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Abstract: Unsupervised anomaly detection is an anomaly detection approach where abnormal samples are
not required to train models, and recently backpropagation-based neural networks (i.e., BP-NNs) have been
used. Typically, the models are trained using normal data, and then the pretrained models are installed
to devices that perform anomaly detection. The devices themselves perform only inference. In this case,
however, difference between the normal data at training stage and actual normal patterns of input data in
the deployed environment becomes an issue. More specifically, (1) BP-NNs have to train iteratively until
the learning converges, and (2) retraining is required to follow the variation and fluctuation in a deployed
environment. In reality, the model should be specialized for a deployed environment, and responsive update
of parameters is required to follow the variation and fluctuation. In this paper, we propose an FPGA-
based online sequential learning unsupervised anomaly detector, called OSUAD. The detector combines
Autoencoder, one of neural-network-based models, and OS-ELM, a fast online sequential learning algorithm.
OSUAD achieves faster training and smaller area by completely eliminating costly matrix inversions which
are the computational bottlenecks. Evaluation results show that the training latency of OSUAD is faster
than CPU and GPU implementations by 2.47x and 4.95x on average, while the detector can be implemented
in a low-end FPGA device. It also achieves 2.4% higher f-measure than a BP-NN-based implementation in
only 1/10 training epochs.
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Fig. 1 Typical training method of BP-NN based unsupervised

anomaly detection models (left) and on-device sequen-

tial training approach (right).
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PRI L L CEFNVEEETE L, LrL, 8
2B 7% Backpropagation HEIEFIE I A MAVAKE {, nN—

K7 = 7 &FEORS N7 T N4 ZNZFERET L 0IXHETH
% [20], [21]. BifEZL < ® BP-NN RX—=Z2AD/\— F7 = 778
HFRLE I L L T 012 ) LAETRVH 5.

FIT, AfFECE=a2—I NV Ay bT—=2 D1 DT
# % OS-ELM (Online Sequential Extreme Learning Ma-
chine) [18] IZ{EH T 4. OS-ELM LT FEH 2 4£0 558K
FETNT) AL THY, HATFIEHEZ W5 Z & T BP-
NN X0 & @E#IC#H T & 5% [18]. AWfFETIX OS-ELM O
FHREENAR MV A Y 7 ThBHTHEIEZ EEIHET 5
LT, SohbEElbEBEAtEERT L. T2,
fize LAFROTED1OTHE4— by a—5EHn
TR 24) EHAGDHEDL LT, TN AL THREIZE
RFHERE % FPGA N — 2 DHhiliZ LS E AR (Online
Sequential learning Unsupervised Anomaly Detector, Ll
B OSUAD & Kit) %3 5.

K XL ORRIITOLEBY) TH L. 1 ETANREDOYE
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2. HIRFIFE
2.1 Extreme Learning Machine

OS-ELM DRl & LT, £9 ELM (Extreme Learn-
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*OREXIE, BHESHPEEST — 27 2 3 v 7 HeteroPar’1l8 THF L
72 EOWTE [27) OFHMEIEZ T L 72b D TH Y, KL ORE
F4ETH S OSUAD &, ik [27] 1281 %5 OS-ELM-FPGA &
[{]—TdH 5.
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Fig. 2 Extreme Learning Machine.
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Fig. 3 Autoencoder.
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WCEEA R A2 L CTRET— Y 2RI TE 5. MR
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FLya—%IEPCA £V bEFEBRAMDOKEEN BN LS
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DT = F I\ LEii % LRERA 2479 B2, E% 7 —
5 DN E LB T LB BEBICANLLERD 5.

