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Abstract

Inrecent years, the E-commerce develops rapidly and has brought great convenience
for people. While dynamic and complex business environment in E-commerce raises
great challenges, data mining techniques help to overcome these challenges. However,
traditional data mining techniques cannot effectively utilize the massive amount of avail-
able data in E-commerce and the models constructed by them lack of practicability. The
reason is that they rely on the manual feature engineering, which is usually a difficult,
time-consuming task and requires expert knowledge. Deep learning models can make
full use of these data by extracting effective features automatically from the raw data
and thus have a higher practicability. In this paper, focusing on the style match and
sales forecast, we design a series of efficient data mining approaches in E-commerce
scenarios based on Convolutional Neural Networks. Specifically, the principal studies

of this paper are listed as follows:

Firstly, style match can be exploited in many commercial applications, such as
recommending items to users based on what they have already bought. The traditional
frequent item-set mining methods generate match items by analyzing the historical purch-
asing patterns and cannot handle new products without historical records. Based on the
observation that online sellers will place most of the important attributes of a product in
its title description, we design a Siamese Convolutional Neural Network in this paper and
feed it with title pairs of items. Those short text pairs will be mapped from the original
space of symbolic words into some embedded style space, where the compatibility betwe-
en two items is calculated. Secondly, sales forecast has a crucial impact on making
informed business decision and can help us to manage the workforce, cash flow and

resources etc. Traditional sales forecast is based on time series analysis of historical

il
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sales and can only handle well the commodities with stable or seasonal sales trend.
Though more recent learning-based methods improve the forecast accuracy by capturing
more information in the models, they require case-by-case manual feature engineering
and thus are limited in their applicability. In this paper, we design a novel approach
to learn effective features automatically from the structured time series data using the
Convolutional Neural Network. When fed with raw log data, our approach can automatic-
ally extract effective features from that and then forecast sales using those extracted
features. Finally, we test our approaches on several large real-world datasets in E-comm-

erce and the experimental results validate the effectiveness of our approaches.

Keywords: Deep learning; Convolutional Neural Networks; E-commerce; Data mining;
Complementary Recommendation; Natual language processing; Style match; Sales fore-

cast; Feature learning; Time series
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Rz —, ERDMAR IR A A i B2 R "X — R E R BRI A ML
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recognition)?” 5 F 4RiE = AL FE (natural language processing )28 25532 22 455k g K10
SRR, FERAE NS LI AT YR Tk AR RSB T AT M T R o

T,

2.3.2 FORIER
LG N 2% LB FELTZ (convolution) . & K%L (activation function).

A E (pooling). £ E M (multiple feature maps) 5434422 (full connection)
M, R RN i — LRI AT T o

2321 HRHE

GIE R B MR R St 84, H AR S USRI . R4S
W FRATE B — R R oy —4E5F (one-dimensional convolution) [RFAL:
BURME. BIRINS, —4BREW WA ME fe R™ fils € R —Fpig/E. H
Wi R KN m g (filter) , [A)ie s 2 ACEN |s| 19741 (sequence) .
AR I g S FIYE A s SR m 7 AR (dot product)
BHE, REEE— DT e

¢, = fTSj—m+1:j- G (2.1)

11
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FESEET, 2 BN KRR AT S BI R 25 R E— MW & (bias) T b:

¢; =1's; i1+ 0. i (2.2)

RIERES| J T ARFTEEAR, BRIEERT AR : EEHSmEH. 2
BRG] j IWBUETERE [m, |s]], SEIIHFSIA ¢ € RE-T S8R IR &
7 PBUETEEA (1, Is| +m — 1], B2IHFSIA ¢ € REFm=1 24 < 18fi > s
I s; PMEMHETE N 00 HHXZESBRL, EHEIAREZIE P EHF T4
MELGTHE R, AR T YA%NE; 7o, RIELE [s| < m (1915
ST, SRR LR IHTT S ¢ BIL, ASCHRIRTA R A

MEWHH T, GREMNMATEA R RS M EUER AR NTS, Th2
—AHEA R AT T8, AR AR AR LR d, R ERE S € RV,
YA THERE S I, SREAE D E d DB mo B9 B g T K
(13t JEER 4 (filter bank) F € R 5—Afy d A& Air2H sl 1w & 2H (bias bank)
B € R, S R TR—NHESMEUEARINFES . F TR M. 5L
¥ S WAEEMTFAA S F M TS TG, S5 BN L B HOR R
fim B2 — A HAERE C € RI(shrm=1).

conv(S, F, B) : R&xIsl — Rex(Isl+m=1) N (2.3)
Hrr, iwhyggsd F 5m &4 B 2RI 2t FE SR B 28 g8/ m
sy BN RS A
2322 BUEEREL

R 2 rp HAE A e, NERZ R RETE A E BB o 1 nT DAL
PR ECER, BOSARZPEREE K%L (activation function) o(-) W TR JE 4 Hi 45
RHENICR L, WEFE, RIEHER— M A € R (sHm-1),

a(C) : Rx(skFm=1) _y Redx(jsl+m=1) N (2.4)

12
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B o) 45 S % (sigmoid) XHIEY] (tanh) S{&ELME ST (relu)
S, MBI FITTOIR T S SRR A I DI — S L AR SEER R TR
W, S ANEZE ERNE ERIC R AR TR RS, ARSI AT
YIS P 1F Lt BT AR O eR A

LEAPIERES AKX (2.2) FTLLEH, WE b HIEE FEN A L—EHE
R BT 2 A B AR R IR

2323 b=

A= (pooling) FHHI NFUE B TRG . BRI Hy A B A6
BHF NG T a e RE, ZUIHERIE (BHCH k) SRR a b
k AMEZRG L —ME:

pooling(a) : Rl — RIfal/AT, N1 (2.5)

LU H AL BRAER TR AR, A AT, 2RSS
S P e ROXTI/A
pooling(A) : Rl — RxTlal/k, 7wzl (2.6)

WIE BRE T AR ] LLR AL BRI E o PRl SPA4E (average) Sk
o (max), Hf KA R EAE SRR e oy iz e Bale, VB 7 —Ff
#R K- kAt (K-max pooling) [H#mihfl 772023, Bos M jal i a HHEHL &
A RAERGHT I AT 1A R R B AT A S N T e S A X o

k-pooling(a) : Rl — R o7 (2.7)

SN RUHARE, K- n] DUEEEARHCE R, 152 FEHC
JER ST o 38 K- R A BT 2R A B, 05000 A B8 ATl b %
KB, SRIFFE—DHERE P e R

k-pooling(A) : Rl — ROk, AN (2.8)

TRAEMF AL BRI E T, WA — 2Rk, ERRTUAESE .

