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Abstract: The adaptability of deep neural network (DNN) models in non-stationary scenarios remains a significant challenge in the field
of artificial intelligence. In particular, when concept drift occurs, models with predefined architectural parameters struggle to adapt to
evolving data distributions. Existing depth adjustment methods for DNNs do not adequately evaluate the validity of depth expansion and
overlook the synergy between network weights and depth during the adjustment process. To address this issue, this study proposes an
adaptive online deep neural network (AODNN). AODNN assesses the effectiveness of depth expansion by jointly analyzing the network’s
loss trends, classifier weights, and changes in mutual information, thus enabling adaptive depth growth. In addition, it employs parameter
update optimization to select intermediate classifiers for participation in backpropagation, reducing interference from deeper intermediate

classifiers to shallower ones and accelerating convergence. Comparative experiments are conducted between AODNN and state-of-the-art
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methods on multiple real-world and synthetic datasets containing concept drift. The experimental results validate the effectiveness of
AODNN’s adaptive depth growth and parameter update optimization strategies, demonstrating its capability to effectively capture changes
in data distribution and mitigate the impact of concept drift. Across key performance metrics, AODNN demonstrates significant
advantages, notably outperforming HBP, ANSN, and EODL in cumulative accuracy, surpassing ATNN, ANSN, and EODL in Fl-score,
and achieving significantly better MCC compared to ANSN and EODL. Furthermore, AODNN surpasses current state-of-the-art methods in
aspects of model convergence speed.

Key words: non-stationary data stream; concept drift adaptation; neural network architecture; architecture depth adjustment; online deep

learning
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Fegi 2 B B/ MU ST Y 582 A5 B Kb, RSP RRBIR R b, VRS 7 B 0 A
AR AL 1 3G R TR, AR R T — F e T S R E I B R 5. AT 5] H DNN 288 BAZ B 447 i1 )5
B, ARG 4 RN TR R R T

—ANREMEATE DNN W1 3 fioR, Hob Xe X 25N, Ye Y 2, 1O, 1%, i & L AN BEUZ, T2 M
L5 1A% . DNN BRI 2 3] f A 5 A2 3R U B B0 3R A, 3R 15 BL05 BV M6, JLFRE vl 145 3 Tishby 25 A OB H
H115 S 3N (information bottleneck, IB) JE . {5 S HEHUHBEH T WA AN BEHLAE & X i S i BEVLA & Y AHR
IS B B X T Y ARG T ARG, 458 X 5 Y BCE 210 p(X, Y), MRS B U EAE B 1(XGY). JER,
Y Ra sl e T X S A SRR S5 T SR HRAE. D6 T X IR I R AE B el R AH DCHRRAIE, FFI8 I & Z7 AR Le s T ¥ G
TTHR B TC B 40 SR SEELXT X [ 48 R P i 48 N 2% 5 2 1 R vl A5 RS AT 04, B — B #0 sk i Kb
TR S5 AR AR R (E B, RIS AMEF S T —RIEZ 2 FNE B, Bk, &— 2 #aenh R R H B &R
J I, SCRESXT i N SEIL A AR M I RALE.

3 AR EVEIREEAN N 2%

HH 22 2 020 I ¢4 85 g T, et 2 2 1) B3I, B A0 AU T - — 2 2D, DNN 19 % 2T T B /R Al
RGP ARAE x = 1O —hV— . —h". BIRT 58 4R % X (data processing inequality, DPD)™/ {1514, M
TR SR ARG R W TAEM R L /R R X — Y — Z (13 MERA IXY) 2> I(X.2), LB 3] 10Gh"Y) 2
IXHD) 2. ZIGHY) 210G T). 540, MR8 B B E U AT DAIE B TATAT M R T 2R AT R X — ¥ — Z 1) 34
BEA IXY) 2 (Y:Z); B F) DNN ta] AR 18" 21002 =, 2K V0 210 7). Bk, 5AS BAERE
FERPE W 28 Hr G DL 4510 BT

WER 1L AT ANREME ML, AN ZE A =X, BiERN A, n%,. kD, X RN, Y RS, TR 4%
k. M5 & 22 MR BZEBR 10D Z10GhP) > 210G ZIXY), & 2 6] 1 545 B 2 B
Ik 1(h QR 21 ORPy = 1R 21O,

TEAEF R BRI, B B o A 1078 Ak, BRI R FE R RE LI CL AR AR, 75 EEH B IR M He R &,
B¢ J P A B2 18] AT R AR AR A 1% 100 1 — A R SR e RAE SR R AR FE IR OGB4 b ARYE AT IR & 1, &)= 5%
N T P LA 2 2 IR T ot ik, B R 5 1) 2 I8 I B A 5 (R R AE. TR, 3 — I 2 (K B TR 2 )
X 2 A TR R R AR AL, W2 R 24 A0 A R AR A R A 75 U035 B %2 TT A2 T
R, Kk,