3. EEMZR
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4. OSUAD

L TIR_ET S OSUAD 1E, OS-ELM &+ — hx >
O— ¥ ERAG bR FPGA N — A2 OFHli 7 L B M
#BTHDH. 4.1 HiTlE OS-ELM D AT % 12 OSUAD O
FHWBOFTH I A T 5T REL, 42HT
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4.1 OS-ELM Df##

OS-ELM ? x5 #H A (X (4) 3F12, 1758 &
WATHIEE O 2 HMECTHER SIS, 22T, 175
Ac RPXI-B c R Z0»bitEATL—Ya v
% pgr, WATHIEE C~ € RV \Zh 0558 A 71—
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Lproa ATHNRE D, L, (ZHATHIEE O GEFOFHH A
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H,P,_, ¢ R"N.HT ¢ RV*k %5t %. OB, &
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KIFFED & ) ICHAEE & LCTERT LG8, 2hled
BB LOF — 3~y FIFFFE L Wiz, /Ny F4
A X% VICEETHZ ETHERZHIRTE 5.
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ZOFFEFATH720, K@) ITBVWTE =x; DPKRLT
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4.3 Ny FHA X EFBOREMEICET 55564
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5. E&
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Fig. 4 Block diagram of OSUAD.
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Fig. 5 Flowchart of seq_train module.
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b,
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zi, o, hy DFNFNDY A RXT1x4, 4x4, 1x4I2
h.

B 6 IZWHETOFIHEEZRT. O N = 2 5] TR
BrETT5100d e, & aDFNFNLE N =2 D0851T
FHZAEIL, N =2 200fE%FEREICHALTULEN D 5.
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Fig. 6 Parallel execution of h; = G(x; - o+ b).

h=G(x-a+b)

y=h-B
|
loss = L(x,y)

l

return loss

7 predict EY 2=V DT T —F v — h
Fig. 7 Flowchart of predict module.

TODIZ, T x/a DIATIZA 2Ty 7 A ifj ZEY
WCTh., 2L Ti/j mod N =2 OFMEMEAE LHI/AT
EHLE 12O LTHAET A, QL TodEliL
72 NENDEATH A & W I 2 G L, R
479, Tz, TITTELNAEEREIIRME L CERK
END. ZOMBIZHT a DFRVENOTTOEA A H
SNHETHRYESINS. Q@ bOFHDOEEZHZHAML,
LT E LS. 2L T, #f1% 0IZEL,
155 NAFHERE RIS U CTEEALE%R G 2@ T 5. &%
I, hy DFBOBERICHIMEL FEEZ AL, TXTOREE
HIZ1IHGATA FEEL, DT RTOFBENIZNZ L
DEFE, H5VIIATHIOFINHFEST 26, QIXRS.
LREBHNETTFRIIEE SNAN— N =27 N IZlb
B4 5720, @AFLOBEREENT 2= K7 278Dk
L— N4 7%2%E L CGREIT 20BN H 5.

5.3 predict €~ 21—

predict €Y 2 —VIIRX (10) 2515 L, ANTF—% 0
FMEEHEITH. M7 EEEY 2= VOB 70— %R
1. MO 7Ty 2 1ZBRRICETSNS. K (10)
HOFRRBIEL L 13 e PYRRAE 7 Sk 4 7 BAS I T
TdH5HH, OS-ELM (357 B R AMRK BB O I IHAF
Thobid, TELREFLR = Yo7 &fa CHE
TREZ S O (72 & 2 AT TFRRRE) ZBEDONR . £
72 seq_train €Y o — )V LG8, predict €Y 2 — )V b iHA
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1 FHEiv >
Table 1 Evaluation machine.
oS Ubuntu 16.04 LTS
CPU Intel Core i7-6700 3.5 GHz

GPU Nvidia GTX 1070 VRAM 8 GB
DRAM DDR4 RAM 32 GB
Storage SSD 1TB

DR DATHIFETHO SN -0, AL T TE ML
FEBTES.
6. FH

ZZ2FT, OS-ELM & F— b v a—¥efligbir
FPGA X— 2 D¥fili7 LEEHMEE (OSUAD) & Z0D%E
OV TIRAR, KBETIE, LAT Y, FPGA YV —
2 O, BEMAIRE 12D W T OSUAD O 2 % 47
9. &iHilix L“Ci%l@'?//%)ﬂw

6.1 [LEEI®R
OSUAD 2L T® 4 5? CPU B & O GPU %k & i
T 5.