13
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2324 L EME

XRIGHI AN T ARG MBS RECS X H B E s, w3 —
Wraik (representation) o Wit & W ] Eid BRA kA it BRIy MI& M 45, AT LA
FED FIEEAR N E = RIE. Hoh, B RIS LA K DA E RIS
Pl Pho BRFRIE PGB ARG |, M i - 1 ERIEN
PIE GIUBasdln F,, BN BY,) J5, SN2 PSRRI INE—
s IRE, BN E A SR AR Maiad B LA A B . S IX AT
JE135] Py

= pooling(« Z conv(P;"" F, . B! 1)) N2 (2.9)

2325 4EEE

442 (full connection) /& — MAMEARAE, BGOSR 21T A Rk K4 2 —
M REZA WL, s FIE AP - P, (% Py € ROP),
B (flat) 534 (concatenate) #AEREANTHRIFTAHEGIFE]— 1A
Hrp € R du - SRJS5E R H € RS> e g m) it A AR ¥, HJig b
F AL B R4

x = a(p'H), ANF (2.10)
Hrpx e R™ 7] LUA Mk A SRR H B Sh b3 BUH SR B AE AT 4 [ &L 6
M HO2 B 2 R rh iR O I 28, e8I ae X INYERE n @Y 24

14
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2.4 REE/NgE

ZEG AR SCRIWT TS R, ANEE T B S T P O PR AT o B B X T 5
JT I AYARSR TARR T TR S S A2 X LA ORI 8 TARRY I, FRATTREE
A TR SRR AT T BARBGTE , FRAFR R ) 1A SCH A R
ARNFIEHHIEIHIERE . 750, AERJFERNHIAEA N4 7B
ZRHIEOARANTT o I AR R TGRSR S TERI N A S 0, BATRASUES:
WA JRITBEE T IR SRS S5 BOREEAT

15
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58 3% EET IR UCEC RO R A Al

AN

3.1 HEA9

il
1Y

A IO E BAER 2 Bl S E A B L FE AR P CL A0 SR R 1
AR T RENG LB T i, BCEHZ A P T i I S 5, K3 R ARIIRE SR
Bilo A2 X L5 B BRI RN TARE : LA THEBCIE AR T A% E WRLE Y
AE TSRO BRI R B, X TR R ARSI
B R ECRER, BT LB AL (crowdsourcing) 577 A SLELRHUBAR I ,
ERASER S Qe B S AR R i RSB E S, TR R AR P AR TR R AE T
B, — BRI R TER A

K31 KIRER: ZaMEERRER, AR 2 AHRERCHY R

H S A AR A R IO (R B A A SRR R B DSR2 40 (frequent item-set
mining)™, & MR i Y I S I SEIE SR P Al R A T O PA IR R . HEE A RS2
ZR WAL LR WD R ARG, LA B 0] - R PR AT, SR
MRS IERAZ IR A — I S RYBR AL, ARHLE 1S JH 8 (cold-start) [, RITCT%

17
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B P S S S BT R AR S B E S Yo T R R R B R R R, AR
R AR I AT 3 S ST S5 FHI o

T AR Al B SRS RCREE AT LB R TR fh ORI S S A s e, RN
P TR H T BT il AR B A E S, P DX SR B AR AR e iR T 9% FE 3
AL 40 McAuley 55 A0 55 Veit 25 AN T T i Al PR S50 T PO PR
REEE, AT ft B P TRD AL o _E ROAR DL SR A P T i RO FETICRE S . AR
P TR b B RR AU AE — RE R BB T LA SR A e I R i O RS ICRR . CJCHZ
WA D, BSOS 2R TS Ao, WEE R TR A
K, HE R4S, HnE322EE" ER—skimiBE 5, g4z
TRORE T, (BREE TR BN EZRI T 5, X8E S E G
o

3.2 W5 LSk T R R A

NI R TTERAL, AT T — T ERHA M 2Tk,
PNTRE RN Z N T 1 b AR A il i 25 | B 0], A il Al A RO B 22
Ee R DSV et il L SRS A et R N SRR AT DY) S S NS R AT TR
KH TS NETE S 75 &2 i B F R RCAS 2 e P I 5
) P T s e 2L S 4 R SR RE 8 B A3t DA e it ] A5 I 5K AR A

"http://taobao.com

18
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R SCA A A G0 7 O T N LR LAY, X — i R A TR 2 A A
T E, HniEkmrds. AT o S SUBER S . IR 7 IR LA
H B4k KRG A B RURE, TG TR A 45 R TR ) R o
BHEL 2 — o BATIE T — P XHAE MM Z (siamese convolutional neural
network), JXRHHAHERIZE DL B R i T SO E AN - 5,
I B E 2O T i R R R o — > 24 Segm i s AR)E, % RSk
B FH B E I e USR] (style space) 2 i1 e, AEREZS[AIFR AL
T i [ B B 5 A, FRATIEF A H0 2B 2% (nearest neighbor search) AR
B X AR SE BRI HERE Y s rp A T 0T . AR B VR 5 S b S KA
B ERVSIESCER R, FRATER M Y SRR RE S A RS T S A e A Jl it i o

32 kit

SRSEWTIRES Q = {0 g} REEIERRRIEA C = o1+ ca)
AT 6 € Q SIREIERIREANIEICRERN (.- 0} B
W e CYqeQ MBNEENy, =1, HNFRER v, = 0. FATEg—
MBI ¢ 5 ¢; 2 AR TS :

P(y = 1qi, c;) = f(d(qi, 01), d(cj,01),02), = (3.1)
Hrr, o() BESUAER, 5 SURMUE S8 s8I () s
)P T R S EORESE s 00 5 0, BAE G FE P AL I 250 .
3.2.01  EETE AR WA 45 1Y e SCA AR R

FANTHIL o(-) MR, B ERMamgs, mE3.307R.
FAMTRIRERL LARE SR s N, & ] LAB U2 A B PR IR R 740 < [s1, -+, sy
Hp A s RIE T8 Ve B8, BRI s AR & w; € RY, X

19
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LR
(n=5)

Kig KAkt
(k=3)

(k=5)

[ [ [ [ /[ /N ] [T 7777
[ [ [ [N
A,

WEM
(m=3)

— il
[T T FTF7
GESE \ AN i 2

Uniforms Men's Short Sleeve Polo Shirt

3.3 G ARG I 280 0 SO L g S )

BB 3] ) R YR TR — Al A FE (word-level embedding matrix) W € RIVI; g%
J&, NSO s BEELA R AR (sentence matrix) S € RPBI:
I
S=|w - wyl. n=(3.2)
I
o, ARG @ FRKESOAR s 55 0 A BRI N wao RN RE WO BRI
SRR S, AR d 2BTURESEL.
N T IR FRREOR, BAEAFHERE_ B B TZ ML, Wt
ERFHERE S R IBR. JRRIEROE RS i 5 e e,
DLEI3.3 54481, 56} T4 A1 %65 S0 A% s=[Uniforms, Men’s, Short, Sleeve, Polo, Shirt],
ZSUR IR 2 S5 % { &

