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Abstract Deep neural networks have achieved great success in various fields. However, deep
learning models do not only contain deep neural networks. In recent years, due to the features such
as no need for back-propagation training, lower computational overhead, support for adaptive
determination of model complexity, and excellent performance in tabular data modeling tasks, the
deep ensemble learning models represented by deep forest have attracted a lot of attention in the

academia and industry, and achieved good application results. Deep forests open another door for
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exploring deep learning models beyond DNN (Deep Neural Network). However, the existing deep
ensemble models are mainly based on deep forests. The deep ensemble architecture is relatively
simple, and the number and integration methods of basic learners are relatively fixed. It is necessary
to explore deep ensemble learning model architectures other than deep forests. In addition, in
practical applications, it is difficult to have a deep ensemble learning model architecture that can
achieve excellent performance on different datasets, especially for tabular datasets with large
differences in data characteristics. Therefore, an efficient data-adaptive deep ensemble learning
architecture design method is also needed. To this end, this paper proposes an efficient proxy
model-based progressive deep ensemble architecture search method PMPAS (Proxy Model-based
Progressive Architecture Search) from two levels of search space and search algorithm. First, the
characteristics of existing deep ensemble learning models are analyzed by induction, and the deep
ensemble architecture is formally defined. Second, the research proposes two new search spaces for
deep ensemble architectures, namely a fully parallel search space and a directed acyclic graph-based
search space. For each layer of the fully parallel search space, all base learners are completely
independent. For the directed acyclic graph-based search space, all base learners of each cell form a
directed acyclic graph. On the basis of the proposed two kinds of search spaces, the research further
proposes a progressive search method and algorithm based on surrogate model, which realizes the
exploration in the search space from simple to complex step by step. and uses the surrogate model as
a guide. Thus, the model evaluation overhead can be reduced. Finally. the research analyzes the
search algorithm in terms of both time complexity and space complexity. The experiments in this
paper use publicly available tabular datasets from OpenML, including 23 classification datasets and
10 regression datasets. Extensive experimental results on tabular datasets show that the
performance of the deep ensemble architecture searched by the PMPAS algorithm is not only better
than the existing ensemble learning models, deep learning models, deep ensemble learning models
represented by deep forests, but also outperforms existing automated model selection algorithms.
Performance benefits become more apparent as time budgets continue to increase. The open source
address of PMPAS is https://github. com/Pasal.ab/PMPAS.

Keywords deep learning; deep ensemble architecture; architecture search; surrogate model
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MEE DNN [ X 25 J2 F1ph 28 e 25 /vl L& 2R
—AN ot n] LU A 2ot i3 S HUL 1 Bk
2, e Jr il R BRI X e SR A
JC ISR B TR IR AR I R A 1 e g
PR, 1T 24 P40 2 (R AH AR 3 30 B B R —
J2 S0 — R BUHE 2248 (Data Distillation). 1 % 2
i A B 35 S AR 5 7 ) 2 D 4% J2 Tl 2 2 B
S AR 1 RN AH L < 0 o SRRk BORE 4 . A
U R DNN By 1 BV, 7E TR BE AR MR Cascade 2
PR JERE b A SCRIFFE BETT T 53— Fh 2 47 1) O 3R
& (Directed Acyclic Graph, i #k DAG) I8 & 23 ],
FTIC A Apac. B Apae T A K X G 7E T
Apne B3 W B () R A A BT X510, F 25

K4 se @I TR AR m Il Zhod

Apac R ZS B E X

EXS(BEEHEERTE). WRKZ L=
<& o> M T ETMMBENEEI e 2 2f
— MR EZ XN IR Vee , p(e)e &=
EU{0 L IBARAR I LB E T — A~ [0 TEI I 2K A
(AT FBE B LA apac » FH AR DAG 2R ALY TR 55
DAKIRE AR R DAG R 23 8] e N Apac.

LT aces apac 1 FE A #2558 53 24 Cell Al
Unit B2 5]. 156 i Cell 40 1% Unit, 4R 5 i i 26
Unit fF4% JURRE 19318 45 7 UM 1 Layer. IS 45 1 T
A ) TC I E 2R 25 (] Unit Y SEAR S5 1)

WA 5 B 2L T DNN, &4 Cell AT DL A1 HAh
Cell M BBz , P HEAS 2 ) B A 12 T R T 2
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r—h Concatenate (\

Input ability |

Probability i
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Concatenate

Unit

Input

A Cell i H AR PR B 4R HEA T BF 42245 3]
BB LR B —> Cell U3 . apac A~
(R Y1 R T 3 FRATS R T e — 0 AR 14 & 2% B
JERCT SRR B AL L e RSB R AL BN . apac
(1) %5 )2 Layer B — A~ 24> Unit 41 & 1l , 3 26
Unit 2 [A] B S8, PR a] LAZEA T4 T U1 2R A ) .

6 e 1A 1) JCHR TR BE AR A I Zid A . Apac

N TR P AR LR 18 2R 25 A FEAH AT A e X
— YR BIH Ace © Apae» X FHE RS [] 9T RIF
AJEHE B 1Y, MHEARYE DNN &40 2250 2 (8] 41 5.
BERER T AR L S RTZ B Cell 22 2] B F A
A BEATHAL Cell % ) B AR A EADSE .

