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Survey on meta-learning-based hyperparameter optimization

WU Jia, LIU Xiyuan, CHEN Senpeng

(School of Information and Software, University of Electronic Science and Technology of China, Chengdu 610054, China)

Abstract: Hyperparameter optimization ( HPO) is a pivotal technology in Automated Machine Learning, aiming to
automate the tuning process and alleviate the burden on practitioners. In robotic systems, HPO plays a critical role
in enhancing neural network training for perception modules, controller parameter calibration, and performance
optimization of multimodal data fusion algorithms. However, despite significant progress, efficiency remains the
primary bottleneck limiting its widespread adoption. Recent advances in meta-learning have opened new avenues for
improving HPO efficiency, particularly demonstrating unique advantages in robotic systems that require rapid
adaptation to dynamic environments and novel task scenarios. This technique enables models to automatically
assimilate and apply knowledge from prior tasks, thereby improving learning efficiency for unseen tasks. Currently,
researchers are actively exploring meta-learning techniques to enhance HPO search capabilities. In this paper we
aim to provide a systematic overview of relevant research. First, we provide a formal definition of the HPO problem
and review state-of-the-art methods. Subsequently, we systematically summarize meta-learning-based HPO
strategies and analyze prevailing meta-learning algorithms. Furthermore, we introduce benchmark datasets in HPO
research and compare the performance of mainstream methods. Finally, we discuss future research directions in
hyperparameter optimization technology.
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BERIGERE A S CE I AR, I DR ST 55
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1.2 ETF R E*

D37 4/ 4612 =) (bayesian optimization ) Jg&—
T ol e SR AR H A ok B ARLSK ik 1 A 8007 4
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(acquisition function) RSEI, ZPREL v T8 FIERE T
—ARAE A, H TR T e R A 2 AH ( maximum
expected utility) . 7EA8 2R AF 25 [H] I, R4 R AT
AR ( exploration , B AR [Xiﬂjiﬁﬁ?;fé#) 5
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AT BOA B Y SR ECEAG R,
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A G — e H BRI BOR, Has o AU [ SR L
PLHIAE R i R s (o] v SR PERE IO . . %2071k
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ZAERR R NRFERS) 2 i sh &, UL T 0T
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2, HAEZ AR T A B S AL AR Dy T AT AF A — &
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SERIARMRIPE 5 0 B AE 08 2 A AR RePE R T RHE
WA WS H R JTRE R 0 S LUT 3 28 T
WAL PEREFE bR B TR 55 A B 0 SR R AL, DA S AR
T AR SIS IE . T SO 3 X 3 26
TCRFIESEAT AN I 34
2.1.1 AL ERE

BEAIPPAG PR BEAFAE B A% o HIAE Tl A 55 1Y
PEREVPAG 25 SRR FUNAT 55 (B RO Z5 A AR . 12Ty
P — R AT R - e, SO T BE YL
AN e A b A RICE = 8], iz 2 8] ] D2 By
U LR SR A AN e, U BT S 4R
BNT e T, JiLAESRITEREIAE 45 RIGLEE S P,
Horp, ;e P FRREARSS T, LR ECE A, FEATIEAG 5 59
PEREAES p, = P(ALT,) . FFAI 7% P T REALEE I
RITERIEAE b A M S AR IPA BOR | i n 52 S
Cvafloe

XTHAEST,, , WP, o~ E I PFAL 45 3 4
G 00p; ey €P, o TR HbRIE RFAEST,,, 1
TR AT X8 R W R BT AT S5
REEE P, ITFE G P, KT 55 e LI
2.1.2 S5 RPEAHE

FIAT: 55 S5 AR LR A% O 78 T IR I A7 2K
FRAT S FHERE R . IR EE L IR R 2 Jr
R IX — ) R, e ] 22 b A 472 4 5 i A Y
ANPERER BT IR . A, A 55 R R R A A0 42
WO EZIR LT 6 25,

1) Tj B TT k  IX 28 T7 ¥ N 4 rh 42 BRUEE Rl Y
JCHRAE 2 PR FR Al 0 5 iE ( general meta-
features) > | ANFEAKCE B MRS 2 BIBCR 55
IXSEFAE R T RCH A Y A P B G B
FNAEAR JB T 5o TS B TR RS ]

2) Gt RRAE W R K 4R e AR B R T R
FE =20 A1 45 S Y {H ( mean ) | R #E 2 ( standard
deviation) W (kurtosis ) 55 48 A B0 70 A0 1O F8 45
FETHUE BT

3)fF B HEIS R IR A E B S ST TR
fiE, BRI EE S P 5 B i 8 R TR &
AT, 22 FH 43 28 )@ Pk RN R AE 43 S I i 0 1
i, J& ¥ B (attribute entropy ) . BX A 4 ( joint
entropy ) %5 .