BT IX— WL, FrdEJ57% AODNN RALE KA J735, 5 DNN 8% 20N 5 R Al Rk rh [ R AE x, = O —
BV —h", For o, R ¢ RN, I 5 IR R 0 ELAS B EAL = IeshC ) — Ioesh®) ARG
P AT E A HME, A5AL K, FoREIE B M D SRS T B M4 RS, B E R AR S A
ZAEFRELR /DN, WL B R J2 01 SR B 22 7 AGRAE, T RE RN 45T AR

SR, ARG IE I (¥ FLAS 228 AN 2 LAAR 8 SR 8] R i e ). AE AR T AR B i b, Bl 0 A > RRBHER,
HAS BHIRIKAG T  5 2 B 5 L R0 T8 B AR Bl (R 52 e, DTG 7= A i B ) KM e AR SR T R A e —
I AL, MR P TR, o 5 O A 45 M it B b Bt 3 ik T UK, B 4 W RB AT LS 00 b SR VR . A o o e ot



8 BB oo e b g e

IR 2 I 45 R AL RE J3EAT FI T, AODNN SIS 3l & 1AL BAF B2 BEAT 11, JF 3k H T HRHIE A 2 1 3E N R
(8. BN W E DAL AL 8, SRR R R P S ] 577 % o, i AR

1 w
I_— .
= § AL ., (10)

w

1
0': = J W Z(Alf—jﬂ —NL)2 (11)

BRI R, 0 BB I Jy o =l + ¢! o, A SIMTVR IR TR G TR ), Eorb ¢! U R, 2 AL >
I, 276 2B B R T A AT T R, (L 75 7 2 A TR 3 DL T v 00 530\ 25
BRI Bk T
2,14 RAEGRERK

R RTTRRAS AT . A BB AT . TR T T (3 AT 5, 25 I L LT 450 30
(BB R B T T ) . IR — A0 S B b TR I B8 B v (IR SR A e e Y B ) DL 35
TR T {2 U5 5 AL, KT B o (60024 R VRTE T R A A R E ), WU B B0 [ A Rl T R, %2
S T — S 3, 0\ A SR T — S AR LI T DL AR 0 2 S R 05 e
3 A, T EEA 2. AODNN 35Tk A JB A MR FE, 75 L 2 J5 57 il 2 2 S A o 7 3 K
5 FRATR 55w R (740 2K B B 50w e BN B8 KBB[0S0 WA 1
s JEH L B R REL
2.2 BHEHML

VRTE 5 R 7 VA R v T 3V T R B 2 262 T A0SR DL 2 S 2R R B, 4438 G
T VR R 4 T R M TR ST, 76 3E TR o, A TIRS I R & S A 425 B L 5
o 4 240 2, R824 VR T S S5 7 6 B A0 o T30 U SR AT R T 2 50 2 58 e S
e, EAETEL B o Bl A AR T, (52 43 K38 0 FR e 0 ST I FORN, SR (I 2 By TR AL 25 55 31
o1 2, 2 WA BT AP 5. 80, 102 oh T A2 22 2/ K RS V5240 988, BB 7 I F f
PR T A 2 F 2 02 S S T2 1) Bt 3 B, S th— B S B A 0, 3 S A R 5 %
o 0 6] 52K A VR 50285 B S 4 0B, W B R Sk 3 3 3 40 61 P45,

(7% AODNN 1, 3K EREIHLHE (R4 v, J5, S 2R B M B TR . Fxy) S HR4E v, 2 04 2%,
ISR LR BT T I T 9T 148 B8, S T RS R 2 4 2501 1 JE 24 14, AODNN MERE T A IV 5240 2
55 15 % P, 25 SRR A IR BT o KT B ce(0, 1, WY SCTIN P it BL 47, 453000 AR 1 45
SR AR 05w T M\ LTRSS T B & (b 1495 £, LA AR B F

Wil = W= )@ V0 £(F0(0).y,) (12)

reL*

Horp, £0,) RRMREE, L = (1| o > &1 € [L,L]), Kol >4 L s il, RIS iR 3 828 o K T4 2
1B EBF, L = {lests boest + 1), Fo T Tt N @ BRI 53 KB IBEL, H5 Does=L, WA L = (Lo} I L RABE—A
TR U H U # LB, 2 L= {1, + 1), RIE L PR EHA O, B G b 83— B0 R8P = 5 BURUE 4

TR Z R 3. PR RS H w? (R T 24802 i 2k, Bk AT
Wi = wh = na)"V,0 L(f(x).y,) (13)
53 BRI o AR Yo S ) e 51 435S B A TR 45 5 O 55 B8 22 81 PR 453 R SR e e S 1 A 47 BV 0 A ST,

B AT

o = ail)ﬂﬁ(f(”(x,),y,) (14)

t+1

Horb, Bel0, 1] 2 FEIRE 1. it s R BLELE (K70 8 &5 B B 2 KARRE i W 26 S 58T, SI N TS 8, [T



AR 5 mEARA IEA A AT 2 PR B iE AT ik 9

SRR B B/ NI A P T 7 43 2K B R R S, A B
a® = max(aﬁb,%) (15)

t+1

VTR, Tt o, BT — 16, BERE ) ol = 1.

