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SpringCloud Distributed Shopping System
Based on LFM Algorithm
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(School of Computer Science and Technology, Shandong Jianzhu University, Jinan 250101, China)

Abstract The main problems facing online shopping platforms are the lack of personal data recommenda-
tion, the impact of meaningless traffic on the system, and the difficulty of code maintenance in the later
period. A distributed shopping system is implemented based on Latent Factor Model (LFM) and Spring-
Cloud framework. The user data is collected through the real-time data synchronization tool Maxwell and
pushed to the message-oriented middleware RabbitMQ. The log collection system Flume receives data and
stores it in the distributed Hadoop architecture. The data is taken by the recommendation service. Finally,
the LFM-based collaborative filtering algorithm realizes personalized data recommendation. In order to re-
duce the subsystem’s traffic pressure, the micro-service gateway Zuul is used to limit the subsystem’s rou-
ting access. Zuul and Nacos registries are used to implement dynamic routing proxies to automatically dis-
tribute traffic to the subsystem registered by the new server. In this way, the code is easy to maintain.
Based on the above techniques, the extensibility of the online shopping platform is improved, the processing
ability to deal with high concurrent traffic is guaranteed, and the difficulty of code maintenance is reduced.
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ERMBANRERRBEFARKBEENRREM T Z, HEEEEENERE B P REFERA
FRBIEWE N T AN UNBREIIRENF—RATEEREEREBA T EMAY . BIE XA (La-
tent Factor Model, LFM) B35 2 —Fh LB (I, B W AERERE XA 4R P, FIAREE LS
AAFBENEMEERFARALWYFEEELZRWEE, i, ZRTEXREZENITTRTTRIES,
FEAR )5 HAAS A 37 X B R AR Y 6 FEB R F) B,

EFXTELR Y & BB HE R T R SO B A 4 4 5 () B, AR SO H T ML A o O

B, R G0 o B 92 ] 25 T H Maxwell™ S2BHE B MySQL — 3k il H 25 304 binlog, SR 4 F /1 3 %8
0RO W SE B , I HE R IR I B AR RabbitMQ™ o5 i H AR UE R 48 Flume™ $#2H RabbitMQ H
A B I A7 T 43 A M Hadoop™ ¥ 5 #1] FAHEFE IR 45 52 B Hadoop H B3R , 52 30 A P B 2% 7l 19 B0
MR . HK 0 T8 LR EX F RGP 4 TUARE B R, R G A MRS % Zuul™ , BRI & O 30 B
&) P [R) — TP bt X AR F R B B i Rl &, E MR IR B EB AR, LB FRENTBERE T . &E,
T BRARARED S X, R Ge 6 A AUIR 45 M 52 Zuul 1 Nacos M A0t Se B 36 25 B piy AR B , {645 76 3% AR
Samnt, B SRKEREANERESEZEZH RS HOEMOTRET, Web 35T 75847 B b 1085,

ASCEMIMT 4 2 WERMETAE, 3 FERET LFM MRS BEREEE, S 4V NFET
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AR XY, LFM 8 B AR R8T 25 R A6 [, 24 BAB T 5 AP R 5 A N 2 0 1 e S 81 B 5
B SCR I FRAE 1) & 38 A & 98 P P 5 L BT O T ) TR TR 110 R BBR 2R, S BT TR 3 22 ) S E I 6 T SR R IR
IR, Gl EREREDREET AP AT 05 & 2T B s B3, B & R 2 8 R R 2R 51, %28 5
BURT LB O P P RS  TE 5h  IEBRAR R BOR R W B B S e, 3118 B R 4 i L R SOR B
e BE 25 55 32 BB 0 5 A ¥4 S 3l 1) ARG Al 490

RIEHRIERERH KRBT, i TESESNEEA R, k-6 B 407 500, Tk 5% P R4t
W EER ST . NRU PSR — A RAGETE TS B AP AL E—ER
B EMETRESEE", Kai i@ fl S P 450 B AR5 P ARRUEE , 3F5HHAR B I B IR 2ot
VR, LI T B RO ERED . Duricic %4 I 45 B2 v i — Fp BE & 05 B, IE W 40, B A 215 42
W4 rp A B — A AR BESE B, F Tk o AP AT E— E R E LRk T R a s mEt,

APERNBNSARGENAREBIFRTRRME., ME—NHARETHS, B THEABRFTREEY
BEZER — RGN SEHL, B RV M B 5 S 3R 55 A, [RIA, 45 1] 0t £ ot 25 78 oR kAR B i i oD . AR —
Fh R 2 R 1943 15 NAESR , SpringCloud 2k LR B A J) TH ., FTF SpringCloud 2249, £ ih 3 % 52
BT Bk RGBS A O R R A i B4R T B e A0 B 0 S PR AR AR A RS



%6 HREH IR, 45 56T LFM 53519 SpringCloud 731 I M) R ¢ 29
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FF Bk TAE, &23CH A SpringCloud PA K LFM & ¥, 5C8 T & F LFM B ¥ /) SpringCloud 434 X
MRG. $X A MRS E D, RE R Spring Security HEZRBEAT S — 54 R %5 PR Zuul #4742
JR AR, B A Nacos WML FT Zual 324 B% 68 5 A A 8048 SC A R 25 T B Maxwell SRR P 3 K F
B B Maxwell #E3% 15 8 ZFFEHE B AE A RabbitMQ; B H & E RS Flume £33 RabbitMQ H?
BRI T UL ZE S X4 Hadoop H1., ZERAHATMY RE T, FIEREETE L ERY LR FFH
M APRENRESHH, 23 5B TG b EFER AT RER R RS RERE.