(1) OS-ELM-CPU : OS-ELM % w724 — v a—
¥ ® CPU 2%

(2) OS-ELM-GPU . Lito GPU 3%

(3) BP-NN-CPU : BP-NN # flw/z*+— b2y a—%

» CPU F

(4) BP-NN-GPU : Fil® GPU %%

CPU %D LA} 51213 TensorFlow (ver 1.6.0) [1] %,
GPU FEZD #5121 TensorFlow @ GPU F4THERE %
A L72b e vy, FHERELIL 32 bit DB/ IS %
HwwTw 5%, BP-NN-CPU & BP-NN-GPU i, OS-ELM
Td7%{ BP-NNTH—bIL Vv a—F%HELL-bD%
f87.

6.2 BEEDETE

9 OSUAD grasiifmoiteg s LT, +— bz
I-FORED ) — FEuIIGEE L, Ny FH A4 X1 &
5. BB RS L, y) = L 30 |vi — il
v, 4.3 HOEE EPSILON i le-4 &35, F72, OS-
UAD, OS-ELM-CPU, OS-ELM-GPU ®t@oikE s L

T, WAL A ESERER G(x) = x £ T 52, OSUAD
HDOFTRTOITHIFE, N7 MLVIEDWEFIRKIZ N =2 LT
V5. BP-NN-CPU & BP-NN-GPU D#t@ni&E s LT,
FERE DS MEALRIZ L L T Relu BELE [22], HHIE DI
HALRSS L LT /A FEEKER VA, R#E{LT VT

2 FEPIITEEREEITm R, ¥ 7T A FEEK (6] % & OIEMILEE
HFERELTWDEA, Rl $ 2 REMAEE) OFHMIC BV TZED7E
BOPINED o 727D ERF R ERE L, 4N EEE % #
LTw3
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Fig. 8 Training latency (N = 16).
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Fig. 9 Training latency (N = 32).
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Fig. 10 Training latency (N = 64).

AL E LTI Adam [16] 2 Hvy, NA =87 2= F (3L
ik [16] OHERAE (ZFE 7% = 0.001, 81 = 0.9, B2 = 0.999)
ERALTWA

6.3 L1172y
6.3.1 FELATY
8, X9, 10 IFnEnEnEgD 2 — R 16,
32, 64 DEEDFFEDFEHNHOL A 7 ¥ % mRd. M
I AT T =8 ORI TH Y, I AT T— 5 227
Wofﬁ%im#%T?%iT®b4%7>Tﬁé
R &Y, FELATF Y YEANT— 5 DRTH
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W4 5. 2ok, CPU THEE SN/ OS-ELM-CPU &
BP-NN-CPU Z AN T— 7 ORI HExBMSETH L A
FUVPIEEAEELL W LR S, FHEOFHERR

TODDHEBITFOE LR EDF =Ny RIZ005bREHEO
FIMEEKTH 5. OSUAD IEZFN5 F —3~Ny FOELE
LAawo, FIZANTF— 7 oRIuHPENED 7 — F
B/NS WA CPU FEH L) b EHICFEITTEL, —
T, #9THhVEAIZIE CPU O Jy A3 HEE i 2 B EE %
B2 OSUAD Ol ME#IZ 5. £72, GPU T
F24E S N7z OS-ELM-GPU & BP-NN-GPU 1%, Eft2o
D CPU EHE LD L TRTOYAITBVTH 2 O FELTH
BB o TWABEDS, THIdF A L GPU D@ EH IS
£5b5D0THLH. GPURKELRNYy FHAXADT =512
L CIHHEET 2G5 ICRRNTH L7200, Ny T4
A XH1 THAHOSUAD DERETT v b T+ -0, LT
BARBEYTH 5. Kidt e LT, OSUAD & OS-ELM-CPU,
BP-NN-CPU, OS-ELM-GPU, BP-NN-GPU ®#hZh
Wt L3 2.47 %, 2.24 1%, 4.95 1%, 4.74 fE 05 g
DEHELEEH L.