4) BT R AR AL - AR ot A b SR U
TCRRAE , AP Sy BRSO R AR
I T R 11 5 A R i e KA A 1 R A 4
T RBGE ROESAE BR TR, K fR T AR
( K-nearest neighbor) 25 HARA Y8 7] F F S FRAE
IR,

5) HibR 7592 (land-marking ) - 1 FH fa S bR 24 >
SR HERE A8 b ok il R a4 1 ST ARRIE O X
SRR VR N B AN (1 P R AR 22, HLRESS LARAIR Y 11
ARSI T 58 . WP SR AR A (1 51 A
(best node ) . B AL 17 25 (random node ) Fllfz 2 77 /4,
(worst node) , EATTH H L — @ A [R] 3= SR i A
BAHUPERE

6) HAb 5 % . AN TRk 5 28 i HAl ST RRAIE,
A 35 I [ AH G FE H2: (time-related measures ) 0 T
HE & 1A~ % ) B & (concept and case-based
measures ) "' T LT R TNHE BT AY B = ( clustering
and distance related measures) (43-4) o
2.1.3 “Ehk

WL R BLAS 27 S B B 5 2] M 2 RE A% B
55 W LSRR 0 ELRSR I AL 1 R B 1)1 2
Bl mIgnmiAE LRy S, He T, A 55 2
FARRAL, Hea ] i 2o niy B ARIE A, A A G
Ti Bl AT AT 55 1 2 i e i R Oy
T AT 55 [ A AR R .
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A ER 5 P s 2 O AR ARLRE 9 2t e AH LR KA
I3 S A5, i 5 T L AE ) i R T, 7E AN TR T
BT RTTEPERE NI IR UL

(BT B 1, S H 7 v B O 4 T RRAE 22 1
LRELE L (MGETHRE 5 BB R ESS) , B A
A AT R B 0 R A5, 8 o A A A R
— R AR A O™ E A S I R E LA ORI A
BT 55 85 BB R S Bz AR T BE
THYRFIELL & AT BETC I A H AT 55 1) &2 2% e 4k 1) 3k
MR R . PRI, Gl 5 3 07 b 2% 2T 4T 55 19 3R
TEFF4E It B Sl by AR AR 2 bR B, T AR T
P, & B IZ AU — A B & R
2.2 THREINEBARFEEZSFHIEZARRKSE

RS

TEAT 55 BE R AR LR B Sl |, B0 By o R A
2R E SR SR 5 A A AR AR T AR 55
BEJ , Dk SEARBUE 55 Hh 2 S e Rt R R T
BAE S e R v, EHT, TR ) Oy s
AR N RZE

1) FETAE S5 AV B H A TE 8 1y ik X R
T3V AR AL 55 8] B 25 M AR | Sl B4 55 HE 77
EEpraiilWE w3

2) HETAT 55 IR A RHAIE 5 1 RE G R A R E Y
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Tk 58— RN, X R ERA S &
PERFAE SRR A B 22 (B] (%) P AR IR 2R 38 3 X b 6 3R
KRB E TR,
2.2.1 FETAES AR B E

FEBSEAR AU, 56 T4 55 UM B
Bic B 10 7 ik e —Fh EDUL L5 TS i SR 1
A CoAE TR ER D AT 55 B JTHRPAE | mf | o, LA B2 AH
I AYTCE A, Horh j OR8N AR 55 n AR R
TE55 1 B, TR BT AT 55 B, 3l 0 b 3SR T 45 1R ot
FHEmS, ., 5 01 AT I TCHRAE [ mf |, , HRIERFAEAR
LR AR K Ak il &>

BT R EARAT A PR LA A HEFE TR

1) FEF BRI DEAL 25 0 HE 2 M 1E . ORI B
TSR ] A B, M PR i B A A
A} BFXPEEAN T AR5 T, %) A G & 17 M g
AL, FEACHE S E F bR (UNUERR R AUC {H) #7fT
BErEREHEA . W A DT AT S R HEA S B
THEF R HEZ Sl HEY R85 B2 R il
BRACHH T, WX AT ST B, B B A R
HEAZ AT K A7 A Te B VR AR 2 R0 IR A BT
% IR HAERE . 12O A s A 55 T A A
X, i AR5 R M REHE Y — SR R g 5