3 ¥ LFM b Rl 3 o #E 47 53

ITEAE , X EAC R R B W TR, H R Z R, v] DU BY A Pk 0845 8., 36 & 48 1
PHIRNE. TRREEAEE HTHS DRSS, EEERBEERR RO,

LFM fE5—F i B2 50k, B3 A B4R O AR 9 F P 14 D SR AT S 500 40 B oA SR AIE , I3 T IR 37
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SIABERFRAH RS, RLKILIERE R /3R HAMREE N ERE SEET-F P EKp, MBE
-7 M PEg, . LFM JRHEMERFERRNE 1 iR,
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R=puqi=zpukqik’ (@D)
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K K BERBERTREE; p. BAMAF w 5F e DB ERTHRRR; ¢ RO 58 MEERTH
KFE; pu M RSB THEEYIG, LFM FHEE T E = (D R85 X8 & i e 472 5
SR FH B 45 5k BR 508 - 7 TR Z2 4 2K B EK loss1, 4N

loss]l = Z (r(usyi)—r"™(u,i))?, (2)

(u,i) €D

KF r(w,i) RAFEIEREPRE, DI GRERF RS, AERER 1L, FWNH 05 7™ (u,i) RAEEH
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loss2 = 2 r(usi)y—r"™@,i))2+AaCllp. Il + g 1D, 3
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XA RREMERB, ETARGRMEZXRF,

Ak {8 P BE AL BE T % (Stochastic Gradient Descent, SGD) & M 3k — 2540 4k K ## & /ML R 2% &
B, Y RSB LR, SGD TSt R B, BT, &%, RBORFE p.u M q. BWIRFE,
W= (DR G Fim

dloss2
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dloss2
g
RJG . 3T SGD #HATHERITE, pu . THHEEE M55 0 AS T BE 3, 5t S BCE H AR = (6) F= (D fr
L IKF T B AREE, B RIS
Pue =pu ta [qa (r(usi)—r™™ (usi)) 1= Apu> (6
Qu =qu Fa [pu (r(wsi) =™ (wri) ) 1= Aqu» )
Ko IR, FHERKRBORE L.,

LFM ##ERELHMEE 1 im. 8 2~3 17 O MRAER p. « ¢ UREBERFAIMHK ,ERKR
BN R , ENAEREA 58 4~ 11 [T RBERVI G R, Hob B 4 TR 5~6 1Tl W3
PR P o B FEARSIRALITE 58 7 AT T IRIUE PO R R AR AT R B 5 8 AT R T MRS BUE TR
REMEE (usi) 5 I~ FETRO MK (D ELASHEMAA.

By 1. LFM #EE S

=—2pu (r(usi)—r"™(u,i) )+ 2iqu» 5

1. BEGIN

2.def LFM (u_i, K, Nya, A ):

3. [ pusq: ] =hittu_i, K)

4. for step in range(0, N ):

5. foru, i inu_i.iterms();

6. samples = Rand-Select-Negative-Samples (i)

7. fori, r(u,i) insamples.i ():

8. E(uyi)=r(ui)—r"™(u,i))

9. fork# inrange(0, K ):

10. plu] [k]+=a*E(u,i) *q[i] [k]—A *p[u] [k]
1L qi] [k]+=a*E(u,i) *plu] [k]—A *q[i] [£]
12. END
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JG B RS EIELBMT G EEZ A AR S5 LI IT R, Kok 5 KRB IE 2 fim. 2T Spring-
Cloud K44 30 & 70w all 55 BB A7 il A H RS AR 55 = KR 4.
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HEMS EEMHE 2 WA (D HERERS GBSHIERER S Flume NG REW 5 & 1P HIT
AT R, FEHE &% B RabbitMQ H1; (2) HBZWIRS R A RabbitMQ fE A MR BB W EFAMG, B2 R
H Flume %088 R L Kl 557K, ¥ BB % 2] Hadoop FrtE RELHR Sy, ETF Ik, LBME T SpringCloud 4E
3 BB EREMREREDRNE AT 584,

5 iAW ARSNGELB

AT RFET LFM BIEH) SpringCloud 7 i WY R LM IRELH, T EAFERERMMEZI6E.
5.1 RERH

A F G R 55 v A 4 P P i L R 20 B L S 4 DO AN B AY , R R SR TE Web MRS 2% L T IR 55
BRSSP EBRRS MEFRS G — S0P 0 IR 55 DL R s B R %5 4 .