6.3.2 HEwmLATY

11, 12, 13 k2 nFnEnEo ) — Fas
16, 32, 64 DREOKFELEDOHEGHLIOL A 7 > ¥ &IRT.
I AT 7 — 5 ORTETH Y, fMI AN T— 5 %5
JH > TOLHmITETT5ETOLAT YU THA.

OS-ELM-CPU & BP-NN-CPU O#sa D FHEIZEAW
WRILTHA., Lo, WEREEILEEDs 1 2723 Tdh
LI5S, B EENE L B OFnEN 2 AT IERIEREL
AL WA 70 TEHERSMT 5. $72, HEame
DFIMAEEIFHEE L FRICATI T — 5 ORI ILF T %
720, FMRERAR S, #HFRE LT, OSUAD i OS-
ELM-CPU, BP-NN-CPU, OS-ELM-GPU, BP-NN-GPU
DENFNTH LY 3.77 £, 4.00 5, 6.60 fi5, 6.99 £
DGR O EAL & FEBLL 7.

K78 TIE OSUAD DAT5IRE, <27 b IVEEDIEFI L
N=2+,LTWA75 64D FPCGA Y —ADFHEE
EZELOOFDOMEERAMT A LT, i - FELICSS
hbEEbEERTE L,

6.4 FPGA Y —ZNDEAXR

% 212, OSUAD ofEnfg o / — Fgx 22 16,
32, 64 £ L2BEDK FPGA 1)V — ADMHRZ/RT. &
NS DOfEIZ TR T Vivado HLS 2016.4 D ARGRER E LT
BoNzbDTHDH, FEENF O XCT7Z010-1CLG400C 13
Xilinx O a2 — T > KEF)N FPGA TH A7, b ETF
WOFAZXRKREVES (BhED ) — M= 64, AJJ
T =5 DRI = 1,024) ZFELTNTOEMFICBNTY
Ve ARRERITIE R EETETVES. B 7
7 ERITCHEAT 10,000 A A HHBEERITTT — F IIHfIn & &
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Fig. 11 Prediction latency (N = 16).
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Fig. 13 Prediction latency (N = 64).

BHIZIE T OO FPGA TIEIATTH 5HY, 100 205
1,000 KICHEE THNIL OSUAD 3 EHMZN— K7 27
WCHEMETEL, 72, VATV 22 NITERD VY
£, OSUAD DOA7hIfE, N7 MVEDOIEHIE N %+ 5
CLTEHIINSCEETRETH S,

6.5 REIRHMEES
6.5.1 FHIEFIE
ARFETIE RO FNETHK IS O FH BRA L) O Al & 47
). OBFEELZERGIHT -5 2o THEESE, IEH
BT ANT =S IIMNT 2 BAMEEERHT 2. © OTEHE
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& 2 OSUAD ®O% FPGA )V — ADffi
Table 2 FPGA resource utilization of OSUAD.

