JZ A4 HE W 4%
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BUREE T B 1% (SCD) X W28 £ A7 I 25, 3 A4 [ 73
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%2 LI CNN BHEBSHTIR
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EC O ikt it
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(%24

SRR 2 T R
EBRUZ 1 9B U
BRUZ 2 UE AR AL

BB 13
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4.3 ZEWHER
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ARG B PEREXT i3 3 iR .
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1 A TPE &

0.0115 * e

0.0110
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B
?ﬁ 0.0100
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0.0090
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A hyperparameter tuning algorithm based on extreme learning machine

and stochastic response surface method for deep learning

Sun Yongze " ™ , Lu Zhonghua "
( " Computer Network Information Center, Chinese Academy of Sciences, Beijing 100190)
( ™ University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

Appropriate setting of hyperparameters is a critical factor that determines the performance of a deep learning
model. Realization of highly efficient hyperparameter tuning algorithm contributes to improvement of the speed and
efficiency of deep learning application, and reducing the difficulty of applying deep learning model. One of the
state-of-art hyperparameter tuning algorithms is Bayesian optimization algorithm ( BOA) based on surrogating mod-
el. Theoretically the performance and efficiency of algorithm based on surrogating model can be superior to several
simple hyperparameter tuning algorithms such as grid search and random search. This article presents a high per-
formance hyperparameter tuning algorithm SurroOptl that adopts extreme learning machine (ELM) as deterministic
surrogating model and an improved random respond surface method as optimization strategy. Experiments prove that
the proposed algorithm can achieve superior performance and efficiency in hyperparameter tuning task for deep con-
volutional neural nets to Bayesian optimization algorithm and tree-structured Parzen estimator ( TPE ) algorithm,
which are two of the state-of-art algorithms.

Key words: hyperparameter tuning, surrogating model, extreme learning machine (ELM) , random respond

surface, deep learning model
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