5 ETRERBHENNRESERE
HER

AR Se A G AR R S 1 S BT vk L AR
X R A 1 48 2% 2 8] R/ IN A 7 ik o0 A 1) el
b PR TR AR R B DA R B L
I G BE T 22 0 2% ) AU BB B 53 o 4 QA 2

Probability

Input

KI5 A i JoER A 25 ) v Unit A 3EAR 254

XoF ¥ 2L B REEA T ST , DA T B DAL BT R]
ERAAE , BRI AE TR . RS A TR
R ) 9 2 2R 75 ¥ PMPAS BB IRHESE .
5.1 HAXBRERR

TR B A1 LA 2 1) LT I g R 14 44 2% 2 1]
o 2 et B Cell (YRR, SR 5 FHAfE Cell Z
] 438 4277 30 FETRBE SR I T s A Cell A2
ZALRE B A pLAS 7 2 Bk . e, al RLSE 2 A
PR - AN Cell Bt A/ i TR 13 58 A T 0 1
R AL A Cell Bt B0 20 0 TR BE A ISR . 1)
BB TR B R AR R AR B A PR BEEAG AR X
BONE Sy i BLAE TR B3 5 2 A A i i R b
A AR Z2 B AR 5 Z R A A A A R
AR S s 5 AR TR, X6 36 6387 A A 47 93
IR 2 IR B A SR R

i 031 5 23k % A A S R ) e A L A (R
RO 7 A A TR AR AR B L 2 AR R 22
B R R B ARSI R S A A R SR
ROIVANEL eI CIPNA NS
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Unit) => i Unit) —=> i Unit) => i
H H — B
Unit) => Unit) => Unit
!. !. .! Ave Max
IE> =D = || =i = :ﬁ[hz>|
l H H A
Init Init Unit
= 5 gl — 5 nit, > 5
L, L, L,

5.1.1 JTEMRHER

v ok TR e &K R B (Breadth-First
Search) , L Ay #8225 0] fil 43284155 A 491, HoA 4R
1 Cell i 1. A~ Cell FHa & 7 M A LR )

FI6 A 1 JOBA P TR B A R A V1| o e

BV IR 4 Cell iy 1At 2 4 LR G EECH M.
24 Cell B B3 2 iy . 75 2875 1 Cell Z 8] (1%
£y W e SR I N A DB oy W M T
IS RS T Cell UM AR 2K

a
#eell=1 O w cell
Unit
Y
i AT AERICe | LRSS
'D ---3 Cel 14 JE it 5
#cell=2 _C)I .C}*(j, —> Cel ikl
v
= ' —
- — AN
i A/ '\N | = = =
#cell=3 |O | O | Q)_’i)_’c_,\’ %
O ; O | - »
o | | _—

v

K7 T R e e 8 22 07 3 Cell B s Bl &

X TR R 1A~ Cell, B TR A M AT g
AL A% 7 > B T AE Cell 2 2 L A28 M X 2
ol BE B TR AR R . 2 ad e T LUK B, 25 FR
1) A T A LR ) B B R Cell B8y N IR 4
Apac FIRE (19 22 19 %0 29 O(MY-N1). B ff % 7 8%
Apac 50 1 B Aces T RE 19 28 48 H s 25 35 3
O(M™). W\ L3k 53l LLE 5, AL 4R 2R
HUEE: B g o1l 0 0750 N (1112 759N OF 12 oy L]l
58 B L PEAL BT AT B TR B2 B AR A AR JE AN BLSE A

X 25 A 282 [ rp SRR A ) TR 4 LA 5 R
TERR . ARSI AR BRI R
T2 RNAE A R =X, A R 28 ] rh SR B A 9 IR
JE B2 AL .
5.1.2 fHFEREER

TR HFEA ) BE P 56 77 =8 i Cell B0 i 1
P, Bt Cell Bt (380 7= A R B i TR 4
BCERHY . A 8 BT, R T U R A A AR A
REAR TR Y X BE LS R A R kA7 Y

$iibu)
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FoFEAR BRAR Y, 75 Cell Bk (1 3G 2o 72 op AU AR
U P B o A 1 KSR BE AR AR AR R TR T K
A SR I TR B AR A B R BT AR . B R T K
8 Cell BB 1, 2K J5 5 B I Cell 55 )i
A BRI TR , T BT A X I 1 DAG & . 4n

L )
P8 TR AL 0 A A 1

A Cell S & MR ML > Bk AR
JEE AR IR A B K Cell B A N. ST Apa i8R %S
[T & A e G B v R DR B KA HR4 , AR
1418 2R 235 (8] KNSR | AH 2 Ak UG Cell 38 ik
PP ) KA TR B 4 2R A TR A 7 58 B2 I TTA TR 4 i
AT B SE VAR T 2R B AU O(KN ). i F
B AR BE Top-K A1 RE fc - 9 2844 , 35 43 Cell Z [7]
)3 1 20K AN 2 B TR I R AR AR R T AAT
R 2R A ) HEA T B
5.3 RIBMEEGT

i Cell BRI TR K A R rp = TR %
HZEAL . IR VEAS BTG 72 A 0 BT 424, UK 6 ik
JEH RETHETFRY . R T BRARPEAS FF RS, 7T R T
T SMBO" 8 7 3 B C R Y, 1] AT B AR 7R 75
DZRR IR THPERE . fC ARSI [ R —FhRERS UG
AN AR AN T AR R P R AR . — RS DL R
FRERA RIS F TR PPAl A R 5 DA
P Gi—FanAE A A fi A SR 1) T 1 B L MK
T TG T Ao 48 v ) L SE VA

B UL AT R I T KA W E Al 22

K7 7« AN TR 407 X CR AT 01 47) DA K~
] GRS AR S . bR R A R A BT
SEPPA 1% AR R0 R Rl A T . RE % 52 B iy
B2 A A0 M A R AR M 1) F b . sk A7 X
PR Z R ERIL R .