EhnfEo /) — K = 16

AJIkTEH | BRAM [%] | DSP [%] | FF [%)] | LUT [%]
128 10 43 3 9
256 13 43 3 10
512 20 43 3 10

1,024 33 43 4 10
fEhE o /) — M = 32

AJIKICE | BRAM [%] | DSP [%] | FF [%] | LUT [%]
128 14 43 3 10
256 20 43 3 10
512 34 43 3 10

1,024 60 43 3 10
[Eig o /) — N = 64

ATIKTCE | BRAM [%] | DSP [%] | FF [%] | LUT [%]
128 32 43 3 10
256 45 43 3 10
512 72 43 3 10

1,024 125 43 3 11

L 721 BIAE DI o EAEHERZE o 251 5. @IEH &
TANTF =5 LRET—V2RESET -5ty M
LCHEEEZFET S, LT — 7 DHEEET loss LT 5
Lolossoi S gL L7k &, MY BT -8 R RE T —
RS, o0 IRFEOBMETH L. AFHHTIE
EH T — & OBFAEDER AN ) EAREL, HEEMHEZ
P LR RATIEBAL L 72 BEE L3 5.

MR S L CIIHEE, BIRE, FEZHV5. HER
R LHESN T =5 D) BEBICERFETH LD DD
GrRl, BFHREIEERETFT-5s0)LRETHDL EHE
SN2 bODEHGERY. FAEIE ERD 2 D OfREOFHIT
BThh, BENRRERMOMELRT. 25320
BEEZNZENp, v, fEBE, UTOLIIFIES
ns.

TP TP 2pr
= (11)

P=rmpyFrp" T TPYFN T pir

X (11) o TP, FP, FN IZZ1Z1 True Positive (5%
W= 73 LR &Pl L 72%), False Positive (1E
T = ZIxf LEE &Pl L7725, False Negative (3
T—=FIxF LIEREFMLE) 28RS 5. 72, B
\ZIE B L %2 W' True Negative [Z1EH 7 — & 123 LIEH
EFML7-BTHD. HEDLVIZHRELZITTE, FP
&, FN Z [ ICEHET & 2 Wvas, FARIZKSE & HBRO
TR TH L7200, ZN5 % FABFICFHET 28 E0 7%
e LTRA s s 13).

HBHRIZOWT, CPU 4 & GPU FE213 6 U HAFE
FE/ NI AN TB Y, BRI ERIE L 2w
728, OS-ELM-GPU & BP-NN-GPU # k4t L, OS-ELM-
CPU & BP-NN-CPU #f{FE L L THWA. 7, Kl
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Fig. 14 Sample images of MNIST.

X |

15 Fashion-MNIST ®H > 7 )V iif%
Fig. 15 Sample images of Fashion-MNIST.

125\ Tld BP-NN-CPU % &AL L 72856 DOFEEE % 5Hifi 3
% 72912, #7212 Deep-BP-NN %3 A9 %. Deep-BP-NN
¥ BP-NN-CPU % 3 @056 7TRBIZEREILE /3D TH
D, O/ — FEFENENATE»S 784, 128, 64,
32, 64, 128, 784 & L, {HMHALEBKITLAES Y 7EA N
B, ZnLc % Relu e 45, ZofboikeE (F8IHE
¥, wE b7 VT AL) 1 BP-NN-CPU &[HLET 5.
4D BP-NN & 72 #fifi e L RERAMTETIEL (0
BAFEBILSNIZET Ve VT W5 720 [14], [25], [33],
Deep-BP-NN & OSUAD # [t#i9 % Z & T, OSUAD #°
WAEDREIN L EOREOHE* AT 50 %3 i+ 5.
6.5.2 F—%tv bk

RFEMICIEIER 7— 4% & LT MNIST[17] # i 5.
14 13720 FIVIl{ETH S, MNIST (d 28%28 @ 10
75 2ADFEEIHFEIET -5y b THY, 60,000 KD
k7 — % &£ 10,000 KD T A b F—F THEE IS, &
AHMECIARTE % EF AT -7 L LT, RBXEFLT
ANT=%ELTHWS.

