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ABSTRACT

Thanks to the rapid development of the Internet, people can easily obtain a large
amount of information, but they also face the problem of information overload. In order
to help users find items of interest in massive amounts of data, personalized
recommendation system came into existence. However, in most real data sets, the
interaction between users and recommended items is relatively rare, which leads to the
model dose not have enough information to learn user preferences, resulting in cold
start problem.

To alleviate the cold start problem, existing research works have introduced
auxiliary information in recommendation, such as item attribute characteristics, user
social information, etc. These works have achieved good results, but the following
shortcomings still exist: 1) The modeling method used is not perfect, and the internal
information of different meta-path forms is not fully excavated; 2) The information
fusion method is monotonous and simple, which cannot aggregate rich contextual
information inside the meta-path effectively for the target node. Both of these problems
make user and project characterization incomplete.

In response to the above problems, a heterogeneous graph network
recommendation framework based on the attention mechanism is proposed. It gathers
different levels of information based on the graph neural network, and aggregates
information for the target node. By doing this, we can obtain richer user embedding and
item embedding which have a closer relationship with the meta-path context content.
Finally, experimental verification and performance evaluation are carried out on two
real data sets with different characteristics. The contributions of this work are as
follows:

(1) Aiming at the problem of insufficient utilization of meta-path information,
information of edge is added, and an information aggregation method of meta-path
instances where user projects are located based on relational rotation is designed. While
retaining the node vector information within the meta-path, the utilization of node
location information is increased. Experiments show that compared with the baseline
model MCRec, the accuracy, recall, and normalized loss cumulative gain are increased
by 8.02%, 5.05% and 3.22%, respectively.

(2) Aiming at the coarse-grained problem of heterogeneous information mining

process, an attention mechanism-based information fusion strategy of different
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meta-path instances where user items are located is proposed. Using a multi-head
attention mechanism to gather meta-path instance information from different sources
can overcome the instability caused by heterogeneous graphs. Experiments show that
compared with the baseline model MCRec, the accuracy, recall and normalized loss
cumulative gains are increased by 5.63%, 2.72% and 2.96%, respectively.

(3) Combining the above two points, a personalized recommendation experiment
is carried out on two real data sets with different characteristics. The experiment shows
that the accuracy, recall, and normalized loss cumulative gains on the LastFM data set
with relatively even data distribution have reached 0.52, 0.53 and 0.88, which are 9.50%,
6.09% and 3.64% higher than the baseline model MCRec respectively. On the
Movielens dataset where most user projects are sparsely distributed, the three indicators
reach 0.41, 0.26 and 0.79, respectively. Compared with the baseline Model MCRec
increased by 20.30%, 21.17% and 14.25% respectively. The cold start comparative
experiment also shows that with the increase of data sparsity, the improvement effect of
the algorithm is more obvious. Among them, the three indicators on the sparsest data set
have increased by 24.94%, 26.54% and 19.82% respectively.

The work of this article will help e-commerce platforms recommend more products
which users are interested in, which has practical significance to a certain extent.

14 figures, 13 tables, and 42 references are contained in the dissertation.
KEYWORDS : Personalized Recommendation; Cold Start; Graph Neural Network;

Heterogeneous Information network; Attention Mechanism
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XA B AR BEAT A

BN LG TACEEITAE, JFEE T A BN TR
SCLARZRG A R, JFRES T AR AR A R BRI A S AR
FERIAN AL, (RN J B AR R IAT BRI T 7 1A



Bt iil N i w4 A0S BR

=K
A

I

2 BARER

AT E A AT LARW R B MARSREOAR AR, WAL S A RS
B LEAR RN & R ANEIAR BL R B Rh 2 28 AR O AR, IR A ST 56 FH T
KV G ML

2.1 EGHEEFEEL

LR AW BT T SRR, R RGUR I BRI T RE, P R SRR
FEAL G 1 BT AT G SE 1K), fr LA e e S AR, IR
SE A TR (A R DL R OGBS AR SEINHERE A R BT
B IIHERE S AN P R R A HERE ST

2.1.1 ETASHEEFEEZL

BT N A I HERE SEVE E B R T I A A B e PR AR T RO A oS B R, S
FRER 7 3 S2 8 RS ANR I H AR g el 8 = AP B, eI U H
e, SRS AR 80 D s AT g Bidla o S) Hm B AT, e e i 2 AR A AR 228 T
HARFEREAT HLBE, s 2R ARURE R, 308 R A% S T I — 250 H A A7 T
AR ITVE ) B R AE T T SEAS R0 RRAE (7] 5 TR) AR LA, 8 I R 770
THER AR SZAH AL EE R,