LB IR N INGE D 4 {9 A 7R R RV

20
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2. W HERE N RIRAE GBS/ 4 x 3, REHKR/INN 4) K
WA . 12—/ 4 x 8 BYFTERE

3. N k=51 K SRt eI, 38— R/Nh 4 x5 BURTERE:

4 AR BRI AR T PR R BB R4 Pl € RYC, Py € RYO
FfREL B € R By € RV, AR TP AH I — B ik

5. AEE R I SRB AR (A AN AR AL g R P € RV, P €
RO K fr &4l BT € R By € RV, Al 7R 3k

6. fEAEM AL )E, WK/ n = 5 BRI R AN MK
JEN no=5 KAl &

3.2.2 GERIXAMIZAERE A A SR A

FATEIS REL () R EPD R A S RO, K f() 2 — PRSI
LM 4% (siamese convolutional neural network) , ZEK U1K 3. 4F7 7 o

HE 2]
i

Men's Flat Front Pant Uniforms Men's Short Sleeve Polo Shirt
Kl 3.4 FHXTHIG TN Z N 28 AL B A T BR A0

XHFRRZE N 28 Y AR R - Y Hadsell 55 AT 2006 4F5 [ NPY, SR 54 12 1.
FTRE B s2f >t (distance metrics learning) o QR[5 PR/ 4 25 /A 24 2H 55 4 41

21
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ZERN T ZEARR L PR S 5T, BBNTBO TR BC AR RS i i, 45
EEE T ERRY RN, XA M s PO B

3.2.2.1  FEAESH]

TP ¢ 5 o, WIS R 2890 34 A TRIAR BT o SE 8
X, € R" 5 x, € R* J5, FRATEL 0T J7 X THE M ot A O A O R JEE -
P(y = 1|q,c) = o(x,Mx, + b)

= 1+ e~ (X{Mxc+b)

HPM e RV 22— ERE, b — Phri e AT MFCATERCAEE: (compatibility
matrix ), 85 gk i 23 [ FR A FE R 23 [A] (style space)o X, it 24846 x|, = x]M
J& s x, RERHY WML ¢ ST - SR FHIRLE 5 x{ iM% RS (linear kernel
distance) TR M, XL TR S ¢ SRR WA MAERE, A
(3.3) Hf x;Mx, 1] LG VEM R (ETE (noisy-channel) 51 PABT,

FEFEM 5 b @RI grd b 252 T RSB A

3.2.3 jlid KSR BRI st b S

FEHEE N st — B — My ERHRES Q ={a. ¢ ¢} 51
PRIEHER R ARG C = {c1, e, cn}, HPAFEIAN R i ER AEAE B0/ NI RIE HE
FRMESEER R NTEEMFEIAR M ¢ ZMRIEHEEES C rhitl K
NEZEOTERCHY R RS RO R o (B, NEXTRTR (4, o) THRFSHCRE
JE G R T AR X R EOE AR IR, B2 AE C R RIS SR A A 1T
AT 73R AT AR Sy o) fg 23X R 5 2EAL R B RO HE A S

ZER ¢ 5 o, TATEE R (3.3) HHRENZRIVEICRE . HEE R
o () 2 BRI H b2 — A I EE R G KT A g LARPTMBIE R dh o1, e
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Ve

Py =1lg,c1) < P(y = 1|q,c2)
: na (3.4)
& XZMXC1 < XngC2

BT B, RAHEM RS O hERS R ¢ IR K R
IR SRR RS — A A {Xey, -+ o Xe, } R xg (X = X, M) FE4Q
PERZIEE Y K U548, X — a3 fr o~ MIPS (Maximum Inner Product Search) o
AL J7 AT U RO AL B T ) MIPS R, i T 77 ik B 5 5
AT YT 12 P00 4

3.3 FALILR

PTG R AR il Zh 56 R 9T REME R, Rl S KA LA 22 (maximizing
the likelihood) . 7EYIZEE R H: ry; € R:

n (3.5)

L R R
Ty =
"o L .

R ALIAME AT [R] T e/ IME —Je A8 R k- (binary-cross entropy loss) :

L=—" [rilog(p) + (1 - ry)log(1l —p)], A (3.6)

ri; ER
BA ML T ENZEN A (4.1) 11 014 Oy

0, = {W,F,B,H}. 0, = {M,b}. Ast (3.7)

ENI AR IERAFERE W i I8ar 4 Fe (B4 By AAHJERE H FAICAERE MR
e b R, FANFTEEARIAZ AR ISR H S W E.
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3.3.1 B E IR AT IE A

ML AT L2 S e 2 20 R B H AR A 5 B LG g, i Ty 1kt
WAEBAER T —Fh & M55 (dropout) [HRIERT . &FFEA/EN T AR (2.10)
WA p, BRI S AT BB b p A IC R U p RN
0, MIMEG IEAHERAHEE )Y, (co-adaptation) , HAr&FEMEE p R H 24
Goodfellow 5 A\ P P\ Sy & 4 BT AU THEFF) (model averaging) , A%
TSR R 27 > v SRR TR AL BE I N R T 82—

3.3.2 M2 ARIIE

FEFATRIIARL A, P KRB SEBOEN T WA d = 100, —
r#E g A AN mo= 3 K Rt k = 5, “Frfad il g8 g/ h
Hmo= 2. KR k = 3, B2 T F0R B CRR R S RY4ERE D n = 100,
EFREPEFME N p=0.2; H4, —BrFEPFEE Y K = 100 FoA R
BT, DRk EI A A Ky = 100 FiORRIFRIA T

3.3.3 AR EARRIT R IR NI TR

BIRBA TR AT LB HORAF RN TGRS W, (5] R B AL RS a1t
W TCIE SR A A R IE R X R A 5 R A R B P fERIIn i e, ARt
AR AR B Y 4551 e, BT &) 704 U[—0.05, 0.05] X Homl Ay e Y
- AEATRENRIIR L -

3.34 SRR RIS

FATHR HBERUER T FEE (stochastic gradient descent) LAV ARAL, @ 7]
JAf&5 (back propagation) [{)/7 = EHSE, FH 7K HHE Adamax LI,
TN 2R AR 256 DREA, SSefra AR AN B, SaLil4s 20 4>
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e A GPU m# 55, FIH Python 7535 K2 T Theano™! [f] Kears*fE
ZRSCHURTE . AEH NVIDIA K2200 GPU L4373 4] DAL FE 42.8 J5 4 SUARR o

3.4 SEREIE

N T S IEBATER AR AT R . BT 10 AR H ¥ -5 S i 7~ K
G S W AT

3.4.1 iRt
3400 VERRAE

AR EIWETWE, hiTEE EERRA. ENAE IR EE
6.1 JIiaah AR BT [R] 40.6 JTHsBCR &, IREARECR R Z LT TRIFFEC TR A
THARER o AERX ARG, B A A R A E AR, bR o 1A e
HIZER . (HREERYE, SISONEA OIS TEZ [JBA 28 baIT . B O
SCHAT B RIE T A B 23 T 31 o