LH 7 — % L L Cld Fashion-MNIST [31] % i\ % .
15 320 ¥ 7 IVIHE{%TdH 5. Fashion-MNIST 1
MNIST & [AB£IZ 28%28 D 10 7 7 A DLSAMIE D 7 — %
v FTHY, [HL L 60,000 OFHT— % £ 10,000 #
DFANTF =7 THRENDL., RFMTIIBEEDAE B
T=5ELTHWS,

FRITNTOMm{ET— 7 13 W HEHEZ 255 THALZ LT
[0,1] IZIEHAE L, 28 x 28 = 784 RILX7 MV ITZHR L 72
bR ANT—7E LTI
6.5.3 KT

BREEOETFTVDOANGEHBIEO 7 — FEIT 784 K
TEL, BWED ) — Fiix32-¥5. £250, kg
P4 XD OSUAD 1) V— AR L CEEMRTH 5.
PIHLALEE & L CTiE, OS-ELM-CPU O&E& o % [0,1] D
O THERT L. T, XKGB)EHATP L G &
FHET L. IS RRIMETABICIE, BIUBD  — FELL
LT — 5 BLETH L0 (18], BEIEO ) — K
x1.2 MOWG % EH BT — 5 0 o% v 7)) Y 7§ 5.
OSUAD iZ Ltk » TSN a, Py, By ZFIHT 5.

FHTIEE LT, OSUAD, OS-ELM-CPU I 1E% 7% 7l
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x 3 FHEEOFEHAHAES O LE

Table 3 Comparison of anomaly detection accuracy.

F 0 | WEZ | MEE | FAE
OSUAD 1.0 | 0.853 | 0.922 | 0.886
OS-ELM-CPU | 1.0 | 0.856 | 0.926 | 0.890
BP-NN-CPU 1.0 | 0.855 | 0.913 | 0.883
Deep-BP-NN 1.0 | 0.859 | 0.961 | 0.907
OSUAD 2.0 | 0.966 | 0.855 | 0.907
OS-ELM-CPU | 2.0 | 0.971 | 0.850 | 0.911
BP-NN-CPU 2.0 | 0.958 | 0.812 | 0.879
Deep-BP-NN 2.0 | 0.956 | 0.900 | 0.927
OSUAD 3.0 | 0.996 | 0.770 | 0.869
OS-ELM-CPU | 3.0 | 0.996 | 0.766 | 0.866
BP-NN-CPU 3.0 | 0.992 | 0.678 | 0.805
Deep-BP-NN 3.0 | 0.992 | 0.811 | 0.892

M=% 1Ry 75835, 2T 2.2 HiCikR7: &
I1Z, OS-ELM i3H 57 —% t v MR LT 1 EFET 5
P ChEis o N 20 ThAh. —J5TBP-NN-CPU
FHE 0 R LEI O {9 TdH % Backpropagation i % $§
HE a0, AILF—%ty MIHL1Z Ky 75584
BRI TRADLERENMEON L o7, FD20, Th
52O0MDFEEIIONTIRI0 LRy 78R EITH. T2,
Backpropagation 12 & 2 fi@ biZ /N v FH 4 XAVNE v
B OWEPAREEICR Y, FEEIELT 5720851
Ny FHA X% 64 & LTz,

6.5.4 FHEifER

= 3 ICFHIFE R % /R$. OSUAD O ko F i3, BP-
NN-CPU & b8 L T 24% @\, F£72 OSUAD 1Z1 =K v
7 LAFE L TW RO IZxt L, BP-NN-CPU i 10 =K v
JEELTWLO, REFELTZ105D1OIKRy 78
TEYEWERERZEH LTV, &512 BP-NN-CPU i1,
PR EM ESELDIINYy FHA X% 155 64 12H0E
LCTWwh 720, OSUAD IZ L ) /NE Ny FH 4 X TEWW
PEREAS LN TV D, 4.3 BiCTilk<72 L 912, OS-ELM I&
Ny FHA X E LS THRMEMITHESND BIEFA—T
H5H720, OSUAD 138y FH 4 XA 1 THFHOWHAS
NEEIZR 5%\, L L, BP-NN-CPU OERTH 5
Deep-BP-NN (22T lE, OSUAD (2B 5 AD FH &
Db 2.0%ENEDE S Nz, — MR OTEVE T IVIZ
TVE TR TRIFEN LD L35 2 £ 5
NTWBA, REHICHB W T AR EIN AR S N7
DX HIZBP-NN BEFHANCETOERREILT S L
T EOHEEIE SN LAY, OS-ELM 1 3B ICRE S
TZETNCH L 2O FEIFER 2V, LoTIDm
13 BP-NN 203 25§ATHAH. —J7, OSUAD I3/
7% FPGA R v 94 VIZBFHIZFEN TS L L0
A 5. Deep-BP-NN & Dig kKD FENFL 2.0% &
o725, FELOFEIEE SN L4513 OSUAD IEA )
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BRI D1 2L %5,