15 HBP 1L, AODNN HZ 453 Rk Uk HI 22 9577 s 30— 33 % 26 5 s P U S I 4 R 14 3 1
AODNN & T-SEI 15 AR (it d UM . 49 2% B A TN S5 R 435 JE AT A7 Tk A e, L 800 X 446 0 P i
TR T 190 2% IR 7™ FEE D 2 TR P35 36—, 52 s 8 o P52 P 4 50 e 9 S0 308 1o AL B 2 TR 3 38 £
)43 2888, Ak o B e 4 2K B8 5 5 0k S R B S, AT ZE (R A SICHE P i [ O PR T S T 4. 53 ) 3
5 I A i ] 4 2 B B, AOUINER 1R 2 IS Uk, kb 7 s SR, SR T g TSR, TEE S
VRS R AN, DR S 4 B R S FE S AR, AODNING A S L i 77 Hhy PO MO . T 26 0008 2 A1 B2 RIS L, 18
JE 43 S8 T LUSE 57 M 100 75 52 2% BB 20 A, SR TP TN B, 20385 IR JE 20 K 28 BORLER, TR B 1 365 37 0%
KAL) 223 5 10 01 05 VR, L 8 32 8 4 065 1 P 20 VR

3 X I

31 IRHESSHRE
FESEIRH, AR T 6 A ARER SR 6 ISR, BARE Bk 1 for, Hoh & R £ MOA
B A A A R, B RAR L WA RN B IX 3 RS MRS, SRR AR ok E UCTH, MR A
BRI R RN
E WS A NN E S

s RHIESL F% Hi & (k) AL E ey gt TR

Agrawal 9 2 100 25k-50k-75k KA 3
Sea 3 2 100 25k-50k-77k KA 3
Hyperplane 10 2 100 - & -
LED_abrupt 24 10 100 25k-50k-75k KA 3
LED_gradual 24 10 100 25k-50k-76k B 3
RBF 10 10 100 25k-50k-78k BqE 3
Weather 8 2 18.1 — — —
Electricity 6 2 453 - - -
Kddcup99 41 23 494 - - -
Covtype 54 7 581 - - -
Airlines 7 2 539 - - -
Poker-hand 11 10 1025 - - -

N T UAIE AODL 5 8 f PE BEAH X Fofh 7 v 3R B, 5 B2 5 4 A de S b () O V2 EAT 45 O T ) bRRE, 5o Bk 7 92
T A AR TR £ by R B T vk DA SN SRR R R S RO 73, ASSCIRER T 4 R H BT RALA T EODLPY. ATNNMY,
ANSNPS HBPPSEAT %of b, T %o T HeAt 5 TR [ P 2 R 4% (4 77 %2 ADLP?L, TADMM, DeDNNM!, SEQAP it
T4 775 BELS®., AiRStream®™, CANDP?HCL/ESTHR [29,41] HratbAT B, IRIMAR SCAS FEEAT 52 42 S 6.

A LRI ReLU bR A1 9 o6 %k, Softmax 1 Ayl Hh 2 o8 %k, SR A8 OIS R B/ i ok o B, VLI

HSHE .

o EODLjif e #4742 0 o 13k Jo7 M A2 2 8, ALAMG vl [ 43 88 1) 20 SRR AL o 107 28 15 K T IR 0 K1 b7
TR T MR RS, MR R AL 45 SRR B A I BRI G I 24, e S BRF {47 T AN [ 38 P88 1) I 4% (1) 2% 2 26,
FEILREASIE NSRS, o MREIRFR R IR SO 1 9 HEAT ROBT. BURREE VBN 20, G2 AOAR 28 70 AL

BWE A 100, KA T =0.8, I F T s=0.2, 523 4=0.01, FeEF 3 F I MR EL p=0.99, BEEER BIH



10 BRAP AR Hrr e B o G w Sl

6=0.01.

o ATNNU U] 568 3o 455 700 4F g B 3 305 SO0 M Y A , o3 I 1R 00 0 488 2 AR 224 T 0 iz 468 2 i 22 S W 2 75
RARE SRR, TERE TR R A 3@ 5 1Y 00 43 30K 2 21 37 LRI, PRIE AN 23 S0 R 70 X B B M 1 kAT
WIZR, [FBF R Fisher IEMIKLYIR FF M4 S5, R EMEBR R A Ko X R —ERE, il
FINT B JE — 2 P R) 2 2R 2% 2 15 68 0 BB R W 2 15 AT IR FE I K. IR IA T £=0.99, P AT 5=0.2, ] %
7=0.02, HIH 6,=0.85, 0,=0.7, AR 11K/ W,=500, 24 Rij#5 25 & 11K/ w,=50, 1E M1k 2% 1=5000.

o ANSNU i o A6 5030 B 1) 7 A 3 28 A0 IR A R TS, O 3G S N/ 45 R RROBUZ - Sk B 1Y i, B0
B o) 2% R FEE 5 R SR VRS M SRS 1R S8 0,=0.0005, HESTER K A B 0p=0.0001, BLE FHiE K
&=0.001, KN $=500.