TR B SRR A
R R A i A
—> Cel 1" BT HE
-==3 i U Al S AT AOK A 424
Mo BRI A R
— ill| &5/ 10 B R T
- = 3 {CERHURY T

#eell=3

™ 4% (Long Short-Term Memory Recurrent Neural
Network, fijFK LSTM) iy FQ B AL, 33 Fh 1 21 bl
22 P45 %8 T A BREAT IS P AR S 2 B A TR AR
BN B H 4456 Embedding )2 , 145 /) 45 1) ¢
JRE N B — LRSI
5.3.1 FETEPIfR A 45 1 CHAS 1Y

AR TR B B RAR 1 B A R AR TR 114 12
TR TENE LT = A TR

(DREME AL B KA F A . i T Cell it g3
KRR S, I, 75 2 Ae 08w HAy
TR Cell ik B B2 AR ORM R PERE . AUBRA LA
IS Cell B0y n Y A B4 B 0000 44 RE L 38
BLIG H Cell B n + 1Y B e 2044 1) T 14 g .

(2) AL TR F) 00 i 14 75 2 AP 204 ) LS
AEAH O . AR B I AT a0h B Y 4 D IR M Y B3R
I, U 1 2R B AR B RE » DA T Sz R 2
Z [y 22 55 B a]

(3D ARTAR Y 8 500 T 89 A e K ey . AU Y
ARSI X TR RS R A TR T8 L R
AEARE TR 1 R B¢ [T S 328 P 30000 Ak ] 546 5 PR )
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ARBRAR TR L A T REAS 45 b g 1) PEI A4 BE
R T LA =ANJ7 W ZOR AR SCR I LSTM AR
D ACERRORL, 159 45 Hh T iZ AU BN R BT

(i

sigmoid i

[ 65 )2

2l
Embedding/2 “q ¥
i

BFoR <y 4, e i ey ey vy ogy 0

go= iy i aee N
a iy ey Iy e, 1, ;7

9 IR

TEEL9 25 H AR A SR A48 R 23 (R Y
B K Cell B 2 N, M8 A7 I 1948 F 23 8] AT A,
T Acp I Apac R 25 0] BN 2R A9 #8 AT LA
FIRHNa=< 1, €15 12, €25 ** 5 LNy &\">9EEF' Z'Mﬁ%%%k
A Cell S REAYEIA Cell %514, €[ 0,4 — 11, =05
INE AR R IR B AR . e FRFREE £ Cell Xt 7 Y
25 ) FR A W] RN R MR HILAS 2 2 S A i 3
RG] #HE YRR R AR5
e=<1iy, e, 1l -ty in, ey =1 UE= <li} i -,
iv>U<en e o6, > X FIMETHENTE,
TE LSTM 1 & — 2 v fdli FH K /IN 430 28 card (1) 1
card(E) [ one-hot [n] it #F 17 4 #5 , 4R 5 f& A
Embedding )2 , FF# Embedding JZ 1% % 1 BEAT BF 4%
(Concatenate) . f& A LSTM #50 . LSTM Bk 255
18 35—l sigmoid B0 PRET 2 E R . R
@ﬁ%ﬁﬁTla?ﬁgi(Lq IOSS)le*E'%XHEXﬁH‘F:

v
L, loss= 2‘ yi—f(a)) ‘
i=1

For N B DRI oy, R 38 1 A REAS CRIR i 4
LG )Xo R ) ELSERR A f (o) MARBREL AL, /£ (2,) 3R
7 2, B T A Y

23 BRI AR R & St — N[0, 1]
Z ) A AR 2 T 4R AL 76 56 UE £ - A T 14 B

5.3.2 (RHHBIAIFE St R

FEAR A R WS, B TG I ) 7 B e R
SR AR A T 5 D D AR AR AR R 1) 5
By B B 7243 R A 2 58 I S i 2848

B A/ Y Cell Bt hy o, EFRAL RIS HCH
K. A MFERIE Cell. 24 Cell B Ky 11}, 58 5 )I|
GRS AR 2 S ={a)), &Y, -+, &l b 7E Cell
B Ry i(i = 2) R AT SN BE G S, =
{al”,al), -, a0}, REBIAI S E O A M BEBE S
S=S,US,U---US, LA H L, loss IH& H 2k . 7
TFE R G L T BRI ) SR T B T
Hofs o AT S BRI 1 1Ak 1 loss ke B8 #ft 28 9 28 P
TS HY H L AR 28 2 X T LUR P A B TR
i, BEAS 25 0 EE A A TR0 . phy b R R A
PR R L R B 58 J T R 22 I 2 45 T 0 itk R R
5.3.3 HREEIIR T

T2 s DAV B2 AR SRS R AR DA 5t 1 o B, XoF
WRBEILEIATHH . UL Aoac R NG FERI 1R
T B CRI Cell Y%l 1A ), T B 4 i 3 A0 B8
Ry I ) FR IR M. R I R B B AR
1 Cell I FU B B Al Y K AN ZEA AT S PRITAY
B T BV A BB M+ K X(N — 1). SEPr
PEAS BAR R 322 e R Cell %t N AR
RBEKREEH] . N KK, 75 2 B S PPl A 28
Bk 22 , TR T A AR AR, (R AR AL (1 T
US| R IO LR el [N E 732 A ) [| o TN
S WS H N K 35 8 K 8 & v al b T4 3
BT (R I 5T 4 100 T BOLAE A~ A Sk A 18 R
TR AR (5 R . T N A KRN DU T S EAG
(IR ARG /D, By AR B AR (1 I 2R B AR /N AR B
TR f T 28R 25 A P A . TR, AR S 80N A
KOZREA A T A A R i S 27 1

