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Abstract

The rapid development of the Internet has made the amount of social data become more and more
huge. In the context of big data, users become higher about the way to get the information. This ar-
ticle recommends the information they want to users by building an e-commerce user portrait
recommendation system. To ensure the nonsimplicity of the recommendation results and the no-
velty of the recommendation results, this paper calculates the similarity of the user or items based
on the collaborative filtering algorithm. Using the similarity of Embedding vectors to compute the
Embedding similarity between users and items, realize the recall of the recommendation system,
greatly accelerate the recall efficiency, use flask to implement the recommendation system online
API to a certain user based on Python, recommend the favorite list in certain use scene. For the
problems and challenges such as cold start, A/B testing, deep learning technology, design know-
ledge map, limited interactive data scale and sparse reward signal, poor interpretation of user
portrait research and recommendation system, this paper gives corresponding solution and opti-
mization methods to improve the recommendation system, then users can easily obtain the in-
formation they want and get more satisfactory when using the recommendation system.
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Figure 1. Recommended system technical architecture diagram (Stem from: deep learning recommendation system)
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— R SHAEAG B, B CHAERE” . “DRERE” « “BRER” 5l A? W1,
TR IREAE 2 R S HEE R G EIE ARG, RIS RGBSR an T Il g, T, DA K Gl
K B G AR AROR 7 o “HRAVE R B R AR R G RS T BE B AR B L SRR
AbFE B RHE LS s SRR 543 Mt — D A NARERE R G, B2 ZR(Training) PF-{fi (Evaluation)
#28 (Deployment). £&_L-HEWT(Online Inference) A— &R RUHE4E[1].
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3) B ARG . wl B At (Business Intelligence, BI) R4 HT 5 (48 i+ R4 .

B HERE RGN AL A RGN BRI RGN R B — il < H
BFZ7 L “HEFRE” K& “Fhsing S5 EEE T HEG

Hr, “BREZE” — M m A RO, Sk ek R R B A R, X ERE R G RSP M 1)
G B A Bl FH P o] BRBOS R I . “HEPE” R HE PSS AOG ) (e SR AT RS HE T o 1 “%b
MM SEIVEE” , WY CHHTE” . RIEREIG P HEESIRZ AT, NS R 2R
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2.2. Sparrow Recsys BITh#E

Sparrow RecSys & —AMHUHEIE RS, GATELMNHERE RS —F, ©R& “MUEE" iR
W7 ST RS, R E b, EEW CH I “HEEER T A ORI T 4%[2], Sparrow
Recsys HH AR ST % 1,
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Table 1. The technical point of Sparrow Recsys
5% 1. Sparrow Recsys RRVIIAR =

AR Bk Bt T
Spark ATt EAFAE AL 3 Spark
Flink 3177 =080 ab 22 Flink
Redis fRA7ZE b HERE HR 55258 B 75 RFAE Redis
HDFS {47 125 28 11 25 75 VI ZRRE A FIRRAE HDFS
{#i i Spark Mllib )l %% Embedding Ff£ i 7 R 45 Spark Mllib
{45 FHl Tensor Flow I 2RI & 27 ST s Tensor Flow
A4y
{#/1 Mleap. Tensor Flowserving #EAT R b 28 F17E 26 HE W Mleap, Tensor Flowserving
{EFH Jetty $5 @ HER IR 5547 Jetty
IR R IP {5 FH 17 B HTMIL 1 JavaScript S8 RT3 FH 7 44036 36 7 HTML, JavaScript

¥4, J& Sparrow RecSys & L, 41 R 2.

& Sparrow recsys =

Adventure

W - . T » BOTTLE
°.._ e ROCKET

_yace & Gr,
?d ',
O o

Wallace & Gromit:

2001: a space odyssey

. The Best of ‘7
Star Wars: Episode = Aardman 2001: A Space ¢ L - RS Dances with
North by Northwest | IV - ANew Hope Animation Odyssey Toy Story Apollo 13 Bottle Rocket Wolves
* 4.2 * 4.2 * 4.1 * 3.9 * 39 * 38 * 38 * 37

Drama

CCINDITRS Sunset Blvd. 4 “ TAXI DRIV
NN g e ; R . RIVER
Schindler’s List Casablanca Boulevard) All About Eve Pulp Fiction Citizen Kane Vertigo Taxi Driver

* 43 w43 * 4.3 w42 * 42 * 4.1 w 4.1 * 4.1

Figure 2. The homepage of Sparrow Recsys
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& Sparrow Recsys aQ

North by Northwest

Release Year MovieLens predicts for y Genres
1959 5.0 stars Action, Adventure, Mystery, Romance, Thriller
Average of 3429 ratings Who likes the movie most
ndb 4.2 stars Userd27, Userd25, User402, User357, User270, User245,

User208, User153, User140, User58

Related Movies

i

b))

Sunset Blvd.