ELW%k
\/Zk Wi?f \/Zk Wfk
Fori A oy R ARAFETE , cACRTE (A j R3CEEE M R
UH i j e e ERBUE, i s 2 ACHRPI AR SIS, SRR T
T H FIHERE S o

sim(i, j) = (2-1)

2.12 ETHRERITENHEERE

iy TR I JEAHERE SRR T LAy DT A A7 AN R (R W [R] dre dE  Bik

(1) FT WA R IETE

e A A IR b )3 dn R4 B S A J5E AN [ RT B2 D 2 30 B (4 1 [ it
AN T F P (0 o [R5 8 X PR 5 9 300 H A o e o i Oy vk T AR R T S
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eIt H 5 A D S B X 2 TR AR ALLRE 3 B e R AR D IO, X
R0 S2AT D REAT 20 A R A 350 H TR) R ARACLYE, G SRS 300 B e 2 1 P [ 2
X AT B AL o [RIREEE T HE 7 B o R g U ik 2 45 A As L 4 5 3
POERAT P BT E R I AR ST E P 2 O
AT BLAIWX L8 P (AR R, . BT 300 H AT F P ik T R R R, X
ST IH P F TR, iR P LR id sk, IX BARBLE & R BOR
AH R AR BORT S, By, AT w XTE § PEr, XTIH AR E AT S
WP EEU, =UNU, , MPAIH 2 18 1 BRI 5 R B0t 55732800 3

Zuel/,j (r;”i a ’/;)(’;l,./ a r/)
N2 N2
\/ZHEU‘-/- (’/;/,i - ’/;) Zueui, (7;‘,.1' - rl)

Heh, p L on Ry BOE PRI RIE S

WR4E E IR 25 A 0 H AR SR A R A S, B E bR E

(R FI0I P73 P LA MGX LeEE 5 (1) P20 R A5 21, Bl H « I 4REEA N S, , B2 H P
u XT HERITHE ¢ w0 vF2 o] Lk~ Xk 545 2.

_ Zies, |Sim(t,1)[(r,, — 1)

r,,=r+

o 2o [Sim(2,D)|
o BT PRI ¢ (P304
WERAAFAE FH 7 00 H Z 181 VF 7 il s i R IE e, ] DUE A 865 EL B 7
ok BT [A]EARRLE, W SR RN H AR 3L RIS TR, T B AT
Z NE AL ek vy o A R AE ALY (Jaccard Similarity ) FAR5Z AL K15
AR AEARALSE -

sim(i, j) = (2-2)

(2-3)

o ueHnu)
S )= 2-4
im(i, J) UOUUG) (2-4)
A TTARANEE
Sim(i, j) = M (2-5)
UOFUG)

(2) FE TR P [R5

AR 18 i ) o 90 SR B A T T AR R (RS AR, RN i
AN H B SR E S I R B E AR RN R S5, AR PIHERE S R . FFE
RO IE U 20 gt (R 2 TR (R P [RI L 0592, e VP o3 AR R 2 ) 21 - AN
H B R, IFF0I0 ] 0 2L T SRR P2y B R A AT P AN
F S B AR DN K IR Rl SO, BRI N EDY S, [
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B AR T 4E AR P AR A T B S IR RN, BN Ut
PR, [FRE AR REAME AR A R R FE R - A4 F o5 T H Y
TR E 73 B AT DL ) B fe] S AR e FAR 2], HD:

Fu = pleg, (2-6)

B P I E L SEvrsr A, AT LE Pk T =0 H AR e ok 7 S A )
ZHUA:
L(p,-q;) =min > i Fu=r) A =7 (2-7)

SOt () BRI,y R AE VP S R P LE P A0 P10 FL R A
ISP AR SR %, TR AL AR T I, AT BLAT R SReGk
HfE R R F T

Lp,q)=minY - (Fu=r,) + Alp, [+ |, (2-8)

Forp, MIEN T AR 4.