FEVR S 5 5 2 a5 (] 52 2 J3E 1) g B k4
REILIAT 0T

HWESZEST MRAEN ELIHRIHE
Fr MR PEAL BB A FRAS AR T ST B DA AR
RPN R B TT RS . 4 T (al?) e i Ry B it CH Cell
IR R ) AR 2R j R 15 TR B . AR IS 2R A
PEAR B BB, v] A5 B R IEAL 1 TS R R A
ST () 2 TG = OCKeNAT),
Hop T =argmax, ;- -, T (a}"). & p WA PEAL
R TINITAY . i T AEs i Ry s A b AR e E—
A GO BRI S e 1) K2R AR 1 — LT Ay i e
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F . PR B R T S ok R e AR O ) SR A S
O(*K*M ). 18 2 b B A% L A f0 0 6 JF 85 R
SV (O *K*M )*p) =O (N> K*M*p). 4 g J 1%
PSS ()N S TF 5, 70 i TR B AR A 4 R
Fi AR AU AL YN 25 T NI PRI A QAR 2 )1 25
BIFE O(N+*q). 28 bk, BAYITTRE 28 N O (K*
N*T*)+ O( N> K*M*p) + O(N*q).
T B S BT AU R AR rh i FE S () I A
SRy R A B TR 23 o] 8 LA B A B 7R 25 () 485
TEIR R R B TR T BV AN B TR B A AR A
Cell FRP 2 B L K Cell 22 [8) 19 3% 42 77 AR A
] 5 PR ok 8 B 4 RO 78 1) 25 ] B O AR ] . 4
C(a\") WA IR HE I CRP Cell B ECE 2 O L PRAG 2R
JARERY R 25 (R4 . AR 4 2R A4 PE AL 1 BB L AT
15 BB A PP AL (Y 25 6] BT 4 N ZLC(aj.“)Jr
D2 Cla)=0(K*N+C"), M th =
argmax, - -, xC(al”). 734k, fEH R, R
PHABEAY (1) 23 [A] F RS 2 88 N2 1Y, 2 G QA
A ) Embedding #225 [] ¥4 5 WM 45 )2 25 [R5 . &
d 5 Embedding 4 £ . W 2y W 4% |2 = ¥ =,
Embedding & 19 25 [A] FF 85 O (d*N ), AR ALY (1)
2 EFFEE 2 O(d*N -+ W ). £5 iR, B 25 (8] & 44
JE R O(K*N*C")+ O(d*N + W ).
5.4 EEEEEZR
Bik1 PMPAS#{A7RE
BN NGEAEEE D
- BIEEdEE D,
et S IR M
. BRI Cell B N
. PR M2 IR E
SR R R R AR R K
eV
SR R L L AP ORI
A
1. n<1
2. /% EYNGREARAE NI AT Cell Btit o 111
TR BEAE R/
3. Ty<train(S,, D)
/*RAR T P VR AR AU AR SRS Tk
fig */
.V evalidate(Tl, D\,al,f)
CFRIR A PR +/
. P<train_proxy(S,, V,E)
SRR S TR A A B LT g PE e

© N > Ul W D

e~

o NN o Ul

*/
9. history<{<t,,v.>t€T,, vV, ,i€[1,M]}
10. FORn<-2toNdo
11. S,<grow_cell(S, ;)
12. /% R AR BRA RN A T AR M RE TR *+/
13. /XZ, < proxy_predict(P, S,)
14. /O TP R I 1Y) KNSR */
15. S,,eselec'z‘,_mpK(g,,, /‘Z,, K)
16. /% YN ERACHASE Y T 9 Jee 4 1) K424
*/
17. T,<train(S,, D)
18. [ RGN TE SO IE AR F e
*/
19. V,<wvalidate(T,, D, [ )
20. /R AR AR/
21. P<—update_proxy(P,S,, V, E)
22. /* BHT history */
23. history=<—history {<t;, v, > |, ET,, v, EV,, ic

[1.K]
24. END FOR
25. /* H 1% history VP 18 A g R I A
Yt/

26. S"<—get_best(history)
27. return S

METE Ll & 7 Cell B0y 1R AR
RUGEANRERS 45 IR 225 (5 B i AR S )
i RBLHC M, 58 B I Gkt MO TR B AR R A
FEHAERIEAR A9 F P <TR AR 2R 56
UEAE M R > ot A XU SRR HEA TR Al . 2 Jm
AL ER RN R e — Akl
FErb, LYY 2858 MU B A SRR B 5 Bl K 4
& BAR A Cell B - 9 fE— A X — X F
Acp Bl Appe T F AT . X T Acps 7 M Fh
FIUHY Cell EEHLRAE—SEI AT, HHRAEAT 2 Y
Cell FIH T ) Cell B A AL B L FR X T
Apac» B R Cell ANLUE I M AL Cell
BUR AR R 2 TR Cell, 16 75 221 22 B 1 Cell 1T
A Cell ByiE#TT A

SEIN IR RIS RS R AR B R A L
T B AR Z A 28 SO LR B A B AR Y
A3 TIN5 o Rl U AR BRI 5 3 46 357 204
AT PR RE . AR i BRI HE e A b A 3 R I i
UFB KA B Rk KA SR EA T 58 BN 25, 75 31
XF Y LS R XA e A T — 2P kAN 7R
TE R G 23 0 S5 8 LS R A HA IR I )
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BB A history 51 6

15 Cell B9 & & IA B e RE N5 AR
21k, X B AT AR 4 history 7156 H AR A B9 B AL 2R A S
LG I A 2 B, A5 21 e SR A 0 R B B LSRR

6 SLWITESOH

6.1 ZWiZE
6.1.1 SEEb 5EHEE

A SR 92 B P 5T AT < A R 48 )2 Red Hat
4.8.2,CPU#I 52 2 x Intel (R) Xeon(R) CPU E5-
2620 v2@ 2. 10GHz.6-Core 12-Thread. NAEK/N A
64 GB. FEHA AL LA : Python3. 6. 5, scikit-
learn 0. 24. 1, auto-sklearn 0. 12. 3, XGBoost 1. 1. 1,
I3 AT AAES Ray 1. 2. 0, Tensor Flow1. 12, Open
ML 0. 10. 2.