= = (a.k.a. Sunset It's a Wonderful Gone with the
Rear Window Vertigo Citizen Kane Casablanca Boulevard) Life Wind Notorious
* 43 * 4.1 * 4.1 * 43 * 43 * 40 * 338 * 42
Figure 3. The movie detail page
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@ Sparrow recs, Q

Recommended For You

Dr. Strangelove
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e
ey i «
5 HIS GIRL\
D FRIDAY
Dr. Strangelove or: "
How | Learned to . HOLIDAY
Stop Worrying and - - Wallace & Gromit: It Happened One - -
Love the Bomb Pulp Fiction A Close Shave Night His Girl Friday My Man Godfrey Roman Holiday Charade
* 4.2 * 42 * 42 * 4.1 * 4.1 * 4.1 * 4.1 * 41
T Tom
: [ Hankss
e & , F(();nvst
L & =
slncl" 3} % Wallace & Gromit: 1 B
W THE RAIN The Best of Eat Drink Man
Aardman Woman (Yin shi n
Fargo Some Like It Hot Singin' in the Rain Bringing Up Baby Animation Forrest Gump nan nu) To Be or Not to Be
* 4.1 * 41 * 4.1 * 4.1 * 4.1 * 4.0 * 40 * 40

\g

W NII\o 2 .
Antonia’s Line

Top Hat (Antonia) Trainspotting Ninotchka Big Night Underground Meet John Doe Toy Story
* 4.0 * 4.0 * 4.0 * 4.0 * 4.0 * 4.0 * 39 * 3.9

Figure 4. The page of recommended for you
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WREPRE AR ER, HFHRERFICREEREL.

3.2. EERGPHE R

BPATREAR: RASYZmp) & A& HPATHERERE RS — o R B R 15T 9 (Explicit
Feedback) Fl 5 14 )2 15147 A (Implicit Feedback) B, 7EANE LS50, BATE UAFE R A IL3],
Wk 2.

Table 2. The user behavior data of different application system
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Figure 5. The social networking relationships diagram
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4) EEFTUMM KRR BEE A SR RS

JRYE. ARREAR: EER IR P B RHE . R IEAIRRZE M E AT LU AP, AL .
ENTRREARRE 28, KR ERE T8 3 gLk,

Table 3. The classification and source of property and label data
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ESN eS| SRUE
L M PEMEE. 5 =7 DMP
(tt %j\ Dﬁ%ﬁi&ﬁ{zﬁ %) (Data Management Platform.
Jil T ‘ RS HTA)
F PO A2 R P ik %
W) AREE R P B RGN
ik o= % 1 i B
Yrib B, AR R EATA. =T H0R

R, EAL R, SEEEER)

PWARBAE: 7 UG AFJE AR SRR AR SE AR, 7] B2 Flad P it B 7 808, (EUAR EURR SR AL,
WA RBREAE R KBRS A, BRI WTIE 6.

Figure 6. The object detection diagram using computer vision model
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BT LSRR SORME Y — 8 r [4].
3.3. FIA Spark RFFAEALERICIRE

Spark 5& — M3 THHEAF G . Spark s 8 R 7 2O L AE KR RN BT BT R L, I
MATUZBRM EML, AT LU L Docker Container (Docker 7¥4%).
3.3.1. Spark %249

Spark f£/7 B Manager Node (& 227 &) TR E 402, 1 Worker Node (£ &) AT HAR T 54T
FAT, K45 RIR [F145 Drive Program (SR3IF2/7). TEYFL Worker Node |, Hf it 225 WA
partition (£c#E 7> ), LA partition /& Spark [FEREEIE . R 7.