F72, @16 IR 3 1CBITARELEORME & BT —
Z\ZH9 A False Positive DEIG %773, LB [HGE ]
&, IE®T— % OBFMEPSERGATH S EARE LA
DHFHETH 5. 6.5.1 HTR/2 X 912, RFHECILIER
T =5 OFFAEDIEBGAINE ) EREL TV B 720, £
DIEDIE LT UL, %E% D False Positive O E & 13 B
FHICEDIETTH A, #EFE LT, OSUAD O False
Positive DEIA1X, ZNEN0=1, 0 =2, 0 =3 DEH
HIEHH9I21E 15.8%, 2.28%, 0.135%SHIFF & L4 78, FEB
IZIEENEN15.9%, 3.01%, 0.309%2% 54, K& %5
fOFEIT L SN0 >72. 72, [OS-ELM-CPU-MSE |
13 OS-ELM-CPU OFRZKB% (M - FHaiEs) = oy
HOEICEE L, FHMlZI 720 DTH LD, TOFEEIZBW
THRIBRRERPE SN0, D & HAREFMTH
e =%ty MIBW T EAMBOEEICZ L 5T, K
L7 WS asigE 5 twab . 72, BP-NN-CPU
%> Deep-BP-NN (BT AR RPEON TV S,

%3, OSUAD, OS-ELM-CPU RFUL&EH a & Py, B
AT A OB E o2 A UKRICAR 23T T
AN, OSUAD 1 32 bit O E/NEE %, OS-ELM-CPU
1 32bit DFE/INEEE TS 72O ICET R RS
7 %. F72 OSUAD O EHBIEIIBWT, 4.3 DT —
Y RETHIEPRET L I LT b o7,

7. FED

K72 T, FPGA &\ 724 v 94 VBRRS RIS
7 LEE B (OSUAD) #42% L7-. OSUAD d==2—
TRy T =7 ORAEMRO1O2THLF— Ty a—
L, Bt T A VBERFE TN T) X LD 0S-ELM
*MAGDOEDL LT, HICRET -5 2 EDLLER
LTHEICRE Ty 2HMTE 5. 72, OS-ELM &
Ny FHA X% TICEET A ET, GHEEDOHTER MY
w7 ThBHUATHEFREEERITHETELHICERL,
SR O #L L AHEFEL 2 EBL L 72, OSUAD IZIEH
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BEPNBRE L L 2TV ESEETE L. RIF5EIE,
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FH LA F72, BEL L7 BP-NN 23 LTd 2.0%D F
EOZEIZIZ b,
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WEB TR SN/ =2 =Vt y NT=2THY, 20
F F Tld Backpropagation {1 & W2 ETNVD L 9 I2&
IAARBEEBT 5 LIITERV., 20720, BIRDRE
T3 6.5 B CTH W2 L9 7% 1,000 RICKRFEED T — 4
R LTI EFEBRMEAT) S TE 05, BIi~8ET
RILTRBSND T —WHER B 7 — & (20 LA
TOLDOIINEETH L. EEORBEITILT 5720, HED
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