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Abstract: AdaNet (Adaptive structural learning of artificial neural Networks ) is a neural architecture search framework
based on Boosting ensemble learning, which can create high-quality models through integrated subnets. The difference
between subnets generated by the existing AdaNet is not significant, which limits the reduction of generalization error in
ensemble learning. In the two steps of AdaNet: setting subnet network weights and integrating subnets, Adagrad, RMSProp
(Root Mean Square Prop), Adam, RAdam (Rectified Adam) and other adaptive learning rate methods were used to improve
the existing optimization algorithms in AdaNet. The improved optimization algorithms were able to provide different degrees
of learning rate scaling for different dimensional parameters, resulting in a more dispersed weight distribution, so as to
increase the diversity of subnets generated by AdaNet, thereby reducing the generalization error of ensemble learning. The
experimental results show that on the three datasets: MNIST (Mixed National Institute of Standards and Technology
database ) , Fashion-MNIST and Fashion-MNIST with Gaussian noise, the improved optimization algorithms can improve the
search speed of AdaNet, and more diverse subnets generated by the method can improve the performance of the ensemble
model. For the F1 value, which is an index to evaluate the model performance, compared with the original method, the
improved methods have the largest improvement of 0. 28%, 1. 05% and 1. 10% on the three datasets.

Key words: AdaNet; Neural Architecture Search (NAS); ensemble learning; adaptive learning rate method;
Automated Machine Learning (AutoML)
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Fig. 1 AdaNet subnet search process
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TR B IAE ;A FR T W BN 43 40 EE 0, B AR 7 099 1) 2 Sk
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2080 7 AR A 25 L3 FH 4 22 ) 4% ( Convolutional Neural Network ,
CNN) )2 (1 P 2 S5 AL — 2 AR 32 1 A 3h 4 R 1 )
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AdaNet 7E3 R 5 Y2k it B2 b, WA — SRR IEA
FAGE WAL IR 3 3 e IMEX AT AR R T4k T A T
AL R ) de VR B AT . AdaNet {8 FH 40 F B bR o6 5UE N
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F(w) = E(w) + R(w) (5)

Hrfr:x= 0,82 0,3 0% 80 m R VIR RREAR AR N RAE
AR5 RSB by S 55 R B I 5w S h BT 1Y
AT A 5 o 2 WU 2B T 9468 2% PR (FE AdaNet
e AR RO SR, B b (x) = ) 57 () S T840 19 F ¥ i
Rademacher & 7%

F(w) i % T Boosting Bk P i iz kiR 2 19 7 A, B 2
E(w) FI R (w) Pi 2 B H, E (w) S AdaNet 5 A 1 5152 22
I, R (w) K AdaNet £ IR 1Y 52 2% BEAE T I, F (w) W J2&: AdaNet
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REME BN w, | R AEE N Tk
R, F WA SR T WA b, b h BN B
TR LR IR R+ LT, TR EAIE R H A E X
)T P 48 2R 28 B4 A

DU B35 ¢ 583548 00 7 X o 1) S B AR 1 ) L, T A
16 N FEAEE F W w e {h, h'}, 35 HAEE 7 M u 09 IR & A E
we RIFKMT  me/MESE (-1 583600 AR eRELF, (w, w) 11
[R5, F, (w, w) A EAR A AT

F(w,u)=E (w,u) + R (w,u) (6)
1 m

El(w’u):;Z(b(l_ytﬁ—l(xi)_yz’wu(xi)) (7)

R, (w,u) = (Ar(u) + B) |lw]], (8)

MTERE I F, (w, u) Z A, T3 S0 T [ BEAT Jey B A I 2%
RIS 20 7 0 w0 A AR 1 ) 28 AL TR aw, , SR 181 190w 47 AT LSS AN
F AR B B AR/ M T w8 H AR BRECF, (w, 1), F
PRAKIT

F (w0 = 3000 - yuls,w,) (9)