il Web iR %5 283804 #EAT U5 [0, B Nginx B i AR 20 BOH P 15 1] 3 B 2 0 R AR 55 % » AT 52 B
Web i 1 23965 ; B i Web 3l i 58 — A0 O AT IR B AIE , ABC & Zaul Fl Nacos T M 0 45 Wi & 4
e A R AR 95 4% BB 95 M B, ol MG S BRR 553 ) R 3R 3945 . R G0 P B SR 1 5 B0 B IR 55 AT B
AEH, A B4 BIE B Maxwell 320HEZEUIT#E 2% 2 RabbitMQ, 1 Flume R &£ $HE T Z Hadoop F1F
il HEFFIR A BREE T LFM B0E SCBUR SR HE 77 , R IR 55 0B 7™ LR B0 HE 77 (5 B At 2RO E IR 55 4= 7
il Sy 38 PR 4 1 SC B 32 L, SE AT JE S B8 B . ARG X B 7 A 3 B o

ERERS T EH LFM BEN FER B QER T E: R RO EKAERE, FRYETHF
T RGETH B3R ; T RINT K07 20k BE A1, b BE 9 K/ T 7E [ 748 K . SpringCloud ZR44 7%
BN ERGEITRERS, RS SR Z M ERAHER W,

K3 FoDAKRH

5.2 FEIMMELHR
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ke Hor, B B AP B S A IR S5 B H Y L B SO 5 38 S AR B I 58 S B 5 T O T A A U 55
BTN RE g 0 5 ; REG R A Nacos £ EM O MEEF L.

Zuul+Nacos 375 # B AR AR %5 7E Nacos 1B A0 8% & B, Zuul 38 23 352 UG N % B SE 30 APT M6, 30
8 IR 45 7E Nacos 58 BIEM , i fUIR % M58 Zuul SEBLR & B S H, X M AR A 4 Fis.

Pl 4 25 B il ACER 30 R

(2) Nginx g ABEE . Nginx SLHE 5 46 00 5 R, 1B 5 75 50T, HAb 28 003 oK iy o 2 B 56
PR B I R REOLT » Naginx 19 08 i 37 5R 3 BE L IR T HE Web iR 558% . Nginx LR 10 J7 A EHIFEE
EH, A Neinx B85, F P URL B 2148 € Wil , 58— 8 8 B & S0 AL B, SC8 Nginx % oy A2 S
B XN REIE S FiR .

Pl 5 Nginx ¥ iCBEA &

5.2.2 RabbitMQ # # KRB %, RS Wi Maxwell 4% MySQL FH P AR KEFLR, THhEXE
RabbitMQ, F-Hi RabbitMQ #:3% % Flume, A FULE Hadoop H'. % F Flume Jo¥k H# WK B Rabbit-
MQ H%HE , F B4 X Flume B IT LA 14, LL A2 Flume ZKH RabbitMQ F B %¥dE . Flume R4 Rabbit-
MQ F#E#EE E Hadoop . LHBBIAE 6 iR,

Bl 6 Flume R # RabbitMQ % # % % Hadoop viv 552 BLIf

5.2.3 WAMS RN, BN IILEM Hadoop i BUHCHE 47 BOHE W V6 . B 6213 6. 30 39
SRR S B A, WA IR ABLHOR A LFM i3k , 30 2 544 46 1 4% (Singular Value Decom-
position, SVD) % Ah P44 Je , T FHL P M0 BEAEREAE SPAN B2 B . RS0 a2 T 45 48 4T — U B
AR AR P A M SO £ B LM 3 B AR Y BON 50, 35 AU BB L R 6 A4 R
W 4 ZRNCHE  OF SOV BSOS S VOB 7 R  SEBLE A 8 R

Pl 7 HE 47 IR 55 0 R
5.2.4 RMPWERKEA, X IR S, bR 5 IR 55 58X AP A 3K B R o 0 A B R R R T
FR . LEMFEE R, B IR K T8 & 3% 2 RabbitMQ H I FE A7 1, 15 & BA S IR BB )5 %
FRITBIR 5515 3% , 1 3% 58 U R B A A B e b, W L SR AR AN AT 9 BT .
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P10 k55 LAk i
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BRGEHET Java i 5 . SpringCloud J& % FF & HE 4L . Hadoop 4375 :Z4E# . Flume H & L5 R 4L . Max-
well 30 F 2 TH . MySQL 54 1 Redis IG5 E, TR TE T LFM BEM T RWH RS .
RGR M LFM 83k, 556 % 8 A1 5 7 50 30 Y 7 b e 1 10 A ke o4 , SE 30 T PP i 6 500 10 S Al s 2
KRN R HEFH, RASHRRG MRS MXHETRRAAE, B TRFEEFE T ERLREST R
GRES . BHURS RGE S RES, RS 3 3 A B 18 i AR 55 B 2% DA T U8R 2 U 18] E T 24 3% AR 55 T g
A B R O TR B 2R 038 o 4R R IR 55 i i O SRR IR IR &5 E DL AT RE k. 1S, R 4038 1 R AU 55 I %
Zuul 1 Nacos M PO LA EHERE, A MBS REHNYRSF B EEMWFRE D, BWETFH
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