2) T JE PERRAE AL AR . 12 R I 3 ik
HALAT S5 RITCRRIE AR U SE A TR B A . HLAT
5 TR SRR R R 5 5T AT S R )
mf, (B[ L1 RO B 9 1 AR BL Y KA ) s A
55 B R A M i T A SR B AT 45 v bR Ak
TE, BN, SCER[S57] R T 17 83T on R 1E, X
k[ 58 —59 20 BIRFH 15 A4S 46 A28 0 30k 1 e
fECHTE ST 8 5 AR PR AR ARAE ) o LR T IL
WINEE K 2 Auto-Sklearn 45 H shHll g8 27 > HE B8 1Y 4
Je SR 0 S e AR RLAT: 45 DC B4R THE R

JRUAE JEFAT 55 AL 1) 1 S s HL A 8 0
W | S BR fR 0 0 A, Rz Ak B 1 AR e I S R B
MOHAE 555 D AT S5 AR B o A s A AR AE L 22 5
i R AR (L4 DG JC A T 9 A 1T R G A 3
UM AR, 52 S B A0 R I A A8 R X
R I, 12 v TS AT 55 A A R sl L 7
T S B N s
2.2.2 PSS EMARHE S5HERE 2 B 6 R AU RACE

AW TERERAT 55 B AR E 5 S 4
EYEREZ R OCEL, R TIiE S E R, A
55 TURHIE IS B9 3 R FH 220 (] U 4 A 33 00 4
145 Hic B 0 PR BE TS bR (ks BE B 2Rt G ) o RN
5 22 2R FH A 1] A 45 D7 2 T 25 e i ) PR R
IR HERE %) SR LR T AR — 45 | AR J4 i

YA SCHR 63 ] I 22 2 I 2 48 T FUIDoRG B, SC
FR[ 64 ] J0IE T SE 850 a FVRRAE 28 B 38 2k 22 701 5 ]
BN E I T ], @4 o, R IR R
BT 55 T, R BURC & T H A S 205 s
HRAHABL AR R T

T3 — T BT Sy R, HE o i e e S
REZ I MRS 5G4 G 1 RN & D AT 55
TP B E STy kid w T DU O A AE
2 I R AR PO AR5 T, 5 AR5 T
AL A S DL A B R Iy e, fE A B R R
( surrogate model ) FAA A 5 1 , BUA WFFE T 240 A W
ol SEUH . —JE X A g AT 55 A T 48— AR R
BT 55 3 1) S g AR PR Y P 5 e AR AL
BN,

o, SCHR[ 65 138 b Iy S AT 55 B A gt T — A
IRBEEEHY S M x A—R, T LATHIN 4000 B A, 7EAT: 55
T EREREHES . M ARER 4 MEF R IETTRE, %
Y T 3 g S0 ] U 42 e A R BR300 A ORI T
DU S A R IR PR B, B PP A T B i p, L JS
XA AY AT TR, SCHR [ 66 ] W4t — A sy 56
R GRS T, AL J3 52 AT 55 4 4 DL i
W ACRRAEAY AT 55 AR ARLEE T = O AE 1) 2 A BRI
FRES A

SR, T4 Jmg Iy S0 e A e — A A 1Y
T Rt FAFE R R BR i Tk
K FH 7 1 F2 ( gaussian process ) PEAT #AR | H AR #Y
PR R AR 0 2 O(n?) I, Bl
AT 55 FBC B PR OB T B 2R BT
PR ) HAE R AR 757 T I

TESCHR[ 67 ] 42 H iy )7 vk v, DL - G 16 550k i
AR AR Iy S AT 55 T, 5 T TP R =2 1) 17 bt S
KFR,ESN

S;(A;) =p,, (3)
Rty HRREA LIS T, PR, %
i BTE NS T3 52 AT: 55 0 AR BB AL th 42 BROT NN,
I TR AL 55T, , LASE 30 T 5 500 0 v ) 2%
FE, B BT 45 A0 A B AR 0 g b R 45 7 S AR
PRI AL G

S = iszj (4)
S LT S AT 55 j ST AR SRR A 0, SRy X6
WAL A 54E 55 T, T, 2Z ) A AR BLEE 1 IE HE
SCHK[ 68 ] — K H Nadaraya-Watson A% A J5 %
HRE(4) PACE A w, ; AT 55 e A 38 1 AR X b >k
FAE AT 55 [ AR R0 57 3 Epanechnikov — 1A%
AT, FEMCHESR T Wi AT 55 5 3 — D) S AT 55
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SCHR[70 ] R 22 J2 B A S AR A BT
P T 55 O TERFE m (T,) FEBA, KL PE R, (T
IR, BN AT 55 RPAE TC B 5 THC 1k BB =2 ] F) i G
,Bp