o HBP U Hy 45— J2 Bl /2 3 122 3 v 9] 43 88, 02 v 1) 40 28 28 (1 i HH 6% SREAT AL R HEAT 40 6.
FERRFE VBN 5, Bauil 2 B2 o3 SE0 BN 100, IR T £=0.99, T T 5=0.2, 231 #=0.01.

o AODNN, A SCHEH I 7. B2 AN 2 0T s B0 B O 100, BEEYUREE & RO, BAE BT 20/
T E B2, R HTGE B2 BB BN 2, T T =0.99, “FIF A T s=0.2, 22 31 % 4=0.01, RH 2 YIUEHEN
0, B ¢ MIEHRIE N 0.3, T RF y=0.9, i % p=0.75, HUREH L ¢*=1.5, =1, I & LK/ w=100. it H
= BT I K ) B, 78 AODNN th 3% MINE J7 v Pk AT 144

TANELIGE L 10 RFF T EFHAN RIS, DU IRZS R AT S, BT S0 7E Windows 11 #E R4 LigAT,
CPU 5 Intel Core i5-13500 2.5 GHz, N 1% 32 GB.

3.2 1FMiEER
R R x4 [ R
(ksm + 4 lEI%E)’
o H 8| ZR=TP/(TP+FN), ¥ HiZR=TP/(TP+FP), B (TP) FE ALK & T FA 5 AR A IE R 0 FONZ B IRk
e, BRBAE (FP) ABRLIG A JE T 3N HIRE AR 53 FORIZ 2B M B, BRI (FN) 800 J8 T FE A 25501
WIREAEE R 7 SO AR IR EL
e B E (MCO): B T HTH 4 NS (TP FP. TN. FN) B4, It ST & V45, tH8 7

W MCC = IDXTN — FPXEN HLERFTHITE (TN) AR I8 T 200 R A4 154
TP+ FP)TP+FNYTN+FP)TN+FN)

FENZSN AL

B ZE (Cace): BRITHERIZE T VP4l BOETE SR 48 b Bk B, k87N Cace = ﬁ Zn H
W TSR] T HREAS B, n, 280R ¢ I TRDRE B Tt TR P A AR e
33 LWERRIH
3.3.1 rZEPEREXTEL

%2 7R T AODNN LUK HAh 7 vk B HER R . F1 2800 MCC 18, FA ik e s, T RI2E 9 kA A4
B R T DU R 7 A B 2 E R4k K I, AODNN 7E[& T RBE. Airlines 1 Covtype LAZM R4 1y
W fe vy BT HERf %6, AODNN TERR T Electricity ZUHE4E LM T B =i F1 4040 AODNN 75 K 2 308 ii 4
RS T BRI N T ST i 2 A 3 %5 5, {3 ] Bonferroni-Dunn A58 B ST A 72 18] B I
FHEZE R (critical difference, CD), A TVETEATA SRR L P HEZ I Z R KT CD B, WX B 7547
HEREFEES. L a=0.05 {ENEE AT, HEA2] CD HIN 1.76, 45 R K 418 6 Fis. Seihs BRI Rtk
i - AODNN &2 T HBP. ANSN #l EODL, 7f F1 43%{_- AODNN & Z{tF ATNN. ANSN fl EODL, 7F
MCC L EZEMT ANSN F1 EODL. iXE#] AODNN 7E PRt s A RIGHIE R ST 68 07, it 5iE R
RS S B0 R A AR B ), e REm AR EE 2 A AL I i LB ) s

RPN PP K 3 Ti: F1 340 (F1). BB IHR 23 (MCO) 5 R HERiZ (Cacc). F1=2x

=1
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#*2 AODNN KHATEIRIERAR F1 280 MCC 1A

BAMERE (%) F13 % MCCHE

HBP ANSN EODL ATNN AODNN HBP ANSN EODL ATNN AODNN HBP ANSN EODL ATNN AODNN
Agrawal 884 873 839 877 8.4 088 0.88 0.83 088 0.89 077 074 066 0.75 0.79
Sea 88.1 883 881 86.8 88.6 087 0.87 0.86 0.86 0.88 074 074 0.72 0.72 0.75
Hyperplane 91.3 90.1 915 90.6 91.6 092 091 091 091 092 081 080 0.82 0.81 0.83
LED abrupt 72 645 70.7 729 729 073 0.63 0.66 0.73 073 067 059 0.63 0.69 0.70
LED gradual 70.7 694 699 71.6 71.6 071 0.69 0.66 0.72 072 065 066 063 0.67 0.68
RBF 783 784 827 88 852 049 0.73 0.74 0.67 074 081 074 078 0.87  0.83
Weather 784 78.6 77.7 75.6 788 0.88 0.85 085 0.83 089 047 049 0.50 0.52 0.48
Electricity 88.8 76.4 86.5 839  89.2 06 0.76 039 0.84 058 077 052 0.69 077  0.78
Kddcup99 99.8 94.8 99.3  99.9 99.9 0.14 052 0.62 0.80 099 091 099 1.00 1.00
Covtype  88.1 727 845 94.1 93.7 072 083 07 0.89 .89 0.56 0.61 0.88 0.90
Airlines  61.6 61.8 575 622 62 055 057 05 0.56 0.58 2 022 011 0.25 0.21