34.1.2 SR

AR T 5, McAuley S5 A 124E, RIEBEAEETZMEHA,
N T RTINS ERE LIZUR, BATESRETHAR R H .
FEIXAFEE T, RS 66.2 IR M LA ENTZIA 1.2 TR R 1
R A XS I s Al B Al — 5 R S EEEREAR, 2R EE A
SR AR AN TRRER T2 a5 e [ I S 2 il 21

Zhttp://keras.io
*http://taobao.com, ¥4 5 2 Hh [ BRI M 4% B 615
“http://tianchi.aliyun.com/datalab/index.htm
*http://amazon.com, I bt I _E R )L
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342 SIRE

FANTRY HARE X R RS AERCR R . BT Lo LB BaREE h R EC R R
VENIEFEA (positive) , FFREALAEMGE TFEA (negative) , IEFEARSIFEAZ
R EE By 50 500 AERREARR, KB BAREEEYL 2 NI, KiEsS
MR =35, =HA ML 800 100 100 9 7T IEXHIR ST IS, FRAME
Krukge BRI AT E S AL

PP ES LU UM IR T IR, EE AR WEiiES
AT

3.42.1 Ak

FRATEA Veit 5 A9 7575 AR R RIS LL GRS 3%, BRI A 7 3255
MEGENHIE e AR, B 192 LA GoogLeNet 20 Sy BEAik) /512,
AT Veit N1 dr, DL GoogLeNet 20! Sy LAl 75 L AR AR 5t R #BLE LA
AlexNetP! Sy EERHI /L2000 . AR EHHRE FIRITES T, £20
SRS ERRATT B T Veit S AR g

3422 AT
BATET =FhSCARTTIE T

* NBBW. AR DU (naive bayes) 432 a8 /24 & DU T8 SRR R AH B
ST BRI TS 2 B 2 S5 o 410 G DT b b T A4 ) SO X 367 A 3]
SRR (bag of words) 2 Ji, AEIRIGAGAY F 1 HTANER DU 40 25 g 7
Xt 77 NBBW  (Naive Bayes on Bag of Words) o

« RFBW. [fEHL#RMK (random forest) 4325a/E HH 2 MR FENLAL Yok bt 2H A 1
HIEER 248, BrTLUNAER & 24100 R . H0K 5 P i bRl ol
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R SCAR 3R 7R RS 2 Jim AR R R b 3 T BB HTL AR AR 7 S e (i
FE Rt H 773 RFBW  (Random Forest on Bag of Words) .

* RFTM. =[5 8 (topic model) 1] LA MICA 2 4 H R A9 5 2 24508
FEAT {q, ¢}, Teilid LDA R ) Az ot B 1 32 R 1A Bt X, Xe, SRS
TP T R TR X0 BRIGAEZIA R L I BELAR R 2R A5 I
%t 7775 RFTM (Random Forest on Topic Model )o 4 1 5 F0A T J7 124447
— B TR ORI R R A 4EEE I 100, R [x,| = [x [ = 100,
|Xq.c| = 200,

FEFRATR g, AR DU o3 2R g SRR ) 2648 R IR T scikit-learn ™)
THAL,

3.4.3 sLigek

FERATR LS, B S SORBEIAR R AL AL, N IR 25 R AL
& BT 2R 45

3.4.3.1 xftbgh

K3.52 A FTTER) ROC gk, K3 LEMM Mg TRy, Bl AUC (Areas
Under the Curves) 534 Fifll 5 Kasi ROC 2@ BRI B gL, MR AUC
SN 0.5000 ATLLER, FRATHIITIE O A O LT 5 R A4

BT B E RS BRI 2, IBRR N S S AE, %
52 C2C (Consumer to Consumer) ~F-&——xF AT A& IR i 1 R BRI e A
RZ R E S EB32E0, Hpa s T KRS SEmERrAR, 7
ORAR TR S E B SR D YRR, BI6E NBBW X FER] fa]
BT AT AMU SR B8R s U T BEALR MO R EE &2 2 3 2R AR i), HUS
RO AW ARG 1. MBI ERUR A 22—, ml WG Hik
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B3E T UL UCACHY R A O

F 3.1 XHITIE LA TR %R AUC 4L
7% WEEIEE LR
Visual 0.579 0.770
NBBW 0.712 0.820
RFBW 0.807 0.931
RFTM 0.796 0.893
Ours 0.891 0.983
CYRUEEESE/EE S (OIS SEEE/TES

K35 X7k BTG JTiER) ROC 2k

[ 0 FEAS AR A o R, HAE R A R T 24 T — SRR (S
Bo BIR=FIEALRE T SRR, RAUNE R E TR E i 2 B
IR TTIE AT LA A a2 2 BV ] B, O Rl R T 5 7 2
e Eofm, — N i FREE “white shirt with blue stripes”, 53 4h—1 7 i U bR
J2“blue shirt with white stripes”, FIA AT IALEAHF , (55 W E HHIERCHY R
TR AANE o

TATBAET MG b B SOR B T HAR Y AR E EHIRCR, — T

28



[HRANINE I R VA (D8 S35 BT UEAEAIT RO R A ECHESE

R T IS EREE R, fREINESE A REFEE: BT HEEELEED
(T SR PR ARG AT T AL R, TSR B O B 2 BRI e BB L SBR[ 30
BOR

3.4.3.2  FALEL

AN, HIRZHESEC 1) WAL d; 2) SURFKE R g4
JEn; 3) XRRANFE W2 BRI 3.6/ RIS E FEGRE L, I8
MR JTEAEA TR E T, /5 10 D IIZREIHE AUC 5340 At E (standard)
fEHYE d = 100,n = 100, HAHHERE T 5460 10 IR N FE R o

90

89

88

87+

AUC score
o0
(=)}
T

o]
W
T

o0
=
T

—%¥— Word (d=50)
—+— Sentence (n=50)
—=&— No initialization

o0
(5]
T

) ) ) ) ) ) Standard
1 2 3 4 5 6 7 8 9 10
The training epoch

82

K 3.6 fdEEGRE L, RATRINEAEARE TSGR

ATLVER], BORHY d 1 n il LR AORCR . (HRERRY d Fln EWE R
HIAE ok BT, @ A SR R, AT ZAERCR S Ak S T4
IS R idrde oh, WSEER g bl LIE S, FHAERE 555 1]
PRATERE W RIS B e R BCRSUCR AR A A5 1) o
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[HRANINE I R VA (D8 3E T UE AT ACHY R P RCHERE

3.433 ZflER

3.7 2 FA TR T B Sk A TR0, SRR RC R O S AR B

T
)