22 REREEMEHEXIHS

FEIXAME BRIER KRB NAR, EHIR DS T2 ARPEIKN R, Xt
R AIWAAAER LA & F R, B A/ F X 2643 B AT DO H @ o 7 s
Bt ARG, KR TUH DURAE SRS B a0y 5 i {5 B M 4%
A DUSE VEGE M0 20 F 7 AR, AT SE I SE RS DA AR . AR RS
SRR 28 4] SN B S AEHERE 2 48 N

515 B M4 (Heterogeneous Information Network) : i@ & #1542 X
N=ANEHEG=V,E,o,p) , K, BN RveV BTHREGE M 4:p(v) e AF
H— R ENRER, FakiEec EIRTRAEGEMR  ¢(e) e RPHI—MRFE
KRELM . MI AR G| 4 > 18038 KRR > 1, BARZ 57 S B
%, WRANWE, M AR . wE 2-1 a)fr, EHEEEE RS, 8F
AHFP (User) . M5 (Movie) . HIFZRM (Type) DAL 'F#E (Director) PYFf*}
SR, [FIFERT, ASFEIFEE R A B A F R . XA AN A
PR RANK R ) S5 F A DA R s 25 AR, WK 2-1 b),

JCEEE (Meta-path) : JCREEA2 7 (5 BN LU B B, DL 2845
T S, B RS RN AN [F) SS1 X) 45% 465 1) Fh AT 3 R AN 19 2 TR A [ i 2
M, EMSEBER =, ), AR R DR X GO R ) A2,
et b FREERAREN = 1° 5° ° , P RRRAS

2
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WA, TR AMGEA,  FRE LRI, BTIELER, THRE
th AL F X 2 A ORISR R o U9 DA 3R E 7 R G0 A1, TEIR U
rate, direct direct™  rate™ | S AN P oL M ) S 0 L5, T DA AT b
ZIE ) PHRHEDS B AS R IR TLE R R T AR A L, X FERE R
S B R R

\

T =
15 [
User | ovie

M
=
Qﬁ:tor
a) 715 B 4% b) Mz AR
a) Heterogeneous information network b) Network mode representation

K 2-1 HEEHERE R GE P R 5 AE B M 2%

Figure 2-1 A prototype of a HIN in a movie recommendation system

T TEHARMIERE M OIS {91 B8 0 5 — Pl G B AR SR 5 AU .
B2l a)fim, 1 1 ofl o o BR[O XA
I (A TERE P S0, T TO R 040 8 3 o i — RO B B 5 AR
MBEROARIE . W, 1 5 oF 1 5 oBLENAE | O Ty MR
W, X EFR A K, R BRI TR R A AN . ST LR
A 1 P B B T T AR A A SO AL SR R L
TEE R AR A A, R E RN, IR L s
ST CEOK, I R R R R RIE T LR R

2.3 EEARA

PR RIS B AR 171 s R WA SR 0 Ry B a] o, S ERIERA &
AP Bk SEMEFERIEEG RRAE. G, FEPRESRET, SAERM
AR R R TR, AN N B R i B0 R 2R BRI LA K 3
RS H

11
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AR5, ARG T AFE BB THEARR, 20T oo
ST REFE RN TT 5 BT RENLIT E R TTE VA S TR L 52 S RN TT
2o

2.3.1 ETFIEMEDREIERRAN

BT R B O3 e R ON T ¥k 3 2 SEAE R e i B R s T e Y TR ) SR IR AE
B R AT KRR N ) ) BRI, R B b 5 R S BIAICAE (1) 1) 5 2 R
T H FH SR T 45 0 (1) A 3 S0 4 S R SR e B, AESEBRFH A, AR B AN [F]
B P 1 o AT DGR B AN [ B FE R 23 70, 5 AT B T b U Re Ak B S DA B 1
FEABNE 3 PR b i 7 1
(1) TR e fiE b £ 70 i 7 V2
BT R TR AR B S () 77 2 3 AR RN FH YT ROGE  TRD AR AR AL SR OR AR 1
() SR AR GE R R 1, Gn SREAEACA PR 15 R0 A B ST 2R AE 2 8] o ) PR B sz, B4 mhies
27 RN AR SR o 48 S B0 25 T 05 TR A IR 1) 25 2] 77924 LEPS), CGE]
(Cauchy Graph Embedding) . IsomapB9%%., RIS G=(V,E) kFx, Hp
V=,v,..v,) I G SIS, E=le, Vi, je[n],i= ) NE G A ELH
G, =20CHT A MR BAEBEREUN, | =0) Fox G AR,
TR R WA RE. BT R AR, 7R T AUER B br ek HOk 78 ik 4E
e, B
Y=Y (-Y)W,=2Y'LY (2-9)
Hrb, LAEG RS iisErE, L=D-Ww, DIRRWMAMERE, D= szij o
(2) FeT 75 RO IR 2 i 07 32
BT UL B8] 23 88 7 4 3 22 2 3 3 e O it b S A0 DR P v K AR AL
R, AT BRFETT A B B ARAE . Bbdn LLEBY, GraRep?! (Graph Representation)
PL A HOPER?! (High-Order Proximity Preserved Embedding) , X2 &k N 77154 &
BT FURRE AT RE R 0 i 1 o (RIRAE I G=(V, E) ™, Y o B P B BR RN 0]
TR, 2SR ZAm N m BT LU A 20(2-10)1E 9 B br & B AT 04k -
Y =min(Y -YY) (2-10)