S(Am(T) b(T)) =p,, (5)
SO (7)) HE ST MR PERFE R 3b(T,) =3
S 1 S REATE TE 45 7 TR 1, 50
0) . ZERITEE 2 5] AKET B 70 il AL 0y ek
WA B AR TS5 BT AR 2 DA AT 55 ()
AR, 7E XS B AT 55 T, B, AT AR 3 o0 ¢ 1iE
m(T,,, ) HEAFBTE R AL S

B AR HAR 7R 7 | SR 4 PR (acquisition function )
WA A TC R F A, SOk [ 72 ] 78 DTS i 4k
HESE b ARS8 N LB A 2R B2 o EI0R 45 38 3 o
Pz 2D AL AL I BE R 4R pR &S (LATC B A, AL 2
PEREp, , HWHIA)  SEBEHE S5 A SOT R, Hoay
AR IF A,

SCHR[73 148t —Fh 255 2 Skt 2 M 46 5 DLt
WAL ZAE 557 STHESR M%7 2] [T AR 55 TR
PERPETERIR IR A 2254 55 2 s i DL -
PEACAES (A, ) 11T BOAE B A, 766 5 1 0
AEp, o ZMESLRE W% 8 ik iy 15t 10 25 A 254 OB AT 55
T, AURAIE , S AE55 IO BC B

BT Ius A IR AU T — AL O R
155 [A] B S5 A PEAR L 75 A — M 55 PR IR Y T 0
RS A T R BT 55 . SR, 2K 0 A
I 3 > IHEPR A« AT I A 55 2 ] A AR B | ]
ARERAETTHI, VLR el 4R O 1) % i1 16 5
BAES27 ] , YETHETE 2R N T3 SR e 1y
XF F R R 491 3 5 T SRR AL B e A
RIPPAG PR RE | AN TS Y SRR 2y 2] i 2645 05 X
PEAGAT: 55 AR 5 JC RN R0 3 Bl i = 2L g A e
SETEE, i DL 357 08 A v i A SR 2 R 4R bR
T BB T il REE A T 5 AR AT
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FAES T, HIGE R D = { (x,,y,), (x,,
¥y ) sty (2,0, y0) o RREIUAR T TARE AR AT LA
BEFE MK 1 Frs AP BR 1%, e 4 £, XTIl 2R 4
DI Tty A IR S A, TR 28 B i o X
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Fig. 1 Workflow of the black-box optimization
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Fig.2 Meta-training procedure of black-box optimization
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FEFEATXT I
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AR S R, IZHESE SRR 23265 Ml AE 55, OF R
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EAER VUM AL B G i B, % SR A 38
ANTURRAEN ST AR B A e SRR IR 515 B
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oo ) AT A sh Ak AL > RGE b iy AR5
I, B IRARR FH L it 70 X 246 S TR B B = > R R
FLRARUAT: 55 X 07 A DL C 7 A A Ml i 5 3
YN TEZ H—EL,

SMAC-WS J5 i SMAC J7 ¥ B JR A
FIAT e DB AR T HI AR . AT 55
AR AR 23 b P AN B B2 1) INIT ( warmstarting initial
design) BB . TEOUAL T 1A AT, 8 i 2 A R AT 52
{55 P eI P REC EL A 0 W1 HR 105 2) DMW ( data-
driven model-warmstarting ) BBt : ZEG AL F2 >R
HlE SR ) BB E SR BT AT 45 b
AR IRE AL AT R GE R . BRI =, I8 2.2 9T
TRV A DL ST O A v ) QBB Y A S T
FIRCRHEREZ MRS (A,) = p.,, I AT d5 Hy sl
W IE AR MR AL .