F (w) JHk FUBEHT J5 PRUCGE AR 2 AP RE , 18T 1 A4
AT ERIY/F M, F, (w, w) HARAANALE L P F/
HF, (w, w) B 32 R I B 5 24 107 5 90 1R 3 A w S FE
F (w,, w) FEX T A7 RES N LR, S/ MEF, (w,, u) 3T
AL R 0 S Y R PR 2 A w, B G A (Bl
F(w, w) FF, (w,, w) ZT0 0 B SE00E w 5 it +
M haih') . MRIER(5).(6).(9), AdaNet F FI4E Kz 2 7] LA
HARFRA N -
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AdaNet (S):

1) e, <0,

Initialize Search Space and Generator

2) fort < ItoT do

3) h,h' < Generator (S, e,_,)

Get the subnet network weight w, and w,,
by w, < MINIMIZE(F, (w,. h))
w,, < MINIMIZE(F, (w,, h'))

4) w, < MINIMIZE(F,(w, h))

5) w, < MINIMIZE(F, (w, 1))

6) if F,(w,,h) <F,(w,,h")then
7) h, < h,w" < w,

8) else

9) h, < h'\w" — w,

10) if F(w,_, +w")< F(w,_,)then
11) e, e _, +w -h,

12) Use h, to adjust Search Space
13) else

14) returne, _,

15) returne,

55 AT - WIAA AL AdaNet S U4 T 0 8 58 23 1] 190 A= 1l
i, TR FR S ) E T AR AT R A A 9 A il
O A SRR 0, I ELX R REA T I 2 A SC R e 11
A CNN A OL)

55 3)AT T WA L A SR NBEEE 1 B b B 25 5

Wu=hou=h3RRARF, (0, ), 25 AR ZERS
F b b IS AY 25 AR, I MINIMIZE () 3 8 10 3 b A Ak 55
2 B RS 0 B D R AR S SO

B4~ 1T W u=hou=hRRARF, (w,u)H,HHH
FIPRALFEE MINIMIZE O 453 b b B AR A CE w, w, .

59506) ~9) 1T : L F(w,, h). F,(w,, h'), b h' 4l 75
F, (w, u) BN T RIS M b, 3R BTRA R M w”

H10) ~14) 17+ 8 F(w,_, + w'), F(w,_,), W F
F(w,_, +w") < F(w,_ ), M AT AF M h, 55 BRI 25
122 M/ MR BE B0 T B2 2% FE 38 AR B, st R 5 I AF
W b, REAE I/ N AR Rz Ak i 25 B 5 BURY B — kAR AR
WA e, | NZAL S XA F R by, F T M b, 1Y softmax JZ LA 2%
B a — N RUEUZ AR5 R A AE w K b, S — A R
JR R RN R R R A5 BB AR AR e, , I FLAR YR 2wk
PRI I B BT T2 1] R F (w, | + ') >
F(w,_ ), WA AREEG ] AF RN TN AR 72 fh iR 22
TR Bl U R 1 b —UGE R E Ee, o

51547 AT TR ER G R B E K e, )7 1R
e,
2.3 AdaNet IR EMRUEE

AdaNet F P8 Z G FE R 5 3) 47 94 A DR A0 5 1kt Vik
F(w,, u) 3305 P N0 P28 AU w,, DL 4)~5) AT I
AR SR IMEF, (w, w) 15387 WA TR A A E w, 77
AdaNet "2 T [A] — P AR AL SRR AR Y o #E AdaNet
T AR B A R AT E R AR 2l Momentum £ 65
RN LR P AT R A, R o B N B E ST,
3K F, (w,, w) F, (w, w) 1E N Momentum $£ 465575 H F5 bR %L
7 (), M w0, 0 HEAF T Momentum [ /L3 2 ) ELI e 2
wr.

B SR o S K, WG R 0, )R SRS
oy AT BAR R, (w) (y HHBE0.9) .

wd SRS w,.