(2) PERCEB: MR A RIS, U2 S RO R

T
)

(b) AERERCERB: 22 AR o, A R AR RO R

K 3.7l ERATRIBR T R A THE RO B S AR A SR 61
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ATLVER], FATRIBRIAMEZE & TR R, 8% 0& Tk 65T
HANRERR. UnhlfErK (a) 5 (b) IS 317 450801, AR
HZ TS —NAXES N TFHEEERIER, 5 WA T oA A

3.4.4 i
3.4.4.1 EFER

343 BT 2 b SEBR E AT 7 T LA S 3
S SIS L . 263 23RN 10 7 BT Sh S 20 425 B LIS
5, AR SITRAT T AR TS H RIS BN, TATE2 T I
ARSI R B EIETARD, A U4 AT : AUC
EUA 0.694,

F 3.2 FNIRTTFARL St Hda et 20 28 H_ERY AUC 7341

%H AUC 734 %H AUC 7148
Automotive 0.922 Home & Kitchen 0.949
Baby 0.917 Movies & TV 0.878
Beauty 0.935 Musical Instruments 0.983
Books 0.897 Office Products 0.974
CDs & Vinyl 0.815 Patio Lawn & Garden 0.966
Cell Phones & Accessories 0.969 Pet Supplies 0.972
Digital Music 0.818 Sports & Outdoors 0.912
Electronics 0.948 Tools & Home Improvement 0.952
Grocery & Gourmet Food 0.959 Toys & Games 0.985
Health & Personal Care 0.929 Video Games 0.890

31



[HRANINE I R VA (D8 S35 BT UEAEAIT RO R A ECHESE

FHZ M ZEFER R TR Z A E RIS AT %R CDs & Vinyl”
5“Digital Music” 4~k H BRI ZE, ISR IE FNAERFE, mizl T
AR REA S HE R . SR, X T Musical Instruments” 2 H , FRATEL
TRBZIMER, UMM EEZEH ERIEY . GBSz, &E®A7
TERYZEE R AN T ER R AR A ARG R A R

3.44.2  JL[EESLT vs. $ER

1 ERAR P FEBCR R RS ECA N F TARER) . [ARHZ RS AL 7
1400 J3 55 M ST db B 17 SEMESE 3055 o 208 I X 5 P S 2R B S A ke A ] W S8 5%
Az 4R, AR AR R LR SE S HEBCZ IR R BI3.8 87N 1Y AR it
(7 Wy SR A AT B ) S SR ity BEXT R el BT ARl S T B i SR H R A F G
78

=0, 003 7=0.703 =0, 272 =0, 180 =0, 858

3.8 i AR LR WG SR AR 5 X i ity S LA L 702X

FANTRT LR B SL NG SC T B S O u i O 92 AMEAL S IHEE TR R A (A0
F3.8eFHYEE 20 5 81)) , b nE R A R A (N3 89S 34 4 41D o TS5l
FHR) R AR S IL R W SE T RE A2 H T A TR TG 1R i o
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3.5 ARET/NGE

AR, FATRM T AR AR T R RO PO A T A . 207
TR RSB R R B 7 i FY B R VAR SR R R AR L2 T TR
it R B FE BC A o2 R SR R (AU A T LA RS RG34 e it bt 2 s
T SCAR R BEA T S AR ST 7o il (R A PA P ORR AR . AT T — X0
AR I 28 o} S SUAR AT HASE , IX— 2 S HEL 1 B it b 23 T | IS5 g S8 ]
B SRR SRR S B E A PA L 2SR, AR R L2 R B R
[ AFERCRERE o AT 55 IR G LAY JFUGAR BUCAR o N, LAY
FCo B s, TEFARAT AN TRHE TR . 55, AT EIE AT LAd S MIPS
SO AR R BORY B SR B R B A

BRR, BADER LAELL N LA HIHCERARIDTIE . B, ST BAE R
FAR R O TS TR Z O E AR A SO s ok, [ R Tl ) B 7 A
AUE SRR AR A, ek B Shn S 2 F 2 R 2 5 SEBLE R SR
(A ELAHAS 28 L = EAR AR o
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o4 TR EEIS Fr oA B R il B T

e S PP =SSR S Wl 47187 i Sl =N Ko L8 A 14 € et 1E5'd
AFT AR B A TR G o b XX 2Bk . p B e K EE AR —, &
AL B TSNS M 566 %.

BRI ERCR T B RMER T, SRS SERT MR, SR
RSB M. LR RS B w A, 8 BTN AT LA
BEEH R BRIER SR AGEE RS I B S8 T E, SAEF
FH D s e B B A BECAMERR R TI0I. n SR R B B R AU R %, AT LA
F I FEdE 5347 (time series analysis) $52 AR 5 Sl40 AR 1 il 9 8 5L 080 i
W N AT HOE TR EGe i s, NPEdE AR E A T
PR E s AR BT R T SR, R AR RS, B R
AR TE AR (E4. 187 7R B2 S 5 28 H g 6 7 ot B 4 AR A IR L)
IR TC A R R B

AR LR R A T T AT T R AP RBE R, BSOS R AR AL
P AT AR A A SRR IR o BR T 17 SRS B, I8 AT LAZEAR A — Bt
6] _ESCERAR 22 oM F AR, An MR A (PV) 48 ZIREL (SPV) « TG A HL
(UV). 8Z A% (SUV). BacEgi (GMV) S5k (PAY) 25, F X%
AT LA 8O T b T AR R, 0 A 802 R W B 2 > T YR Rl A A
A (regression models) , X E(F B A 24 PR

LG W B2 ST T TR T N TRRAE TR —F) F 4503 TR ] 8040 42
B RHAEN o N CERBURFE A 5 e A AR A b 52 M YU () e, T

"http://cainiao.com
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100

90

80

70

60 -

= 50}

40

30

20
10 b

0 ¢ y
2015-06-16 2015-09-24 2015-12-27

4.1 SR RZs e i B H ARG Ol

A RAE 2D 2R RIS o F300, HRE AR T B 5 e B N T
W2 U S AL BT AR B L5 1, EEHIMTRHME LA . thin, WRAEZH
FAEAT TR i B, R A GO XSS R SOe e TR 5, T
AR 7 BEA% A QR X L8 . AT, RRAE TARFRS] A Rl 4 ek
iz Tk thid s ARt RS ARG E T AR