S = wy + W, S, + ijSj (10)
j=1

X S, AL 55 A & AR RL ALE R AL
Wo oo W, W, B FEFAESS T, LI T RAE22 2
(GEIN
4.1.3 8RN

VA S B AR PR RE A SE 5 1R U BE
HLER K 4325 28 (random forest classifier, RFC) ! 5
XGBoost 7325#% ( XGboost classifier, XGB) /%) {2y Jit:
PHEASEARY 30K A AR A [R] L T 2 A v
B HEWONVEPEA B S B T B e & 58
ILHLLS T RFC S HS 10 T XCB @2 4, A

RSEA R SR R UEIE L3R 1 fnsk 2, i fs
SLES Y EE T Scikit-learn JFYR T H AL,

®1 RFCHBSYHRZIE
Tab.1 Hyperparameters of RFC algorithms

e C S AR Y
n_estimators [100,1200]
max_depth (3,30]
min_samples_split [2,100]
min_samples_leaf [1,100]
max_features [0.1,0.9]

®2 XGBHBSHHRTIE
Tab.2 Hyperparameters of XGB algorithms

HESEAAK HfEYE
max_depth [3,25]

[0.001,0.100]

learning_rate

n_estimators [50,1200]
gamma [0.05,1.00]
min_child_weight [1,7]
sub_sample [0.6,1.0]
colsample_bytree [0.5,1.0]
colsample_bylevel [0.5,1.0]
reg_alpha [0,1.0]
reg_lambda [0.01,1.00]

4.2 ELWHERSHH
F3IMFAILLDTHT IO 555
ST AE 18 D3 AT 55 F I TEREXS FL 4 2R
JRA B PE 2 3 1 5 WO 37 SE G, B R S5 E AT
200 IRECERAFE . ABHGE NP SCERFE A5 K EAL 45
D7 0T RE  HERR R AN T (R]
1) MEWR, £ 3 MK P Ace (NF LT
I B AR AR IS 38 A S 2 S IR
HE AR T a5 R AR e v,
2)iaATHfE, Time {H >4 58 B 200 WAL &R A
FE0f 5 e AT I 5 S YR R) (BT 2s)
A TR P T LA N ST
St O IR R IR AR T E AT 3 44 B AR i
(F5(a) ~(f) BiR) , LARGTE S ik e B s 4r
B R A A L (B 5(g) ~ (D FTR) .
SCURZERERI  7E RFC 5 XGB Wiz |
Foo2e A e 28U S It Tk g orik, B
IR, Auto-sklearn 7E RFC #1 XGB # A4 |- 43 1] F
68. 4% F1 73. 3% W S i B foe s VA 2% B0 IE
THGE Dy S A PR TR A R
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Tab.3 Comparisons between HPO methods-based on meta-learning and traditional HPO methods on RFC!*

JCAE S Tk lEE RS

piETE S Auto-Sklearn SMAC-WS TPE CMA-ES
Acc Time Acce Time Acc Time Acc Time
Anuran 0.9853+0.0056  14.5  0.9755+0.005 1 5.3 0.9747+0.0121  13.1  0.9745+0.0046 18.6
Breast-cancer  0.989 0 £0.004 9 6.4 0.969 1+0.003 7 3.5 0.965 2 +0.007 9 3.9 0.9720+0.0043 3.8
Car 0.982 7 +0.003 1 4.9 0.970 3 +0.001 8 7.1 0.9601+0.0073  23.4  0.9669+0.0012 15.7
Crowdsourced ~ 0.963720.0046  16.8  0.9633+0.0029 15.2  0.9677+0.0082  81.6  0.9699+0.0014 74.3
CTG 0.879 5 +0.001 9 3.6 0.8654+0.0014 5.5 0.8630+0.0051  36.3  0.8571+0.0009 23.7
Digits 0.9737+0.0043  10.6  0.964 6 +0.003 8 2.8 0.9517+0.0074  13.6  0.9636+0.0034 13.5
Firm-teacher-cd ~ 0.999 6 £0.003 5 5.9 0.999 3 £0.003 1 1.9 0.999 4 +0.005 9 3.5 0.9996+0.0016 3.7
Handwritten 0.9735+0.0021  16.7  0.9854%0.0017 13.6  0.9877+0.0047  34.4  0.9880x0.001 1 39.2
HTRU 2 0.981 0 +0.003 9 3.3 0.9803+0.0034 0.6  0.9790=0.009 3 3.6 0.9800+0.0036 2.9
Image-Seg. 1.000 0 £0.001 6 4.7 0.98150.0011 6.1 0.9925+0.0039  16.5  0.9931+0.0008 12.8
Iris 0.953 0 £0.004 9 2.7 0.969 0 £0.004 4 1.4 0.9506£0.012 1 3.8 0.9527+0.0035 0.6
Letter-recog. 0.9653+0.0036  33.5  0.953020.0032  31.9 0.9457+0.0057 173.5  0.9470+0.001 4 180.3
Optdigits 0.983 4 +0.004 2 6.1  0.977 0 +0.003 7 7.4 0.9750£0.0053  38.4  0.9768+0.0019 49.4
Phishing-web. ~ 0.973 3 £0.003 5 4.2 0.9715£0.0029 2.8 0.9654 +0.0062  10.6  0.960 6 +0.1700 7.7
Retinopathy 0.6811+0.004 9 4.4 0.6895+0.0038 1.4 0.664 3 £0.007 7 8.3  0.6755+0.0021 4.6
Turkiye-stu. 0.8729+0.0045  10.3  0.866 9 +0.004 1 4.4 0.8649+0.0074  10.6  0.8685+0.0036 20.1
Wilt 0.990 6 +0. 005 3 3.9 0.9930+0.0049 4.8 0.978 6 £0.006 8  11.3  0.9759%0.0029 7.5
Winequality 0.6946+0.0037  10.6  0.6574+0.0034 9.3 0.6210£0.0049 27.8  0.6439+0.0016 35.8
A PERE L 13/18 5/18 3/18 12/18 0/18 0/18 3/18 1/18
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Tab.4 Comparisons between HPO methods-based on meta-learning and traditional HPO methods on XGB*