Momentum (o, w, v, ¥, f, (w)):

1) whilet ={1,2, -+, T }do

2)  HEBE:g < A, f(w,_))

3) HEHEw, vy, ta-g,

4)  SHEF w, —w,_, -,

5) returnw,

HJ2 Momentum f5 A5 5 WS 1E , F: B AdaNet (1934~
F- 48 AR AR ; R E S Momentum (AL R, T 7E
YNl B8 rp 2 5] AR [ 2 1, T LA R BE = ) &
HS AR — AR HE DL 3] B A B A S R OF B
Momentum fEAL VLS B Y AdaNet £ SR 9 19 25 PR
I XFEASF T AdaNet B2 BUAARTZ AR 22 (138N
3 HIEMFIFNRMEE

ARSC R T HE RN TR] I P 0 1 D) 2 AT 2 ) 7 2 Sk
WOH A 35 R 2 ) SR AL ok e R W 2b A TSR i, B
HHT Adagrad ,RMSProp , Adam , RAdam iX 4 e, T
M4 T ENR S8R
3.1 Adagrad fE L &%

mAN IR WMES B w,, SRR LB EH
i BRELS, (w) o
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Wrd RS w,.

AdaGrad(a, w, &, f,(w)):

D) BRI wIR A r < 0

2) whilez = {1,2, -+, T }do

3)  HEEE:.g < A, f(w,_))

4)  HEEE S r+ g0g,

S LA P AR =N @

5)  HHESECER T Aw VY=

6) Zjﬁfﬁ%ﬁ:thwL,1 + Aw

7) returnw,

3.2 RMSProp AL &%

mA CERa WIS w,, BERE e, I Ep,
AT B AR R, (w)o

v EE MR E

ik SRS w,.

RMSProp (o, w, €, p, f,(w)):

D) BRI wIn Al r < 0

2) whilez = {1,2, -+, T }do

3) B g, < A f(w,_ )

4)  HEBERIEr —p-r+(1-p) g0g,

N ) 2 =N «

5)  HASECE R Aw . \/;Og,

6)  SHEF w, —w,_, + Aw

7) return w,

3.3 Adam AL E %

WA ERa WIS w,, BUERE I e, B E— R
TR ELB, L BB W A R 8 R LB, DA B H b pR R
Si(w)o

a2 B — N m,, B B e,

wd RS w,.

Adam (e, wy, €, By, By, f,(w)):

1) B~ IR my < 0

2) BB B EAIR AL s0y < O

3) whilet = (1,2, -+, T }do

4)  HRBE g, < A, fi(w, )

5) BB (Momentum J5) ;

m, < By -m,_, +(1-B))-g,

6)  TIEBREE B (RMSProp 3l ) :

v, B +(1-B) g

7 BE—BERRE R, —

QOg,

1-,
8)  BIE WA 5, — 11}//;
a-m
9) RSB Aw < - " Og,
o e+\/,7, &

100 SHEF w, <~ w,_, + Aw
11) returnw,
3.4 RAdamfELE %

WA R o MRS w,, BUERRE it e B —
TEUH AR AL B, B A R s R R B, DA B E A R A
Si(w)o

PRIEE BE—Em,, B e,

wd SRS w,.

RAdam (a, wy, £, 8, By, (w)):

1) BB —Br iR my < 0

2) BEEE IR 0y < O
3) SMA(Simple Moving Average ) F KAEXI 1R 1L -

1

Po -
1-5,

4) whilet ={1,2, -+, T }do

5)  THEEE:g, < A, f(w,_)

6)  THEBREE
v, Byrv,_ +(1-B,) g

7)) FEEAE —B A (Momentum 1) :
m, < B -m_; +(1-8) g,

8) BT i, —

1-B;
9) I SMAIRKIE:p, —p. - %
(1-8)
10) if p, > 4then
D BEE R, —
1-B;