B I S e e o 1 B v ol 1 s S DN 0 AN s 48

12
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2.3.2  ETHEHAFEREHERA

ST BEA LT AE (1 BN T 1258 08 T A [7] F) i 7 SR o L 110 =3 S el o 4 SR 4
), DT AR AR BT s 81, AR5 i8I Skip-Gram S35 SE I RUZEAR4E 2 [A] AT Hk
Ao IXFPT70 02 B EHARE 5 AL 1) Word2vec "B RLEAR TSR 1Y),  RERSAR 74 42
B AT R 2 T IR AR, P AREIE T JR) R0 P 7 8 A 5 g A 775 T P AR
K.

BEALIEAE IR T DA R AE — N & L8 IR AL B bz sh, i
BALEME RIS R T D AT AL BT S AR R T NI
T, HMIEAMER, 20 E E e i S R R E PP A . AR R GE
e, RTRCRE R AN H A AR B R T R, P T E 8] A A AT A R R R
2, ABAAFEAE m A A n AT, P E 2 2 AT R R A Q- 1)K

Plj:P(Xu,d+1:j’Xu,d:i) (2‘11)
Hr, s A Fom mxn PEBBEAME., = XRHPAET P

BEHLIEE, BRI B AE T 4 AL — LA, M A BN AU,
SO A R L A BB e, [ BT 1Sk TR HL A 2
1—a. AP A R 4 A 2 IR il I B SRS T AT A R
L KA MUREE] L ORI ORISR B R (2-12) 5

P(X, =) =1, (2-12)

TUFH P55 6w L d B TR EIATE § AL RO 2 (2-13) %R
n n ! d ——d
P(X,,=p=a), P(X,, =DB =o'} nP =a's, P, (213)

_J

FEL P u ZE T A A AR M R T i R u RO, 2o 14)
Pt = =t K =D 5 (2-14)
YU PX,, =) o
Forb, R ELARFE PR R R, b TR u, AT LA B A AR 5 (1
HEREAE, 2o PR AT IR R , AT HERE 5 7T DA HE BT N /NI AT 42
1T (7 % R 5 PR 5 S I, 38 S PR IR 0 T B A O N
HoR I
(1) R B b B L
REETE (Deep Walk) 3T Word2vec ZEHH [ —Fh IR N 512, B Jc4r Xt
FLBR 47 5 B L A A0 2 A, 33— 2 K O BB L A R 8, R i
Skip-Gram A5 B 1 AL I 7 1 81 LR 0 (06 24k 4 6] b0 R SN %« 200

13
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PRI B U
max Y, log(Pr(N(w)| /(1) (2-15)

b, (O)BRAFTT A, ()NWET R XMITVEEERN R, 2y
RN A TR ELE A B A ERT RS, T HJE T RS S R AR A2 AL
{2 X MOTVEAE G A BE R B 5, 1 HA R R BELIEE 7250 T 4R
FROER S B8V, 2 KRR b, AR TS S .

i Ai- & (Node2vec) PRI [EIFEAE Y T Word2vee HAY, H AR LU
(Breadth-First Search, BFS) FRFEHLSFE (Depth-First Search, DFS) M7
3 TR X P ATV I S ORISR JR B B B AR S5 0 . ] 2-2 o, 1S
RIFH (U, s4,85,5¢) AEREETEERGE R, WRFH] (u,sq,s,,53) N RS
T s o K ZN RO R MR, B35 M A BFS M1 DFS A1 /U 51,
SN JE I Skip-Gram 84 A= AR 4E R [ &

-———> DFSIEEMRIETFE
—>  BFS| E&FHt

P 2-2 Node2vec 157 g Fb A% 75 20

Figure 2-2 Two sampling methods in Node2vec model

5 Deep Walk 2810, o H AR 2K B 30E LA :(2-16) -

max 3", log(Pr(N (w)]/ (1)) (2-16)

Ho ()YREHRTH A, )FAE R ENE s SREUIAT RS S, RS

AR R SRR (A S R ST I, BB 4T T A AT R SRR IR R R B R

ANAR R R R AR SR ED T, 4nsR(2-17) s«

P(n | f) =TT,y ., Pr(n| £ (w))) (2-17)