TG Nk (WS

AR €/ Auto-Sklearn SMAC-WS TPE CMA-ES
Acc Time Ace Time Ace Time Acc Time
Anuran 0.9838+0.0063  11.7  0.9763%0.0072 4.2  0.9752x0.0144 8.6  0.9766+0.0039 13.4
Breast-cancer  0.988 8 +0.007 1 7.8 0.9751%0.0055 5.1 0.9643+0.0105 4.2 0.9702+0.0094 5.5
Car 0.987 7 £0.002 8 5.3 0.9714+0.004 1 6.7 0.9639:0.0093 11.4  0.9715%0.0031 9.3
Crowdsourced ~ 0.9689+0.0035  17.7  0.9646+0.006 7 16.9  0.9622£0.0073 53.6  0.9706+0.0038 65.1
CTG 0.886 3 £0.003 9 6.7  0.876 6 +0.004 1 4.3 0.8711£0.0059 2.3  0.8730£0.0032 19.0
Digits 0.976 4 +0.005 1 4.1 0.9690£0.0047 5.2 0.94870.012 1 9.5  0.9651x0.0092 14.1
Firm-teacher-cd ~ 0.999 6 +0.004 6 0.9 0.9991+0.0036 2.1 0.9989+0.0073 4.5  0.9993+0.0061 6.1
Handwritten 0.9874£0.0015 12.3  0.9777%0.0026 10.6  0.9845+0.0008 14.5  0.9814£0.0047 21.6
HTRU 2 0.977 3 £0.002 7 1.2 0.9719+0.0044 2.4  0.9758+0.0076 2.7  0.9799=0.0029 3.3
Tmage-seg. 1.000 0 £0.000 7 3.2 1.0000+0.0016 5.5 0.9947+0.0044 7.6  0.9897+0.0036 10.1
Iris 0.948 0 £0.005 9 4.1  0.9549+0.004 1 1.1 0.9455+0.0109 2.7  0.9528+0.0052 1.5
Letter-recog. 0.9632+0.0027  36.1  0.9581+0.0036  35.1 0.948 1£0.006 1  89.7  0.9599+0.0032 130.6
Optdigits 0.984 6 +0.005 1 7.8 0.9805£0.0038 5.3 0.9795+0.0061 27.7  0.9818+0.0044 36.8
Phishing-web. ~ 0.969 2 +0.003 8 3.1 0.9651+0.0045 2.2 0.9613%0.0086 11.5  0.966 6 +0.0054 6.8
Retinopathy 0.693 2 £0.003 5 5.1  0.6755+0.0028 4.9  0.6623+0.0065 6.5  0.6889£0.0037 5.2
Turkiye-stu. 0.8622£0.0037 11.2  0.8589+0.0048 7.9  0.8618+0.0068 9.5  0.8645£0.0029 14.7
Wilt 0.989 5 £0.007 3 5.1  0.9812%0.0032 5.8  0.97210.0103 9.0  0.9791£0.0087 7.7
Winequality 0.697 3 £0.004 5 7.8 0.680 4 £0.003 1 6.2  0.6174£0.0081 22.1 0.657 6 £0.31%  25.6
A tERE L 14/18 6/18 2/18 11/18 0/18 1/18 3/18 0/18
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Fig.5 The statistics histogram of HPO for RFC and XGB on 18 UCI datasets *"!
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