12) T RE AR
e / (p, =4 (p, = 2)p.,
' (P = 4)(px = 2)p,
13) o 1 3 N B i A TSRO -

(IIT[IIALI
w, W, T
v,
14) else
15) filt FIAE B 38 Sl A T S HOE T -
w, - w,_y ~ ai’fl’l

16) returnw,.
4 LIy 5

ASCFEH T iR JURP 55 78 AdaNet i 48 2 25 8] 5
HONFEA CNN I ETHE T, P Ak P S 1 I 2 A5 A1 o 42
B R A A, I FLZEAR I PEE 45 BT A Ty ik
37 AdaNet 4 B AY (1) 8, DL 8B4 RMSProp . Adam |
RAdam X 4L B, #HEE T AdaNet % FH B9 Momentum 11
B35, AdaNet 9224 had BN (L RE S D Wi 84, I FL75
F () AdaNet 4 BB TR R AL H 4T
4.1 BIE&E

MNIST J2: 55 [ B ZAm i 55 AR 7% e Mie 2 2 B %) R A0
TR ER T, 4155 60 000 I ZREEREAS L)L % 10 000 4~
SEREAR  FEARSE: 28x28 I i, e 1012801 i R AR
7 15 5, AdaNet JF G CNN A5 5k GE AR A3 AR08, X Fax A4~
BRI, H BN TR I8 AR SO, BIBE TS 11 AdaNet
£ N AR ) B — B0 e R ) B N 2

Fashion-MNIST & — 84 MNIST T 5 ¥ 7 4 (1) 4% %k
PEHE . Fashion-MNIST (145 20 K/ AN R g/ i 4 Xl 43 5
MNIST 58 4x— 30, EZRIEIN T /0 FE00MERE . XX A5 45
B4 SN LA ik, B B h T R S0 A SR AR T A 2R 1)
Sy 2R n b TS R AL

RTG53 AR S AR B ) AdaNet 5 B, BEAS T
FRAE A ) 2BV RE R S M A R . AR SCCTERIN T = 3
W 75 J5 1) Fashion-MNIST b aE 47 7 % be S48, BRI Jy ik
R VR AE AT HE I 2R, BEHL R 20 HE R (R , i BL4
P 4 BT RGER B A i e
4.2 WMANBHIZE

M F AR, T B e X R A S B, &%



% 10

) RE AT A E RS T R AdaNet 2t 2809

SRR LA A A S, IR S8 w,, R )
Rao VGBS w RE T A0 BT R izt 7 v ) IR 2 1 2k 5
R L ARNE R T BEPE RIS, A S He initialization ™ 53X F )
IR TT R GR SE SN T3 AR AT RE LR ARl s HI M
AR 73 A 3 Gt BSOS ek i Hh B 1) T 0 i S 00, iy HL &
A BEAR I35 W ReLU (Rectified Linear Unit) 3 4 F £t 3075 oI
B, )R a PE TAUE TR R, B EARIE IR MR
AN EHE , — PRI 5 B BRI B, o B 2 BETE SE /N
BN AR a AT RN, YNGR AR E AT R H B R A
TERE B F AR, QR o B A5 R, N Rk FE SR R H T g2
HEE Y LR RIS AT ah 1.0.5,
0.1.0.05.0.01.0. 005.0. 001.0. 000 5 3% L& 4, £21:d iy S 00
U, 2 a 0. 005 I, BERESS (RAE VI ZRH B2, JREHEAS 31— MR
1 B bR R EUE . [FIET, B F Momentum £ 46 55 25 78 A F
P it B ARl P E— 1 oo, GN2R o BERE 2 0] B AL IR AR 8 22019
0L o 1M Adagrad 55 F 36 N 27 > BRI T UCGEARHRRT «
HEAT AN ) AR 8 1) 4 T, 00 B SO0 H A I, % o BT O
REMS S A ORI A TR R, 5 IRE 8 SO0 B ARIE , A o HEA T4
AN RAIERR IS IS BN — AN BAF I A5 R, T LA Adagrad 55 F] 3 B
2 o RAGAL T IE N o B9 ESR [ Momentum AL 535 A% . HH
TAIC 3 A e S g 1 I R Kt e ORI [R], F LAS SO
A S R T AR R 0w R o KT