ARG R T ok H OpenML H (128 1 B8
L XA IR 4 | B gcforest ™ LA K geforest_cs'
FE 18 3CH I a7 %8 46 adult, letter F1 yeast
NGB INAT 3 B OpenML-CC18™" B iy 23 T K 3
B BT 23 B AR | X SR AR AR B 7 500
#1100 000 Z I] , BeAT — 73 2R R L, A7 22 73 26 1)
BT A B s 2 >R R B OpenMLRegression
307 A BHE 4 . BHE 4R ID Sl $idlE 45 7E OpenML
R E— AR IR L B ST B AR ok A TR ER
AT KRN 2R . TG R 2K 2 [ TR R, |
R FH ) B SR AR LA 8 R R 2 L R R L AR
Wb 2 WA D 1 2 ] (Y LSRR

T B R 4R A TR AR 2R A R R
PMPAS AR A SR J5 2 JITPEREXT LL -

(D) £ B2 2 J7 i AL 45 % H 19 XGBoost.,
GBDT LA} Random Forest , 5 & % FH BRI HE S50

(MM Ty : Z2 2 BFIHLMLP il i 8 2
B PR AR o Bs 5 IS AR S RO 1Y
SR, B 64-32 1 B B2 25 4 5 I Ak L i SR T T 3C
TR B Ak B R RS RS G Bl 2 M 2% T vk
ResNet fll FT-Transformer.

(TR BE ARMRTT 1« IR TR B AR AR (ge) 119 S5 56
B3 B 50300 T A R A — B IR
A5 A FEPLARARAN 4458 A BEHLARAK , B3> ARARAR
H1 500 RSB 4 1, 18 2 3 9758 IR AIE ™= A= A~ R
ARE S DI E AR . 0Tl A O 3 1) TR AR
(gef_es)M™, HBRA S48 5 0 % B2 AR — 25, [
Z: BRE SCrb Y A R I @ (8 2 7 2 AR 2R

—ZHBEN RN e, & e >90%, W & &H
a=1/10, B E a=1/3;
(4) A SR 487 1% - M5k PMPAS (1
FPE A T 5 BT IR AutoML 5.3 4 auto-
sklearn (fAI AR AS) B PEBEXS L . AS BR RIS R 19 )2
SEREIBILER 27 S K 26 - A 5 T o024 2] Bl i ik
PR RFAETIAL B RERY Ve AR BE RSE ZEL
TR b S S AT AS CH T o T )
iie .
T3 81 s PMPAS #8275 [a] SCHRE Y 43 25 R[] )5 5
2 ) PR RUUNBRE S A th R AL 3R AL 5 16 Flvy
VLR AR e S 28 LA K 13 i UL g 1] I iy 5] g
6.1.2 SLESHRE
X FPMPAS, I &1 FESHANT .
(DERBESHK, LR PRENS;
(OfRFRMIAI SR, EEALFE LT B4
OB 22 W 25 U 2510 5 K AR IR Cepoch) » SE 3 4%
BN 8;

O 25 0 25 Y 25 AR AR 4L K/ (batch size) o 52
B R 2565

O P28 1 27 2 F8, W) R 2% 2 2 0. 001, 5%
FA 48 B 7 XL A 500 #2425 TR
L10.98;

(@D P25 [ 2 TE N AE S50 (regularization parameter)
SCE I E R 0. 0001 5

O ZM 2 LSTM 2 1Y S s, 505 ik i
H 64

©Ff 28 N 45 i AZERE , S5k oW 16.

PMPAS Bk 7] LLAR 4fg B[] #5153 (Time Budget)
T, AR AT DARR 548 28 25 ] i R B AR 24 1 e K Cell
Bt NAS RS A AR R . Ryl G B VR B 4 R
A 08 TP Bsf ) 3o 4 52 e R AP R A0R , SE 0 P ik B
T Cell W E RIPAL B[] 120 76 . 78 SC B0 38R 1T
i bm b X5 2 2 R T 40 2 2 (Aco) 1R
SHVEANFE R o X6 1] U3 ] AR FH PR 2R B (R2O A R 1T
Wrae bR . S5 e Bk brim it 5 9738 L
HE A
6.2 DEMEZIFLLLIE

1K 2.K 35008 /R T PMPAS 7 i [H] Fil 55
3509 0. 5 hCE/NEF) L1 h(—/NEDFT2 h(FiZNEF)
I B0 T 7653 84T 55 A HL S5 25 % Horp AS
— 31| 7R auto-sklearn iz 17 [R] A i 8] 11 5 %) 25 21
PMPAS — ¥ 1 CP #1 DAG 43 5148 #& PMPAS 7&
Acr Fl Appe ERIZER . NE 1. R 2. 83T FH,
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PMPAS-CP 1B AKKCR I T PMPAS-DAG. 7ER}
[ T353R 0. 5 h 1y e 2 i 25 4R |, PMPAS-CP 7
OpenML-ID 2y 22 i #fa 4l b AR XGBoost #2517
10. 54N 43 15, 7 OpenML-ID 24 54 By %964 A0

L gef$& @ 1 5. 14~ F 43 50 76 OpenML-ID 2 18 1)
PG 4E LAH I MLP $2 A 1 57.5 1 F 45 55 . 7F
OpenML-ID & 22 ) £ 4ls 48 EAH L AS R T+ T
6. LA H .