Poker-hand 98.7 572 979 988  98.9 0.7 0.13 045 0.65 0.73 97 021 096 097  0.98

Datasets

CD CD
1 2 3 4 5 1 2 3 4 5
AODNN —— EODL
A(/)@Eﬁ ANSN HBP ANSN
—_— — EODL ATNN
HBP
B4 ZituemZE cD K K5 F1 2% CD K
CD
P
1 2 3 4 5
AODNN —— ANSN
ATNN EODL
HBP

K6 MCCHCDK

7 R T A JHETEAS AR AR 10 S el 28, B AR R AL, GNAAAR N ST AR 28, ST HERS 6 TT LA
FHF REE VR0 2d FE. 7 Agrawal. LED abrupt 1 LED gradual $4E4E b, ML SIE R Kk AN, BTG J7 30 1K)
2R IR 35 T, AODNN BERS B H AR /7 v TE ARt Ak 5 B3 i /KT 7 K SR8 45 b, AODNN #E#f Ze 4 4 4R
FRER KT, AR A 7 V53R L N FA%. M7 RBF #4481, AODNN [ ST #ERfi 2 L ATNN i 2.8%, A LA
MW 7(g) F& HRE, ATNN fEREHEATH (A7 20k FEA A A) #ER R B I0GE, a2 T AODNN; {H 8 &+
AE ARSI R, FERA 2R IZ M 1 7%, 1B TS5 AODNN ##F. 1X F 5T ATNN {08 HI Wi 5 — )2 40 KA E 2
TR NE R E R W HHTIR G, T AODNN 1R H & G K S0 TR ZELR & A R AR s . 7R3
HAEAZ ERYUE R TRINZE, EASRERB T — 2 EA RS S 80 0E, BT SR 1, AODNN ik
SEASERGR BER G, HEZR bE ATNN BEAIR. ATNN [ B 1 < 56w A FL AR S0 VAT IR IR AT, (R i S B LR
PR R = A I W, E B4 Agrawal. Sea Fll Hyperplane 25853 5 11 5 HAP BER BN, 11T AODNN U #%
it 25 4 JBE VT A AT IR R 15 R DR SN ST 0 £ A SR W A A B 1 R A A ARIFTE BRI, R T X RSP R ER i
FFELIERIRE ).

332 IBfTI[ERS EL

AT PSRRI ITRER, FAIG LT BT BE RIS TSR], 45 R 4n5R 3 AR, B 7 LED_abrupt £l LED gradual,

AODNN 7E H A 4 LRI 4TI AR T 6 LB L. ATNN B2 552 B 3 KL B R PR THE RS IE N AE 77, (HH



12 AR AR wrrrdp xR G )

AR AL 5y 32 S B AN, 7E Covtype. Airlines. Poker-hand 25 KU HE 48 F RIS N E 3. HBP
F1I EODL M2 H 3+ [ 5 1) 0 2% &35 ) 3 BB 3 B e 0 32 PR, 7 B SR S S M0k O & N SR . (HRER
(172, AODNN 7E R4 i 281 H L1 [R] B AR APk 43 RS JBE, SEIL T 0 B 5 s 3R I~ A0, 3 3 R TR B I R
5258 m At RVE R, IR HE NGB TR W 2R S DL YERRRRAE S SR8 70, IR R S 808 B ik
A SR D T B N RS R WA IO

1.0
' 0.9 kb 0.9
= = =
= = 08 =08
% 06 x {a<
0.4 L 0.7 0.7 .
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
CT Kl Hd i K
(a) Agrawal (b) Sea (c) Hyperplane (d) LED_abrupt
N 0.8
= = =
£ £ z 07
F 04T = et
02 1 1 1 1 1 0.1 0.6
0 20 40 60 80 100 0 20 40 60 80 100 0 5 10 15
Hs Hpi Hode
(e) LED_gradual (f) RBF (g) Weather
1.0
I
0.8 m \
M il } :
£ 06 o p
i ,u
= 04 e
%02 i
0 e 2L . .
0 100 200 300 400 0 100200300400500 0 100 200 300 400 500 0 200 400 600 800
(i) Kddcup99 (j) Covtype (k) Airlines (1) Poker-hand
HBP ----- ANSN ——— EODL -+ ------ ATNN —— AODNN

B 7 sehERE

333 SHBURIESLE

FERA LI R IR T B FH g BZERE . BIME & BUSE RS L o WENE DK e
H p DR T p FEAR FBARSE B B R T T T, T — 8 S B BUR Y o dT i, AT
ZEISE e AR 3.1 AT I EBRME. M2 B LERR B A S EU R, TR S B RE R AN TS A 5.
Wk 4 MK 5 Fiow, S E T B A1 n ASRIBUE R R R, Seit g MR W 25 ) R % e ik (40 0.05. 0.1)
5 SECI R R R 2422 3 R I (40 0.001) I, 414 SO R 843 = B 0% /IME i He bk BE 2 IR
2 5=0.02 B BERERR T Kddeup99. Covtype PAAMIEHE L L # A T BT 153 J5 1 B8, {H7E Kddeup99-.
Covtype SHRHIER R MBHRAE I, BRI R5 5 5 Rk Rels) 5 T . B, 7R 2 HH0 T » BE N 0.01 B
HiE. 5 n A, B ANE 3 ISR o (SR, ST RERAI L, TERZHUE L N B BN 0.99 nTEUAS R EPERE.
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# 3 BITHAINTLE () F 4 ARFE¥F 5 F AODNN [ BiHERR (%)