FfiE 2] (feature learning) FJ LABUARC A THRFAE TAR P, & m] DL JE A% A\ £
P B SR U RURHIE , IR EREAE AT 20 T REE IS5 R IR )
SRR HBRE . S A —, TSR TR 7 ST B T R AR I 2 TS T
PRI PR g e 3 R g 4, HRIBCRIET A R4
METCHIR N EE R, RIS i, &5 rUE I G . P Z% I8
T N B 2 2 [ B R0 R 20 R A, 3 RO RCER (2 i ) 1] R A =
o WEY N TRNZE S EZ R ES ZH E sh i\ R G EdE 42
HURHIE, SRR RIXLEIFAE N 1 T 5 250 B R 2 S B A R . BT ZE R 4%
(convolutional neural networks) J2V&JF > N EEANEZRZ —, Bl MR
o P BRI s SR i — SR R P
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WATTEFEERT A A G P 55 B SORPY bl
BRI BUA RURHIE . FEASCHR, AR 7 — Rt 5 ik, FIH GRS K
25 \NZERE IS FP4d)E (structured time series data) H H Bl HEFE U RURFIE . 175,
FRAEE & it ) A J AR A R Al R G R S Y R R e e o e AR
HE” (data frame) A%z, H i AG H AEBHE A5 T AR R AR — BN ] _E A4
HE MRS DSEIEL DT KL FERE R AL WORAEL I 422 N4
LIRS NE, EIZEEETE BN SR EMARBUEINERHE: &5, f£
B FRIEE I 28 (1) B Jm— 2R T IR SRR AE O B O B e A0, FRATIAR R RE A
W EFF, (sample weight decay) 5if#8%->] (transfer learning) ZEH7 ARgE—42
TERT A A T A HERRYE o FRATTAY IR LA AR H RSB RN . LABR 2 HE Tl
MZER M, JLPATTEEM AT T £E2k B K5 28 1 R RS Y
BrEsEge R, FRATTER tH AN SRIE RENS A R IR T RS il B G A A I

4.2 FILEAT

XFT25E R i ¢ TARE X e, FRATA A — B[] [1, T] B2 AH5R
HAEBIE X, RIMEZRT AAERX r B3R R—BWE [T+ 1, T + 1) WAEYEUA
G Yiro AEATSCHY, ] X, FORTR A @ THREE DI r WAERHERT R AT ¢ ERYTF
[t (item vector) o IZ AL R @ B d 4EMHRME 2, WS (SALE). JIY%E
AL (PV) s R (SPV) . WG AZ (UV) . R ANH (SUV) L a8 50
(GMV) 5k (PAY) %o S5, 2 DITE R ER X,, HETE— IR AR
e (item matrix) X = [Xi,, - 5 Xirp]o S350, IR a; FORT M 0 B EAGJEIELE
G BEFN RS A .

FANTRY FAR @A — i s AL f(-), LA X A ay S AR v, -

yir = f(XiT7 ai76)7 /Z_\\'l:"t (4.1)

Horpr 0 RAEYI G B e BRI 28U &
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WAL SEATE LT VRPN ST R L 4 T
4.2.1 % HIEI PP el (o st

SRR b @, AT Sl 4.2 R 7=, iREHEE B B
Z R H BB & B ERIE (data frame) o

448

s 1]l

sphe

A48

LT I} ] ity
42 HIEEAEE
BESE, XA O 20 ¢ UV s, BT EH T X e WAERTE] ¢ F

A A i (brand vector) X~ ZE5A] i (category vector) X, 54N i A) &

(supplier vector) Xg, :

X, = ) Xip,, A (42)
brand(i)=b

Xer, = Z Xirys /L\\:Et (43>
category(i)=c

Xsry = Z Xir - /L\\:Et (44>

supplier(i)=s
NGNS LR 1A A A A B A FE  (brand matrix) Xp = Xy, oo, Xorg s R
BIFEFE (category matrix) Xop = [Xer,, -, Xerp] SR EHLFF (supplier matrix)

Xsr - [Xsma T axST‘T]O

38



RN 2 U e A998 AT FT IR AT R T

Hk, WA IR r, FATH AL ¢ IR _EAY DX i (region vector) x,, :
X, = me. N (4.5)

SR ] LA IR (region matrix) X, = [y, 4 X, o
e, MR § TR . Tl RIS SHRE DF,

DF;. = [Xim Xbrand(i)r; Xcategory(i)ra X'r’] Z\fi (46>

4.2.2 I FRRH S W 28 TN PR ot 5

AL AL f () XTI B R AT TN, B2 — R4, 4 an
43071

b
S EEm

B fRAkik B s RALHAL B E SN AL A e U
(€ (MPI) (C2) (MP2) (C3) (MP3) (FC)

4.3 HEHIE R T8 e T

Y @ T DO r BB R Jo BN RHE DF, G ARZeriis
PRAL RIS B R B E B W =, AR 2 G H S E
HIR b RIE, SRR A R AT A B SR I RA R A R A R RN
A6 Xy o (REIRHEFORIA R, B HAE S [ AR R AR TG R it @ T DXk r
R v

yir = [L,X7] W, A (4.7)
Hrpiag w 2RI grd B i BRI 25
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4.3 BIAL)IZR

TG AR DI S, — DB —X TR X, I — BB
145 D, FAYE 7772 MSE (Mean Squared Error) jAZIf7 /)8

1 .
Lr = Z (yzr - gir)27 /ZA\ZT:E (48)

’Dr‘ ireDy
:/E:EF' Yir /_\Eéﬁl:ﬁl { FIX@Z r Z‘EHT‘[‘I‘Eﬂ [T+ 17 T+l] LE@E%}%%%%! yir - f(Xirv a;, (9)
BT I A T o
BRI R Z I S HO A3 (4.1) iy 0:

6 = {F,B,H,w). At (4.9)

CMm AR gL Fy B By ZHIEME H LRI we R, 3]
i SR AR 22 AR H AL 98 e 2 S B A

4.3.1  YIZRHEAACE R [R5

FATRT LA 1 S8y 1 i TR 7 A IR 2 I AEAS (R [RI R IIERAE A
TRREAR BT X (A RIUL ) s B2 SR A 35 sp A TN DX R] A A2 4
W UNTINIX AR EE S epsr MEGEHE D, (9281E T, IR epir < sp — LK
o XA, FATHINZREE D, PRSI BCIN M CE :

weight, = ¢ (epir=sp+l) AN (4.10)

Hrr B 2R 24
SRIGRT R DX r s FRAT T/ MEBUAEIZRER D, BRI J5 % (weighted
mean squared error) :
1

LY = W Z weight,. X (y; — gjir)2, i (4.11)
r ireD,

HAE weight,, RIEA (4.10) THEIGH.
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4.3.2 JERLIERS A AR kRIS AR

LRG> BAERKE— A [ PSR 2 21 B RIS 21 53 b — A b ), A2
AT, BT B Dk A AR 2 1 ) AR AR T A 21 55 b4 DX AT o
SR RTE o B LS [ XA RO A AR BN T (B B AR SR A R L Fia R A
WA A D A SE 2 Ab . Eedn, BEArR E Ay 3 X H Ryt DR L3
BSERAC, AR R T Z AR AR A IR = I R %