#£1 PMPASIETT0.5hH9EESITELLER

. BT BERMIT T e EE RS AS PMPAS

XGBoost  GBDT RF gef gef_cs MLP ResNet  FT-Transformer CP DAG
6 0.9621 0.9176  0.9666 0.9740  0.9708 0.9232  0.8738 0.6542 0.9510  0.9709  0.9664
12 0.9670  0.9560  0.9680 0.9720  0.9720 0.7480  0.9845 0. 4870 0.9760  0.9735  0.9740
14 0. 8445 0.8235  0.8325 0.8445  0.8440 0.8330  0.8205 0.4975 0.8345 0.8435  0.8455
16 0.9515 0.9335  0.9645 0.9700  0.9690 0.9645  0.9625 0.9445 0.9765  0.9770  0.9780
18 0.6940  0.7075  0.7095 0.7845  0.7820 0.2130  0.4775 0.2345 0.7480  0.7880  0.7805
22 0.7860  0.7740  0.7780 0.8800  0.8815 0.7935  0.8164 0.7340 0.8300  0.8910  0.8980
23 0. 5206 0.5519  0.5098 0.5024  0.5159 0.5424  0.4528 0. 5579 0.5553  0.5526  0.5533
28 0.9769 0.9758  0.9820 0.9874  0.9872 0.9838  0.9809 0.9608 0.9868  0.9890  0.9875
32 0.9915 0.9885  0.9923 0.9932  0.9929 0.9917  0.9903 0.9417 0.9929  0.9947  0.9946
50 0.9843 0.9781  0.9906 0.9812  0.9916 0.9812  0.9801 0. 8423 0.9885 0.9833  0.9948
54 0.7707 0.7683  0.7518 0.7790  0.7743 0.6678  0.6571 0.4148 0.8392  0.8298 0.8250
181 0.5930  0.6011  0.6280 0.6345  0.6092 0.5903  0.6030 0. 5687 0.5991  0.6253  0.6011
182 0.9156 0.9026  0.9180 0.9260  0.9240 0.9093  0.8956 0. 8875 0.9073  0.9277  0.9232
300 0.9481 0.9298  0.9475 0.9586  0.9581 0.9597  0.9533 0.9301 0.9604  0.9626  0.9633
458 0. 9869 0.9869  0.9893 0.9929  0.9940 0.9869  0.9929 0.9786 0.9964  0.9940  0.9952
1462 0.9964  0.9956  0.9949 0.9985  0.9985 1.0000  1.0000 1. 0000 0.9993  0.9978  0.9978
1501 0.9253 0.9278  0.9441 0.9466  0.9466 0.9190  0.8977 0. 6447 0.9215  0.9548 0.9517
1590 0. 8733 0.8665  0.8540 0.8640  0.8611 0.8172  0.7864 0.7868 0.8125  0.8650  0.8649
4534 0. 9699 0.9515  0.9715 0.9717  0.9718 0.9693  0.9687 0.9253 0.9651  0.9708  0.9705
23381 0.5360  0.5980  0.5740 0.5700  0.5580 0.5880  0.5820 0. 6000 0.6040  0.6000  0.6320
40499 0.9824  0.9789  0.9780 0.9882  0.9885 0.9935  0.9984 0.8414 0.9991  0.9911  0.9925
40670 0. 9655 0.9601  0.9564 0.9614  0.9605 0.9479  0.9517 0. 8981 0.9567  0.9623  0.9592
40983 0.9841 0.9837  0.9831 0.9849  0.9845 0.9707  0.9861 0.9557 0.9882 0.9835  0.9849
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R2 PMPASIETT1 hHSKESIEIBWER

- R ik TR 12 [ CE-DipPS PMPAS
XGBoost  GBDT RF gef gef_cs MLP ResNet  FT-Transformer CP DAG
6 0.9621 0.9176  0.9666 0.9740  0.9708 0.9232 0.8738 0.6542 0.9607 0.9764  0.9718
12 0.9670 0.9560  0.9680 0.9720  0.9720 0. 7480 0. 9845 0. 4870 0.9800 0.9730  0.9775
14 0. 8445 0.8235  0.8325 0.8445  0.8440 0.8330 0. 8205 0.4975 0.8800 0.8575  0.8380
16 0.9515 0.9335  0.9645 0.9700  0.9690 0. 9645 0. 9625 0. 9445 0.9775 0.9765  0.9730
18 0. 6940 0.7075  0.7095 0.7845  0.7820 0.2130 0.4775 0.2345 0.7425 0.8000 0.7785
22 0. 7860 0.7740  0.7780 0.8800  0.8815 0. 7935 0. 8164 0.734 0.8500 0.8930  0.8950
23 0. 5206 0.5519  0.5098 0.5024  0.5159 0. 5424 0.4528 0. 5579 0.5864 0.5458  0.5526
28 0. 9769 0.9758  0.9820 0.9874  0.9872 0.9838 0. 9809 0. 9608 0.9868 0.9906  0.9875
32 0.9915 0.9885  0.9923 0.9932  0.9929 0.9917 0. 9903 0.9417 0.9950 0.9943  0.9945
50 0.9843 0.9781  0.9906 0.9812  0.9916 0.9812 0.9801 0.8423 1.0000 0.9916  0.9802
54 0. 7707 0.7683  0.7518 0.7790  0.7743 0. 6678 0.6571 0.4148 0.8470 0.8238  0.8380
181 0. 5930 0.6011  0.6280 0.6345 0.6092 0.5903 0. 6030 0. 5687 0.6262 0.6078  0.6038
182 0.9156 0.9026  0.9180 0.9260  0.9240 0. 9093 0. 8956 0. 8875 0.9230 0.9305 0.9266
300 0.9481 0.9298  0.9475 0.9586  0.9581 0. 9597 0.9533 0.9301 0.9500 0.9608  0.9610
458 0. 9869 0.9869  0.9893 0.9929  0.9940 0. 9869 0.9929 0.9786 0.9940 0.9940  0.9940
1462 0. 9964 0.9956  0.9949 0.9985  0.9985 1. 0000 1. 0000 1. 0000 1.0000 0.9978  0.9971
1501 0. 9253 0.9278  0.9441 0. 9466 0. 9466 0.9190 0. 8977 0. 6447 0.9624 0.9529  0.9460
1590 0. 8733 0.8665  0.8540 0.8640  0.8611 0.8172 0. 7864 0.7868 0.8710 0.8716  0.8672
4534 0.9699 0.9515  0.9715 0.9717  0.9718 0.9693 0. 9687 0.9253 0.9696 0.9727  0.9711
23381 0. 5360 0.5980  0.5740 0.5700  0.5580 0. 5880 0. 5820 0. 6000 0.6300 0.5720  0.6120
40499 0.9824 0.9789  0.9780 0.9882  0.9885 0.9935 0. 9984 0.8414 0.9981 0.9975  0.9953
40670 0. 9655 0.9601  0.9564 0.9614  0.9605 0.9479 0.9517 0.8981 0.9529 0.9595  0.9655
40983 0.9841 0.9837  0.9831 0.9849  0.9845 0.9707 0.9861 0. 9557 0.9885 0.9849  0.9857