Dataset HBP ANSN EODL ATNN AODNN Dataset 0.001 0.005 0.01 0.02 0.05 0.1
Agrawal 373 305 278 114 106 Agrawal 78.3 87.6 894 902 89.6 80.6
Sea 377 329 272 107 107 Sea 87.3 885 885 885 884 86.7
Hyperplane 380 129 274 106 102 Hyperplane 87.3 91.0 916 91.8 913 73.0
LED_abrupt 376 338 276 87 100 LED abrupt 67.6 725 729 729 719 688
LED_gradual 370 501 274 85 100 LED_gradual  67.7 714 716 715 704 67.1
RBF 344 191 282 115 103 RBF 62.4 825 852 859 837 465
Weather 63 35 49 21 20 Weather 74.8 786 188 792 788 73.6
Electricity 155 907 126 18 47 Electricity 81.1 872 892 905 912 910
Kddcup99 1662 1118 1444 760 537 Kddcup99 99.6 998 999 779 21.1 20.0
Covtype 1942 76340 1637 825 589 Covtype 86.5 929 937 898 53.1 46.7
Airlines 2139 2087 1919 177 560 Airlines 59.5 612 61.6 61.6 614 589
Poker-hand 3362 4236 2828 1679 837 Poker-hand 92.7 98.1 989 994 994 582

#£5 AFEZFEREFT BT AODNN K RiHHEMZE (%)

Dataset 0.5 0.7 0.9 0.99 0.999 0.9999
Agrawal 87.7 88.5 88.8 89.4 89.2 88.5
Sea 88.6 88.4 88.5 88.5 88.6 88.5
Hyperplane 90.8 91.2 91.6 91.6 91.5 91.5
LED_abrupt 72.1 72.4 72.4 72.9 72.9 12.8
LED_gradual 71.3 71.4 71.6 71.6 71.6 71.5
RBF 84.1 82.4 84.9 85.2 85.1 84.7
Weather 78.5 79.0 78.8 78.8 789 189
Electricity 89.3 89.0 89.3 89.2 89.1 88.4
Kddcup99 99.9 99.8 99.9 99.9 99.9 99.9
Covtype 91.9 922 93.7 93.7 93.6 93.6
Airlines 61.5 61.8 61.7 61.6 61.7 61.3
Poker-hand 98.9 99.0 99.0 98.9 8.9 98.9

MBRGEE 5 43 o8 104 50, 100 200 B, AODNN [ Bt HERf R 8 fias. seiegs BE R, MR E %
FE D/ B, AR A RE J1 2 T I, TEBR T RBF DLAMFIEHE4E I, AODNN P58 T BRI B2 /1N, 321 AODNN f iR &
& N8 5 S50 B4 SRS AT DATE — B F2 R L AR I 6 i o/ SR R ABE R A (8 T o ] L.

100
90
80
70
60
50
40
30
20
10

0

BRI (%)

Agrawal Sea Hyperplane LED abrupt LED gradual RBF Weather Electrlcnty Kddcup99 Covtype A1rlmes Poker-hand

Hoba sk
W10 =50 ®WI100 200

8 ARIFEHUZ % AODNN {1 2 iRz
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I H p AR Ty 2 & BIAIWT RIS p My LRI TP & AT REUE, 3k 6 B, PR T
p 025, 075, 0.9 Fly 0.1, 0.5, 0.9 RFRHA THEMN BT i, LREREATELEEBN T, SHHE
p=0.75, y=0.9 FEMEEUS e EMERE. £ 7. R 8 IR TEUBRE RE . /N 0.1, 0.5, 1. 1.5, 2. 3HRIEG
HETZR, o F T B B3 BUE AT B, B T TR EAT BAS B 007, BRI e 2 (9 BT B S i 5 /0, L
¢=1.5 AT LGE T R 2506 0. 10 ¢ Tt 5 EAS B M B, VRNV TE & MK S — P B R T R
HEATZHB K, S REE R ZHAE I T =1 B rTBUS i e fE. 2% 9 MR T8 3h & 1R/ w43 508 10,
50~ 100, 200 B R THAERRER, 1F AN 1id K2 SEEVEX AN B B AR BUR, & 1IN 215502
5 5% W R0, L =100 A LA Tk 2 3 .