Worker Node

Executor Cache

Task Task

Driver Program

A
Y

Cluster Manager

SparkContext

Worker Node

Executor Cache
Task Task

Figure 7. The spark structure diagram

& 7. Spark 2244

3.3.2. Spark T{E/RH

1t Spark - & _FALFRIXAME 55 BB , 208 X AT S5 IRl i — 414155 DAG (Directed Acyclic Graph,
ALK, FRE DAG REFEF &L BIMAT I J77%. Spark T FF 7373 A textFile A1 hadoopFile #2H{ 3L
PR, B&— R map. filter S5HAE AT join, HABE T bEEER. WFE 8.

textFile |:> map |:> filter \5
hadoop |:> group |:> map /7

File Bykey

join '::> map

Figure 8. The directed acyclic diagram of Spark procedure

& 8. ¥ Spark ZFHESBRLINE

3.3.3. One-Hot 4REB AL I HI BUFHAE
B BIRHERS AT UL PR . 252380, 1D BURHIE(DA R W RRSE M RARAE) . 55 — 2R R Hff 7
FRAE, BEFS T B RS R AR BB RS AR . BT R AC B B B0, SEAE T ML 4 B e el —
ANUERIRFE R, ST BB RRAE, BT AN U R R AE ) & A A4S B AT LT
FAE One-hot Zai% (AR AIMAGRAD), BK A 1D BURFAEFE 3 sl S ) 1 — P fg L Y
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s 7 o Ed O A HARLEE E Oy 0, SR TSRO0 B 1D X SR 4ERE B O 1 10707 AR BURFE
R

SparrowRecsys {4 ] Spark [FIHL#% 5~ =] & MLIib K 5¢ % One-hot HFfE 1 Ab 3 .

One-hot Zw %t 7] DL H 2R A7 42 B Multi-hot 2 i (2 A fid) . Lt x5 T 00247 Fa2E . PR e ss
kUL, HAPAAaS 2 MR ELZ AT, BE — MR E AR, X AARRE )
A O AR AR L A Multi-hot Y o

3.34. BERFAERLE—Y)F—KF 4

MPATHERFAE (1 SR A HUE B N, 32 S BUX AN RRIE XS AR (5w R A B 2 1 X
S, AL AES IR A AL BB TG AN G — I I A, “ /04 (Bucketing) ” 5t A2 15 B AR 2 R SR A8 1 1 A
FEMCHET AR5t R I B R B O, BEREAR B & E AR, FEFAT 1D AR NRREE, oA
75 IR VAFAE AR 53 AT A AN 2 20 1) )

3.4. Embedding AR

Embedding #i/2 M — MEUE AR “FR” —DXTR(Object) 77 1%. XA LR A — M,
WAy LA — R AR . — IR RERL A R, R DR D IR A B R A it 1) e 2 ] ) B 1 B 13X
SEM R ARACLE o SEEE— PR, P 1A A (1 R A R R E AT L I R AR

Embedding AR REZ I HERGHEEM

Embedding JEALERARERRFIERI R &8 BUOMHER S 280, 1D BRHMESER 2, K& One-hot
Gt 2 G BREARFAE [0 AR AR, TR B 2 2D (0 5 MRS i XA T A A T = R A3, TR LT B
B URBE 2 I AR AL E 2> BH Embedding 2 57 5K 4 B e 4ERFAE 7] B 7 45 SO0 5 (I 4B R AIE ) £

Embedding LAl & KEANEGEE, AGHUe I EZRE R &, FH i RGE S E A A
KRR &, Embedding fZRIXHE /1558, K& Graph Embedding £ AR #2H )5, Embedding J1-F-1]
PAGINATATE B AT Sl , (A S S KREAMENEE, BrLUs Bl 275311 Embedding 7] &
A B 5t e A L B AR A 5]

3.5. {8 Spark 4% Item2vec 1 Graph Embedding

3.5.1. Item2vec: FEHI¥iEA0ALIE
Item2vec 25T HAE 5 AL B AL Word2vee $2 11, FirLA Item2vec EEAMFE I 2 RBCAR) 7. WE
¥ 52 2R 00 7 50 HHE - CE A6 Item2vec B UITZR R, AT e e e Lr I A 1) 7 91 508 < 185 4b 3 rating
RGBT F, rating (CFor) 8RR, H0ES TGS BT FPE IR R 41F £ 4.
K24 MovieLens iXA™ rating AR E R — MNP MR, AREIER “WFF”7 , BRI T
A NE, FUBH P AT o LR Y . REARACER B, X — N R, FRATT e S R A 1 S
RIS, FHEARE S I (1 e 5 e IR [ Bk HE e
BB (AL FEAE Spark _ESEEL 5 IR
o 20X ratings JR4H % s 2 Spark &
o JH where A3 SEVE MR HIPE M0 5% 5
o I groupByuserld #:F A /A VF5r 5%, DataFrame H&EZd 2 — N HIVE 17 5715
o BN —/NHE XHAE sortUdf, S STEUVERAN VT S id s B (R B T HE 5
o OEANH A IIVFIC AL B AN AR RE R, RS R A .
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Table 4. The rating table
=4 RS R