HFI, B ERINERL AT LSS B A Bl S UL, 285
I R 5 DB R B > 4 AR UL

HoE, BAMERDEIRE D LSRN Mgy, Hrp:

D=()D.. A (4.12)

SRR v, 5B G ON D, ARSI ZE I (fine-tuning), 757
T T B, FOE

4.3.3 W TR AT IE N4

A2 ] LA S AR E 20 B HARR A S A I a g, v 7By kit
WENEH T —Fh& &S (dropout) [WEEP . &FHEIENHT A (2.10)
HR I p, BRI S 2 ETFREE R p FIEN TR U p IR
0, MIMET IEAFHERAHEIE )Y, (co-adaptation) , H A FMEA p EAAIATH 24
Goodfellow 5 A P A Ry & FEE AU ST T -3 (model averaging) , Tijf5
RIS R ) TR R IR SR AL RE I B A AR 2 —

4.3.4 BAIEZHEITBOE

FERATRIRRI A, 2 NP AT BSEGOEN T . —Hraedkrhad 38 s RN
m =T s RWHKEN k=7, ZFraikdiad I8 g /N m = 4. &Rl
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REN k=4, ZfFRETEIERRR/NN m = 3. RN k= 3. XHER
SEMZ RO I FRIARRE B UE IR, I ks A R R
AL =B R HREE RS AR

TN, B HRAEFRR R RAE O no= 1024, AU RECY 8 = 0.02,
B RIEPRYEFMRN p = 0.2; B ERE D BIFER A 128 FA R FRIETT
ﬁ, EHK1:K2:K3:1280

4.3.5 SRIFHAIRY R ZHL

FATHIHFEALES N 5% (stochastic gradient descent) fUALARRL, 1@ (A
JE %3 (back propagation) HJJ7 X FEHISEL, 7R AV E Adamax FLIIH,
BRI YNGR BRI 128 EA, SRSE AT A AT N AN, Bl ddm s D
YNGR 10T, ARG AN RIS BIAEEAREE D, EFEIZE 10 AN JEHA, TN
T X3 r 75 20 B AL . FRATDA I NI BHRAEREA T T Z-73 BUhR Rl (z-score
normalization) , JXFEAMIC IE 2 TSI 8 3 2 Xof e 24 19 T i 1k R A 5 B 141

FA16H GPU i T4, FIA Python 155 It Theano*! [ Kears*fE 41
SEILEE VS, {EEAS NVIDIA K2200 GPU &40 4m] LA TR 7.3 T REA
4.4 SLEGKUE

N T B UEFAT G AR A AR, AT IR SR B [ 28 R RS A L fi
T RAIESEE

“http://keras.io
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WHT i3 AT SETVRIER T AT A e
4.4.1 HtE

VOHORAENC TS A, o T PSRRI . E0 1814892 460005
A 5 DK 1963 /1 E TR S A FI AR Bt IS B2 2014-10-10
F] 2015-12-27, FRHEBGRICH T d = 25 4if5hr, Wi E (SALE) . J%
YR (PV) L VB (SPV) L WIMEAKE (UV). #Z AR (SUV) . B
(GMV) 5iig (PAY) Z.

4.4.2 SIRIE

SEaG H il AR A T = 84, TR BN | = 7o XA X8

, FATHY H AR #5 0 [2015-10-28, 2015-12-20] BYZHRHE, FT0AE A 7 b
i TZ KIS AR A B [2015-12-21, 2015-12-27] _EF g it , Bl Sbsombe A4 ik,
WMCEE o YIZRARL A B AR HE Y 2% 1F iS5 2 [2015-01-01, 2015-12-13],
I BN ) 5 A5 2 BE 2 NG EBAR AT, R R R AR LI 50 A il
E SIGIFEMWTS, PSS BI N 80:200 K T BT (- X H R B8 LA, FRATIAE
kg EROURRL RS

TN AT T EM T A0 E ARS8 PR MR S RATT
EHIANRIEE -

4421 X%

* ARIMA. ARIMA ZZMEJI Pt ik, ARy, gLl
FO Dy SR R D N SR T v it B¢ SR B B o

* FE+GBRT., GBRT (Gradient Boosting Regression Tree) & &% FHHY [A] =45
W2 —, AT LIS & 20 R B T T 5 B 0 T e T A

*http://cainiao.com, 3 15 [0 EL A 2 A MRy ) -2
*http://tianchi.shuju.aliyun.com/competition/information.htm?raceld=231530
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IATESC B ah N LA 523 4ERAIE, AFfiZmbhd 5 — K UV, i
23 R UV, LR UV, 25— HE UV S5z
BN SFAF S s PR FEIX SR ki AN ] GBRT AU HiNGZ e dr B2 1
KA o

* DNN. DNN @ # R L, Bl Batiadl. §5t, B
PRAER PR AR 1 PR 2SR R A R RHER &, Hrb g
JRATERRVLEEBTN 1024 fJR . AESR A B Y A B SE B B
Mo F3HN, XEARFoRAENA T &FERE, HiEsmi R 5o p = 0.2,

FEFRATH LS, ARIMA 520Kk IE T pandas™ T HAL, GBRT HE KT
xgboost*! T E.fi],

4422 RHEEE
* CNN. fERHEHE LR GBI M AR AT AR LR RRA -

* CNN+WD. RIFAT (4.10) NYIGFEASEAER, IR F)s
WIS 522, X n] DASE T HAH S il A e v

* CNN+WDHTL. ER&FraIIGHEARRERRE D g Tl iR 2 5, £
T DA r X R RSN B S D, BRSNS R REE R, JX AT LA —25
FETH A BT A HE R o
* Single-CNN. fEELEFrAIIGEARR R D _Eoe > FIROH, XX
Sl B P 2 PSR TG R A% X O B e T B AN (0 P A B S
BARE RS TER,

FERATR LS, Fra a2 AN BTSRRI Z2R, fHRTE
@i (MSE).
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4.4.3 Sl

P42 5 A DA AR B _E SRR S5 R SR MSE #E2E, [44.42 5 1~ [X
Sk N A B R B SR 25 R A PR AR LI

KA PR S AN SR _ERY MSE 242

Tk 1 2 3 4 5
ARIMA || 10437 96.68 190.50 397.08 87.18 175.16
FE+GBRT || 97.36 83.90 187.06 329.81 8221 156.07
DNN 97.50 73.55 181.67 34750 82.17 156.48
CNN 96.98 7222 151.96 326.39 80.91 145.69

CNN+WD 89.01 56.14 142.27 301.79 75.09 131.86
CNN+WD+TL || 84.30 53.40 134.92 287.31 71.19 126.22
Single-CNN 101.92 75.70 159.48 343.54 85.04 153.22