&®3 PMPASIETT2 hHI REFXI L LWER

. S S TREERRMT 1 LEAESIS AS PMPAS
XGBoost  GBDT RF gcf gef cs MLP ResNet  FT-Transformer CP DAG
6 0.9621 0.9176  0.9666 0. 9740 0. 9708 0.9232 0. 8738 0.6542 0.9622 0.9732  0.9759
12 0.9670 0.9560  0.9680 0.9720  0.9720 0. 7480 0. 9845 0. 4870 0.9800 0.9725  0.9730
14 0. 8445 0.8235  0.8325 0. 8445 0. 8440 0.8330 0. 8205 0.4975 0.8580 0.8615  0.8550
16 0.9515 0.9335  0.9645 0.9700  0.9690 0. 9645 0. 9625 0. 9445 0.9800 0.9790  0.9775
18 0. 6940 0.7075  0.7095 0.7845  0.7820 0.2130 0.4775 0. 2345 0.7495 0.7950 0.7685
22 0. 7860 0.7740  0.7780 0. 8800 0. 8815 0.7935 0. 8164 0.734 0.8365 0.9015  0.8955
23 0. 5206 0.5519  0.5098 0.5024  0.5159 0.5424 0.4528 0. 5579 0.5661 0.5614  0.5600
28 0.9769 0.9758  0.9820 0. 9874 0.9872 0.9838 0. 9809 0. 9608 0.9879  0.9884  0.9877
32 0.9915 0.9885  0.9923 0.9932 0. 9929 0.9917 0.9903 0.9417 0.9943  0.9942  0.99%46
50 0.9843 0.9781  0.9906 0.9812  0.9916 0.9812 0.9801 0.8423 1.0000 0.9916  0.9937
54 0. 7707 0.7683  0.7518 0.7790 0.7743 0. 6678 0.6571 0.4148 0.8179 0.8310  0.8085
181 0.5930 0.6011  0.6280 0.6345  0.6092 0.5903 0.6030 0. 5687 0.6267 0.6206  0.6159
182 0.9156 0.9026  0.9180 0. 9260 0. 9240 0. 9093 0. 8956 0. 8875 0.9201  0.9291  0.9285
300 0.9481 0.9298  0.9475 0.9586  0.9581 0.9597 0.9533 0.9301 0.9609 0.9624  0.9619
458 0. 9869 0.9869  0.9893 0.9929  0.9940 0. 9869 0.9929 0.9786 0.9964 0.9952  0.9952
1462 0.9964 0.9956  0.9949 0. 9985 0. 9985 1. 0000 1. 0000 1. 0000 1.0000 0.9978  0.9978
1501 0.9253 0.9278  0.9441 0.9466  0.9466 0.9190 0.8977 0. 6447 0.9523  0.9517  0.9529
1590 0. 8733 0.8665  0.8540 0. 8640 0. 8611 0.8172 0. 7864 0.7868 0.8534 0.8701  0.8697
4534 0. 9699 0.9515  0.9715 0.9717 0.9718 0.9693 0. 9687 0.9253 0.9720 0.9711  0.9715
23381 0. 5360 0.5980  0.5740 0. 5700 0. 5580 0. 5880 0. 5820 0. 6000 0.6160 0.6040  0.5940
40499 0.9824 0.9789  0.9780 0. 9882 0. 9885 0. 9935 0. 9984 0.8414 0.9982  0.9971 0. 9967
40670 0. 9655 0.9601  0.9564 0.9614  0.9605 0.9479 0.9517 0. 8981 0.9605 0.9620  0.9658
40983 0.9841 0.9837  0.9831 0. 9849 0. 9845 0. 9707 0. 9861 0. 9557 0.9890 0.9857  0.9853
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R2 9 BUNT 0. B AN Z5 A AN TS & F [T 45 . (R
T AH VL 1 3 B A A TP s

T XRS5 K6 KT RIAT TIL A, Hp
i) 45 — 35 48 & PMPAS-CP #; PMPAS-DAG 7£ [1]
VA 55 b 5% bl Al 7 YR RSORS00 A 5 4 %

B 1L R T )[R 39058 454 Jr i 7 [l

Bl Al ERFHE4 . T U L PMPAS 78 Bl A4
55 ERBCR W BT T IR AR AR AL 53
HMRT L R AR [ 55 R Apae 2B IL S YA R
23 [A) . R R L TR AL 55 v R A AR AR AN
FHR O JAT 55 — 45 IR RAT D9 3 ) Ak L X
1113 1A 55 R B 5 AR Y Layer {5 EAN I3 28