#6 AF (p,y) T AODNN [y RiT-HEHIZ (%)
Dataset (0.25,0.1) (0.25,0.5) (0.25,09) (0.75,0.1) (0.75,0.5) (0.75,0.9) (0.9,0.1) (0.9,0.5) (0.9,0.9)

Agrawal 89.2 89.3 89.7 89.2 89.2 89.4 89.5 89.5 89.5
Sea 88.4 88.5 88.5 88.5 88.5 88.6 88.6 88.4 88.4
Hyperplane 91.4 91.4 91.5 91.4 91.4 91.6 91.5 91.5 91.6
LED abrupt 72.7 72.7 72.9 72.8 72.8 72.9 72.8 72.8 72.8
LED gradual 71.4 71.4 71.5 71.4 71.4 71.6 715 71.5 71.4
RBF 84.2 84.3 85.2 84.3 84.3 85.2 85.2 85.1 85.1
Weather 78.7 78.7 79.1 78.7 78.7 78.8 79.0 79.1 79.0
Electricity 89.0 89.1 89.2 89.0 89.0 89.2 89.2 89.4 89.2
Kddcup99 99.7 99.9 99.5 99.8 99.7 99.9 99.9 99.9 99.9
Covtype 93.6 93.4 93.6 93.6 93.7 93.7 93.7 93.7 93.7
Airlines 61.7 61.8 61.7 61.7 61.8 61.7 61.6 61.6 61.4
Poker-hand 98.9 98.9 98.8 98.8 98.8 98.9 99.0 98.9 98.9
R RIFEBURERE " T AODNN 1) %8 AFBUKE RE ' T AODNN fy
BiHEZE (%) BIHHEZE (%)
Dataset 0.1 0.5 1 1.5 2 3 Dataset 0.1 0.5 1 1.5 2 3
Agrawal 89.6 895 895 89.6 895 894 Agrawal 89.4 893 89.6 894 894 89.5
Sea 884 884 88.6 886 885 88.6 Sea 88.6 88.6 88.6 885 885 884
Hyperplane 91.6 91.7 915 916 915 91.6 Hyperplane 915 915 916 916 915 915
LED abrupt 73.0 730 731 730 729 729 LED abrupt 729 729 73.0 73.0 729 129
LED gradual 71.7 71.7 716 71.7 716 71.6 LED gradual 71.6 71.6 717 71.7 71.6 71.6
RBF 852 851 853 852 851 852 RBF 85.1 852 852 851 851 851
Weather 79.1 788 792 790 79.1 79.1 Weather 79.2 788 79.0 79.0 78. 78.
Electricity 89.2 893 893 893 892 89.1 Electricity 893 893 893 892 892 895
Kddcup99 99.7 99.7 99.8 999 99.8 99.8 Kddcup99 99.9 999 999 998 98.7 99.9
Covtype 93.5 937 93.7 937 936 935 Covtype 93.8 937 937 936 937 937
Airlines 61.7 617 618 617 61.6 61.6 Airlines 617 616 618 61.6 61.6 61.6
Poker-hand 989 99.0 989 89 99.0 99.0 Poker-hand 99.0 989 989 989 989 99.0

MIE & TR EMRLL 73 R8T A S 5 e A& %, £ 10 1, ST T AODNN #£ ¢ 405l HL 0.1 0.3, 0.5, 0.7
A A BTN 2R, Y BMEEAR (0.1) B, JLTBTA IR 5 KB 52 5 R, [P0 4 FIUSCE; 124 B
B (0.5, 0.7), REMEFMARBLSERAMERE, 22 FESBBPE o i TR, FM5R TR ST RS I .
BRI, FE48 K 2500 T & BN 0.3 T ABUE R LR
334 JHRARSELG

(1) VR BE [ 3 B8 K 2k vk

9T BAIEER S & B A R, TEAHER AODNN VR & BB KA 0 1E 5T, 43 B B R S o 3-10
JERTTEA F AR A b0 BT 2R BB ) B LR IR T, SR 5 K B AR IR I S5 75 IR — BHE 4 Il 25 AODNN A5 4Y
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) R VB R M B 2 TR P HEAT T B, BARZE IR ISR 11 PR, Herb )2 Bl =AODNN JZ /8 (£ 2 8. R4 256
ST UL Y, BRI VR B T e o T BUR R ME A 2 R %, AODNN (¥R 5 1 3 B3 K AT AR X1 il 7,
LR HER R AR K 2 i B A B R RO R 2R, AR B £E SR AL R LA ) AODNN 72 K 2 $tdi 4 E
(¥ R A T B JE 2, W] AODNIN (IR B 3 S HEHCHL A5 3L

#9 AFEIENE DK/ W F AODNN [f] ® 10 AFEE T AODNN [
BT (%) R HETNZR (%)

Dataset 10 50 100 200 Dataset 0.1 0.3 0.5 0.7
Agrawal 89.5 89.4 89.6 89.5 Agrawal 89.2 89.4 89.2 89.0
Sea 88.6 88.6 88.6 88.6 Sea 88.5 88.6 88.5 88.5
Hyperplane 91.6 91.6 91.7 91.6 Hyperplane 91.6 91.6 91.5 91.5
LED_abrupt 129 729 73.0 729 LED_abrupt 72.9 72.9 723 72.1
LED_gradual 717 71.6 71.7 71.7 LED_gradual 71.6 71.6 70.2 70.6
RBF 852 85.2 85.3 85.2 RBF 84.3 84.3 84.8 85.0
Weather 79.0 79.0 79.1 79.0 Weather 78.7 78.8 78.8 78.7
Electricity 89.4 89.4 89.3 89.2 Electricity 89.1 89.1 89.4 89.3
Kddcup99 99.9 99.9 99.9 99.8 Kddcup99 99.9 99.9 99.8 99.9
Covtype 92.8 93.3 93.7 93.6 Covtype 93.6 93.7 93.9 93.8
Airlines 61.5 6l.5 61.6 6l.5 Airlines 61.7 61.6 61.7 61.7
Poker-hand 99.0 98.9 99.0 98.9 Poker-hand 99.0 99.0 99.2 99.1