RGBS R A A S8, A SR R
Ruder™ DL B 4 B E % W BF X #1740 i &/ . X T
Momentum A6 532 , S FIHSH y B 0. 9, IS B (1)
VA A, TRk sh i 7E 3R SO0 AR S se e s, xF
T Adagrad fEALTE L BUERSE B £ U107, & FH— /MY IE
B, W7 TR AR L R L O, At 3 19 8 0 2 ) R AL
1% RMSProp , Adam . RAdam H1 (%) e WHCHIFI{E . %FF RMSProp
PEALTE I, T p L 0. 9, & R SE I X RBUE IBL B2 A
PP 5 B B 4 R O B sl S bl Rt i
Ko XFTF Adam HEAL 75 A RAdam A0 535, 16 B — B A 52
AR KB, H0. 9, 4 B — B R el R 4B, 0. 999, B8 — B
R 7 5 B 2 AR B 17 48, B K %5 T Momentum H Ok
PRAFIE , S IR -1 RS R U8, e — A2 7 S
JEF- 05 55 RS B J5 172, e Al 4 T RMSProp HIRFRE
TR, DR PR B S AN TR 28 B2 2550 L 17 A6 57~ 2R o
4.3 MR

TE XS L 52 g v, A SCOR JHAE T K 4R B Y OE B R
(precision) A3 [ 38 (recall) . F1{H (F1_score) VE Ay 5 LSS AU 14
REMYITM 645, & LT .

TP

jsion = ———— 10
precision = o0 g (10)
TP
recall = - (11)
TP + FN
F1 score = 2*precision*recall (12)

precision + recall
TR T 7 2Z [ 4 22 5 L BT AdaNet 411 9 4248
AR AR Y, 2220 TE T R N SR 2 A . A et
BT A1 00 ) 2% A HE AL, I 1 o [ 2 A FlE P4 2 2
BOFIMER BN Z A 22 e, 2 J5 ik AdaNet 52 1014
TR T B LH G, XA A G AR ¢ 2 S P R SRR

SRR A AN TP 40, BARE SCAnF

dist(w,, w,) = (0, — w,) (13)

v Z dist(w,, w,)
=a=l b=a+1 (14)
C.

Horpeaw, BT 50 a T WA E ME 0, 275 4 b 1T
) X 245 A T 3405 dist (w0, ) H2: 7 AR “ 22 S PR RS 7 5 n S
AdaNet £ B 7 R A48

R4 T He A AdaNet 76 058 FHAS [m] D0 A 530 125 ) 1 286 42
F3R F G, AR SO T A S0 A I s A5 By FE B R 64T T 48
it (A 3C A 8 e NVIDIA Tesla V100-SXM2-16GB 1 GPU 43 1ii
ST IRE P e 75256, I HH TensorBoard Xt 441 Zrad #
AT T WEHE) o
4.4 LGS

FBR T SFEAL S 3 48 MNIST 5064 |- &R, n]
PLE B 1A 5 8 A2 RAdam , 7] BB A 25 K A0 T R 43 5
T, 7RI A5 ) BB 45 _E RMSProp . Adam , RAdam X 3 F
PEACEIE R i T4, B E AT AL L AdaNet £ ifA& 27 > 5] —
AT HELLZE B 2

F1 TEMNISTHIEE FARRUEENER

Tab. 1 Results of different optimization algorithms on MNIST dataset

Db EfE% B % FIE% TS mE)/s

.