&5 PMPASIEITH/NETEFE ST KL R

D IR Tk P2 2 7 AS PMPAS
XGBoost GBDT RF MLP ResNet cp DAG
201 0.9851 0.9335 0.9876 0. 9949 0.003 0. 9003 0.9926 0.9927
216 0. 8818 0. 7909 0.8372 - - 0. 6026 0. 8818 0. 8749
287 0. 4507 0. 3865 0.5172 0.2434 - 0. 4150 0. 5220 0. 5403
505 0.9913 0.9953 0.9905 0.9699 - 0.9947 0. 9968 0.9967
507 0. 6894 0. 6466 0. 6470 - - 0. 6357 0.7233 0.7158
574 0. 6344 0.5790 0. 6439 - - 0. 3296 0. 6576 0. 6344
41021 0.9258 0.9376 0.9265 0. 8207 - 0. 9451 0.9349 0.9332
42688 0.7032 0. 6835 0. 6421 0.9997 0.011 0.5116 1. 0000 1. 0000
42726 0. 5061 0. 5533 0. 5494 0. 5663 - 0. 5452 0. 5220 0. 5442
42730 0.6195 0. 6637 0. 6564 - 0.0003 0. 6585 0.6615 0.6610

Fz 6 PMPASIEIT—/NETEIAESITLE LI ER

D el > Ok i EACIE- RS AS PMPAS
XGBoost GBDT RF MLP ResNet cp DAG
201 0.9851 0.9335 0.9876 0. 9949 0.003 0.9759 0.9930 0.9925
216 0. 8818 0.7909 0.8372 - - 0. 8246 0. 8770 0.8803
287 0. 4507 0. 3865 0.5172 0.2434 - 0.4707 0. 5201 0. 5406
505 0.9913 0.9953 0.9905 0.9699 - 0.9953 0.9968 0.9972
507 0. 6894 0. 6466 0. 6470 - - 0. 7068 0.6730 0. 7098
574 0. 6344 0.5790 0. 6439 - - 0. 5299 0. 6649 0.6538
41021 0.9258 0.9376 0.9265 0. 8207 - 0. 9462 0.9315 0.9334
42688 0. 7032 0. 6835 0. 6421 0.9997 0.011 0.9364 1. 0000 1. 0000
42726 0. 5061 0. 5533 0. 5494 0. 5663 - 0.5716 0. 5496 0.5519
42730 0.6195 0.6637 0. 6564 - 0.0003 0.6572 0. 6799 0. 6602

#7 PMPASIEITH/NEIAEEIT L LI ER

- BRI 2] Dk [ ESIEESTIRER AS PMPAS
XGBoost GBDT RF MLP ResNet cp DAG
201 0.9851 0.9335 0.9876 0. 9949 0.003 0.9811 0. 9856 0.9927
216 0. 8818 0.7909 0.8372 - 0. 8301 0. 8530 0.8798
287 0. 4507 0. 3865 0.5172 0.2434 - 0. 4807 0. 5031 0.5293
505 0.9913 0.9953 0.9905 0. 9699 - 0.9959 0.9963 0. 9966
507 0. 6894 0. 6466 0. 6470 - 0. 6732 0.6907 0. 6993
574 0.6344 0. 5790 0. 6439 - 0.5794 0. 6070 0. 6479
41021 0.9258 0.9376 0.9265 0.8207 - 0. 9462 0.9393 0.9338
42688 0. 7032 0. 6835 0. 6421 0.9997 0.011 0.9364 0.9682 1. 0000
42726 0. 5061 0.5533 0. 5494 0. 5663 - 0.5636 0. 5592 0. 5545
42730 0.6195 0. 6637 0. 6564 0.0003 0. 6520 0.6623 0.6577
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Background

Deep learning models do not only contain deep neural
networks. In recent years, due to the features such as no need for
back-propagation training, lower computational overhead,
support for adaptive determination of model complexity, and
excellent performance in tabular data modeling tasks, the deep
ensemble learning models represented by deep forest have
attracted a lot of attention in the academia and industry.
However, the existing deep ensemble models are mainly based on
deep forests. It is necessary to explore deep ensemble learning
model architectures other than deep forests. Additionally, for a
given dataset, designing a well-performing deep ensemble model
requires extensive expert experience. Therefore, an efficient data-
adaptive deep ensemble learning architecture design method is
also needed. Inspired by neural architecture search (NAS) , this
paper proposes an efficient proxy model-based progressive deep
ensemble architecture search method PMPAS (Proxy Model-
based Progressive Architecture Search) from the perspectives of
search space and search algorithm. First, by summarizing and
analyzing the characteristics of existing deep ensemble learning

models, a deep ensemble architecture and a formal definition of

QI Jia-Hao, M. S., his research interests include ensemble
learning and automated machine learning.

ZHU Zhen-Nan. M. S. candidate, his research interests
include data mining and graph neural network.

YUAN Chun-Feng. M. S.. professor, her research
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deep ensemblearchitecture search are given. Then, two new
search spaces for deep ensemble architectures. namely a fully
parallel search space and a directed acyclic graph-based search
space, are proposed. On the basis of the above two search
spaces, the study proposes a progressive search method and
algorithm based on the surrogate model to realize the exploration
in the search space from simple to complex step by step, and uses
the surrogate model as a guide to reduce the model evaluation
overhead. Extensive experimental results on tabular datasets
show that PMPAS can not only outperform the existing ensemble
learning models, deep learning models, deep ensemble learning
models represented by deep forests, but also outperform existing
automated model selection algorithms. To the best of our
knowledge, PMPAS is the first search method for deep ensemble
architectures.
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