F 11  AODNN HZ4F AODNN MFRIEE B &R G A FRTSIREREE. R R 5 R =

AODNNIIH BRI FE F S RS 2EAS [5] TR FE ) BT HER R (%) AODNN/#Y
Dataset 3 4 5 6 7 8 9 10 RIHEME (%) EH mEEH
Agrawal 89.2 88.9 88.2 87.8 86.8 84.7 85.5 87.0 89.3 3.1 1.03
Sea 88.6 88.6 88.5 88.4 88.5 88.1 87.7 87.7 88.6 4 1
Hyperplane  91.6 914 91.1 91.3 91.2 90.8 90.6 90.7 91.6 3 1
LED abrupt  72.9 72.0 70.8 69.5 69.9 68.1 65.5 59.1 72.9 3 1
LED gradual 71.6 703 69.1 70.1 70.0 69.4 64.4 70.3 71.6 3 1
RBF 843 84.4 83.5 83.6 81.6 80.1 67.7 74.2 84.3 3.9 0.975
Weather 78.8 783 783 71.7 77.3 77.4 78.2 76.0 78.8 3 1
Electricity 89.0 89.2 89.3 89.0 88.5 88.7 88.9 88.7 89.2 3 0.6
Kddcup99 99.9 99.5 99.8 99.8 99.8 93.4 97.0 99.7 99.9 3.6 12
Covtype 93.6 93.8 89.9 88.5 93.3 93.4 92.8 933 93.7 3.6 0.9
Airlines 61.7 61.8 61.6 617 61.7 61.4 61.0 61.3 61.7 4 1
Poker-hand  98.9 99.1 99.1 99.1 98.8 98.7 98.7 98.6 98.9 3 0.6

(2) ZHEEH AT Rk

N T B8 UE 2 HOE B 0L SRS B 2, X EE T I BR AODNN 2 #5118 4k 5% 1) 529 AODNN_DEL Al
AODNN £ RHHER A RIS AT I (8] R ROR, BARS RN 12 Pros. Sei g R W, 78K 2 B b R
HHAFETE, 1BAT IS 8] (KRBT 20D 4%, Rl 1E Covtype X Fh K HUAR (1 84 2 BRI, BT Covtype
6 2 2R BER, BRI v R 70 2R 8% 2 IRV 2 7 A T, SRR VERE T B, SRR AL AE — e AR E B2 1A
i) .

4 B %

BT AT AR B AL R P AR 28 0 2% TIBLIR FE R AE . A T vk A TR B R A Rk I T L DL K S B
I R REAS JE ) ), AR SO M P T 2R TR P A 22 I 45 1 B 7 7 AODNN. AODNN i iad 73 (57 250%F 19 246 14 45 2%
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ARAL RS HEAT 70, W R0 26 1k B 7k B, 383 2 A BB 2 SR A B AN LA AL ER & 20 B I B in iR
FE & BRPEAIE RCE, 24 IR BE IS EL VR B B 0 5 A 0, AODNN 2 9 IR FE R ST HRE R 25 i 4
BRI, AODNN JE 1 S BB LA e £ 5@ 0 8] 72 KA 5 5 S AR AR, A 0B TR J2 68 2 1 1) T4,
IE BRI, T SEBL S 05 S R . SEIG R 70 18 O 5 & s £ _RIGIE 7 AODNN R FE H 1& W 1Y
RN Z SO 0 A SRS A 28 s 55 BTV AE 2R FE 2 21 J7 A L, AODNN Jre B H B v F) 7 SIS R A B BR A A 2
PERSE NOE L. HAE R K, 2 HT AODNN S c iZ L, 78 i 342 0 BL AR I 75 2L 2 ), I 5 2 K AfE
PSR (RSN, RS AL AR ORI T 1 L A

# 12 AODNN Hl AODNN_DEL 7£ B i R Az 17 1 18] L (% b

Dataset FUERR (%) IZATHFE] (s)
AODNN AODNN_DEL AODNN AODNN_DEL

Agrawal 89.3 89.2 104 102
Sea 88.6 88.5 105 110
Hyperplane 91.6 91.6 102 111
LED_abrupt 72.9 72.9 100 103
LED_gradual 71.6 71.6 100 106
RBF 84.3 84.9 103 104

Weather 78.8 78.7 20 21

Electricity 89.1 89.1 47 48
Kddcup99 99.9 99.9 532 537
Covtype 93.7 90.7 589 647
Airlines 61.7 61.7 560 617
Poker-hand 98.9 98.9 837 877
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