EIN P EAR T EOR ARIMA M5, S B ERZ 48 77 2 FE+GBRT A DA%
JERHE A5 R, TIRCREL. SHI5 DNN 2 R R MM L2, HEn] L
H i C SRR AERCEER 00 T, DNN B2 RO RFAREE LN T 3R B R ik 5
NARL AT eGS0 2« 3 1S BYXHE_E DNN #ll8CR F FE+GBRT 24

BB W 265 ] LA A3t R P AR A ) 46 1 _ERY Rb iR fE 2, M
TSRO BURAIE , TSR R 2 RIE STt fJi, FEARE AR
IR 22 B SR AR T AR D, 236 A AT BOAR IR R P RSCR AR B T4
T1o 40, MEAARTLUE H, AR TR B o i i

FANEZ T RS A NSRRI ZIEE D JIlgh— B, &4
DI 7 B R P X ERAS R TN e o AR DX A I X FEOR S B R R
IR £ IHR . WA LA, BARFAARI A BENRSCR Bl W, (B 704
[ X 25 22 TSR A R 22 B th BN W 2
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70
I ¥ ¥ T i
+ * +
60 60
¥ ¥
+
SOF 4 0 +

|
'iiggg";@@gm * 'Zggg‘;@ggeggj:;

ARIMA FE+GBRT DNN CNN CNN+WD CNN+WD+TL Single-CNN ARIMA FE+GBRT DNN CNN CNN+WD CNN+WD+TL Single-CNN
(a) Regionl (b) Region2
70 T % ¥ ; ; i ‘i 70 i T i % 3
+ +
o | ; ! o I g E: ]
| ! [
I } I %
0 4 } i } 0 4 } i : 1
\ | [
e I | } } wh I ! i } ]
_ \ | . \ [ |
I I | ! I | | I | I
s0F | | ! [ | | ! | .
3 | | 30 | | | |
} T T I I + + I I I !
I I ! I I | I | I
201 | | | B 201 |
| | T |
0 ARIMA FE+GBRT DNN CNN CNN+WD CNN+WD+TL Single-CNN 0 ARIMA FE+GBRT DNN CNN CNN+WD CNN+WD+TL Single-CNN
(c) Region3 (d) Region4
70 T T 70
+ ¥ + +
60 § F 4 60
soF 4 g soF 4
40 g 40
+ +
\ | \
sof g a0t [ | [
+ + | | | |
LS - I | - I
20¢ T -+ 20t | | oA
+ — "
1 ! |
‘”TE:QEJEJLJEJ 0ok EJEJ
0 ARIMA FE+GBRT DNN NN CNN+WD CNN+WD+TL Single-CNN 0 ARIMA FE+GBRT 'NN CNN+WD CNN+WD+TL Single-CNN
(e) Region5 (f) All regions

K44 FraJREAE S AR o SRR ]
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444 PHE
4.4.4.1 T X R

4.5 AT LA B BT TEAR T X [ S U 2 IR R SR R BN
T DX T BEAAC R, PR A T 2R A IE Dl T LIRS, F0 X [ < )
FEAE G W, DR A F0) DX TRl 0 DX TR _E R s e e e . (02, FEAERY
T DX ) TR R B R AR A T DS, AT A S 7 P P B o A SR M A
P IS — A R AP

MSE of average sales

The length of target forecasting interval

4.5 AU AT, ~PEA R 2R 2 i i

4.4.4.2 FHEAERE

PR B (50 P RO B E R R BT P B B 2R —, B HE TR ] 2 /D
Py LR AR S B ] 4.6H T LLE 2], BTN X — 2RO 4G
B, B REAAE SR N A SRR EA G e, BRCREE . A RERHE
KRN SR IEERZ . ISRt =4 7350, BERAEIRHE R 22
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450

400 [
v

350

300 -
[a)
L 250
200

150 -

e~

e e — 7

50

1 1 1 1 1 1
20 40 60 80 100 120 140
The length of Data Frame

4.6 FEABHEHE A . MSE 3B LTE O

BRI RS 285, FESChR b EAEGEERTERYATSE &, UK AT RE
JE BT -

4.44.3 MEZRHEL

FATHEIL AT (4.10) AYIZFEARR T A BT X RN B B ROA .
NAPZE B AT AT AP EGAE L, IR B K AR B Al [ T A A
Fit SO BIARE, S Z ASERU U B A i 2% i A RS RIS 2, AR B R A
RN S A AR, S SR AR O . 4.7 AT LA
B =0.02 24 REFRYFTH, BEASAETE &AL A IS MR S I I AR R TR B
— RAFRIPA

4.5 KREE/|NGE

AN, FATRM T —SHA AR G TR 2 W 28 N ZE M AL I e 2t
A S S B RURHIE . & ) LUA RSO S N AR AR, 1 A CRHIE T REAE
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450

—%— Regionl
—— Region2
n3
n4
nS

400

350

300 -
g 250
€2

200 -

150

mmw
— =
50 1 1 1 1 1

0 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
The value of 3

<<

47 BEIMHZEB 22T, MSE [y

HEAERS S B HEGRGATRAE TR SR GUATR . JATR 207 58 T

AT, DA R (R B AR R G HAEBR RN . ISk — B TR
AR S RO JLPAREEM AT Y. B, RIS MmN
BE Z HRRY I A H SRR Ao R e 1 B e #s =0 A0R . A% BiE £
B BB MR U UL Fm . AERME MR e — B H H LOX L
R A N B LN E [T B b o AN, FRATTER AR E i S
MR T T R A TN A TR . AER B SR 2 A RS Hh
ERRIESE T SR, AR R SRE RS A RO T T b B B TN A R

BRR, BABERT EAELL N LA HHCEERA RO E05, RERE A H
RS S SR 5 Sl A TR A e A\ R RS R bR e R AR S R A R R,
AR AESE] G RHEZLSE LM T A R AL R Bl b B S SR IO U AL, %
SHARFE SRS AN E.
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BT B REE

5.1 ARLTARES,

PRIAA JREF FE R 95 9 AATTA R TR R RER 1 P Ry AT A B Ik PR AR
BRI A R SV S B A, Xk T2 i BuRizisoRmT
LA B AT S M R X SRS Bk i, (R e a2 i A o A 28R P PR e ) e o
Hifs, EHOBCTHRERS . FERVRHME LRE, F52IA9BR i it 72 IR AL SI
R EVEROR R 2, &) LASEBE B st SaEd)s oA R0RiE, 152
HIRRL B B SRR . AR, BATRI AR S B PR M 450
P REBEATIZIE B0 T A P RO HERE S 7 i B R OO 5T 800 1 — &R
AR MAACTT . AR EE N A S ST -

BT, BAR T TR AR R 2 s RO SRR . HIXRE
LR 2865 P A T it bl BT 2R RS SO RS, 48 SO BN A5 25 R
ki 2 E RS ) RS Rl Th TR B R e I O S BCRR R o (5K
1) 5 S A P A RS R B RS IESE SR 56, FATER tH Y B RES A X
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