userid movieid rating timestamp
1 2 35 1112486027
1 29 35 1112484676
1 32 35 1112484819
1 47 35 1112484727
1 50 35 1112484580
1 112 35 1094785740
1 151 4.0 1094785734
1 223 4.0 1112485573
1 253 4.0 1112484940
1 260 4.0 1112484826
1 293 4.0 1112484703
1 296 4.0 1112484767
1 318 4.0 1112484798
1 337 35 1094785709
1 367 35 1112485980

3.5.2. Item2vec: REYIZ

T 52O Word2vee BRI I SOE R A 4. TRATELGE 2 Word2vee B8 ) CESHCA 3 1S, il
setVectorSize. setWindowSize il setNumlterations. 1, setVectorSize F T 155 4 ¥ Embedding 7] &
FILERE, setWindowSize FH 1€ 76 FF H1I K B RAE RO ) & K/, setNumlterations T8¢ 5E Il 2RI )
IEAEL . IR L 2R B A 1 £l ZEAR S SC BRI I SRR R A 52 1

HW, BRI Srid Rl 2 R AL fit B2 00 YR n, AR Bl — NS T TS5
I AR o

e — Bt 2 PR BRI R A7 Embedding [A) &, 183 U4 A getVectors 2 F g il DA HUH F= AN L2 1D XGHR
f*) Embedding [al &, 5k v DA EATRAE B SO B0 HAREOE R, Bt .

3.5.3. Graph Embedding: #iEf&
A BT BEHLIEE N Graph Embedding J7i%k——Deep Walk J7 &7 508, SR FE W F & 9.
7E Deep Walk J7 ik, 5 B 45 (1 e ok AR 20 i L R R R BSR4 0 . T €12 Deep Walk (1575
FEE, FRMERMERERIE T I 3() TR R I, B LT BENLGEL R, W A Z1Y05 B Bk
A RS T MR R R O 1 R A N TE I 45 Item2viec B AL FRAT A LR B 55040 - B L P A S R MR S
T R MR M B L R, DRUMCR A 7 —ANXUZ Map FISE R Se Bl e Eiln i, A28 A 295
B A=, H4 transfer Matrix (itemA) (itemB) i & iX — RS .

N
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A u
Userl > e o o o ° :
1
apcolfcco Sooee BURE
(n)
User2 I > ° o e ° e -
: e e G ° : “ Hiddent. I~
epresenta on N,
& E _ ° o e ° e Proj_e;tion Sa:‘—jp'ed
User3 . Layer (SZI:fs‘sri'fliz:axr
(@) PR (b) MR XFE (c) RMHE O et

Figure 9. The algorithm process of Deep Walk
& 9. Deep Walk HYE 35072

FESR VRS WA AR B R i R v, FRAEFIRT Spark 1) flatMap #AESEALEE P 91 “ $T#E 7 e — A58 Froxt
FFFIH countByValue #{E ST X L85 X 10K, I JE AR IR X L2 5 3 (R SO SR U A2 P 2 TR R
FERAT T Z AR MER AR 2 ), HENIE] 3(c) I IR, BEAT BEMLIF ERFE[6].

3.5.4. Graph Embedding: BEHLEERETIE

BE AL G KA (003 A2 ) P 2 6 MR 2 R B A T TR P B RE AR TR I P o FRAT T EEAR A 0 ot s I ) 4
HFENLE R — NGV, 2GS NBELIEE I FE . PERRRIRE T, AR 1 ML 25 i e 2 4 28 7 A
YIeh 2 I R AR, ARG IR PG IX MR AT B RS . EL SR i e A, IR MR AERE P AR 3 A
T AEBREE B B B C, R AR 2 HIE 0.4 F110.6, A8 A FRATT 3% X MR R B ML E 1) B B C,
WURAT N 2, HEREARRK AR 7 RATMER . 88 L mpay L E i fE, BAMEH Scala 24T 175k
8

T B AL AE P2 AR T IR T 5 1 sampleCount MEA 2 5, f5 Sz FE AT Item2vec it FE 58 4 —3 T,
AR AKX B I 2R A% N 2l Word2vec #2881, 58 iR 4% Graph Embedding 4E i
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