Momentum  98. 35 98.33  98.34 0.1021 1417.3416
Adagrad 96. 50 96.49  96.49 0.1218 1388.5581
RMSProp 98.53 98.51 98.52 0.1250 1428.0872
Adam 98.51 98.51 98.51 0.1253 1439.5728
RAdam 98. 63 98.62  98.62 0.1255 1393.1531

2 M J& 7R T 7E Fashion-MNIST 84 4 OS5, /I IR
F F1E R =5 192 RAdam , BRI & BT P40 0. AE
Fashion-MNIST %445 4£ |- RMSProp . Adam . RAdam iX 3 #i {ft.{k
A WARR] T A RROR, AVE TR AdaNet 4b BERTAZ At
M3 R AES5 BHIL2A R .
K2 FE Fashion-MNIST##E & AR EXR 4R
Tab. 2 Results of different optimization algorithms on

Fashion-MNIST dataset

ALS: EHR/% BIE/% FUE% TR i/

Momentum  89. 13 89.18 89. 14 0.0321 1483.2857
Adagrad 87. 46 87.54 87.48 0.1130 1395.9140
RMSProp 90. 01 90. 01 90. 00 0.1162 1398.8802
Adam 90. 11 90. 13 90. 11 0.1664 1426.7826
RAdam 90. 18 90. 22 90. 19 0.1671 1439.8370

43 R T 46 VT 307 7% ) Fashion-MNIST #1045
SR, FUESS AR Adam, & FIREA B BRI F 9 43
B, ] LA #) RMSProp . Adam , RAdam 765048 42 v @8 1
WP, 0 BR RO EL AN F1 B RS A FE B DN , BE (T RE S FF
B AdaNet 2 UARTE — & R BE bl G

320 bS5 i AN 4 ) 52 2% R BE JRAR UGB I 1Y, &
ATTXE IO PR 45 2 R T A 2 AR B RAR U K 1 . T LR 5
PR R T 2%, B R MEL B R TR A
SVEAS B 7~ R0 73 I T 22 SO , BRI 52 % R L, AR SCHY B
HEI7 0] LIARAH A AR o
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e, (02 Adagrad L A0 535 T A5 B 25 S0 F 1S 8 A 5, iX
S KR Adagrad Ui B H 2 9 20 BE R 6 (8] SR80 0 240y
B R K5 SRR/, B0 215 9142 Al i AR
/o XF T SGD Fl Momentum , BEALAYF7PE 5 250 1 HSSIOR £
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RAdam W) AT LAAE DR SR B DRSSO i 32 T, ) I 45 210 525 1Y
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Tab. 3 Results of different optimization algorithms on

Fashion-MNIST dataset with Gaussian noise

PefbBs IEWR% HABIR/% FIUHE% FM3EI BfE/s

Momentum  88.73 88.79 88.75 0.3921 1477.5162
Adagrad 86.99 87.07 87.00 0.4148 1368.3051
RMSProp 89.53 89.59 89. 54 0.5978 1418.8236
Adam 89. 84 89. 87 89. 85 0.6464 1412.0499
RAdam 89. 69 89.76 89.72 0.6365 1378.4477

5 %iE

A3 T AdaNet X F NAS J7 7% , 51 A RMSProp , Adam
RAdam 55 F 1 N7 25 ~J FA0 AL TR R AT 21 1 19 9 70 A 19 28 42
AT PR B TR A AL . SEIRAR R AN T A Y
Momentum PEARIETE , AR SCT7 A AR PR UEMSC SSCAE PR, 0 ol 2 ) 2%
WRBCEBHEHE T, IR IE 48 = T 9 Z [ Y 22 S,
453 AdaNet 52 SR RYH A7 5 g O HEAR 4, 708U 2= (1 73 26 4E:
G5 PSR R

ARSI I7 B 7E AdaNet 100 4 ] 5 CNN ZE A4 I R A0
TEARR B TAET BRI AdaNet 19 R 45 & 4% CNN 4244 LA
S RNN ZERIR, Qs e T 1415 0 S 4F (Y AdaNet 52 AR ARY
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