401 SR P A e 2 PR R AP, 8 %23 1] o — G M A A RS 5 B
SV, AT R R R A R, T MR AT LA S

exp(f(n)f (W) 518

> exp(f(v)ef W) &15)

BT B =R AR B &AL as R, B

B (n,] f (u)) =

14
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max ), [=logZ,+3,, .\ ./ (n)"f ()] (2-19)

(2) St P o fr B L

TCHE - [ R B00) (Metapath2vee) &I T SR, EBE 0 IC AT
FREBENLIG E . S R e P ot 140 20 3 — 5 T SUOGIBER Te i 4
Tk, B AR OB A T 1 R SR R AR ), RIS A R )
R SRR, A meta-path ISR EXH 1 © 5 1 4, B
B BGAE 22 WU H AR . IA%E K ICHE P, BB R R
Al LASE LR

1 o A
- V) eE, g(v =1+1)
N1+1(vl) l
p(v*v,P)=10 V) e E, gvt =1 +1) (2-20)
0 (vv) ¢ E

Ho, vV, N (W)FRT RV AR R e 175 Unr bLe
M R AL, B s T o se BT — RS, B
175 URT DL U2 TR 3, HGR TR — AN A8 1€ BRI Jc g4 BT
—RAAES, FEATRRWAD T R EEA L. H A ARR R EE AT

arg mgax ZVEV ZIELV ZCIEN,(V)Ing(Cl |V; 0) (2-21)

Horb, #EAHR (|5 )EXCN A softmax B%L, B

eX” X,

eXll .XV
ZMEV

plc,[v;0) = (2-22)

233 ETAREFIEHBRA

B 0 B AR BT SRR ABRER N, A TR R B 5 S A R AR &

e DA JZ A, i iR R AR Y RS A P = FE AR S A I R, AT S I

PRI A S X PR A0 S 2 DA A 28 - PG R E R R S5 I 1, SRS 2R 1 D)

RE S SEI I R s BRI () S R e i, A 2 U] K I 4 1) B A I 4
HARFRIRIT

ENC:V - R*;DEC:R‘xR’ ->R" (2-23)

DEC(ENC(v,),ENC(v,)) = DEC(Y,,Y,) ~s5(v,,v,) (2-24)

15
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L= ijeV UDEC(Y,Y)),s(v;,v,)) (2-25)

Horbr, ENC ZoRgmtd e, #15 iFHIRA E KR, DEC RoniEhdes, =Ty
SRV IARAANE - s(vi, Vi) 3Rs 19 RV AT v TR, SRR LA AR Y 451 2%
PRI, EFRET U TR SR AR AR AN B S, HARE TR AT e /MU 22 1) 46
X . H AR R R TR 2 ) () BEHR AN AL T T LA

SERIAL IR R 454 AP (Structural Deep Network Embedding, SDNE) j&—Ff
BT IR HBhgnfg a1 771%, ERe i B b —B 2 P AR, st
AR M 1) BR B L S ARAL B BR R 301G B i A IR M B R 7R . T FE 53R K
Bz O, UREH NSRS | BE R, REE
BENLER T Bk A A B A5

FE T VR A0 28 WX 25 ) I 2R 7 27 2] B¢ (Deep Neural Networks for Learning Graph
Representation, DNGR) & —Fh&5& 1R E H 39D 2% L BEVLIZ I 77, HT
G TR R Z NEERRYE, X R R S R AR 2, XA 7Vt e 8
AR M R A o) o 3 3 A R Oy e B FH BE AL I8 Ui B0 A R R L T

(Probability Co-Occurrence Matrix, PCO Matrix) , Pt 46 B 5 0E A HAE B

¥i[% (Positive Point-wise Mutual Information Matrix, PPMI Matrix) , #AJ5i8idk
UPERE g 28 A2 IR AR, I B RS T s Ao . XA 7V Re g 4l
P IR B G b UL S AR 2R S5/ REAE, 1T HoR I 5 ELAS B R R R 8 2 S ik A K
IR R

BT EERFERR A B B AP (Graph Sample Aggregate, GraphSAGE) & —
PR R AR SRR AEAS BT, R8sl i e 1 B, R H Sk i B A
W28 A2 RN RS o IR0 7 15 BE A SEINLHG 71 s R N BB, (RIS OR e B I 25 44
AVRFEAS B o e 32 B R Sy Je ot B rh A9 U @03 5 RU3EAT R, SRR TE N K,
VPR BT 8 e S AR S el e RIS e e 11 F= 0 W S e | =5 b S
b A B LR AN R IR o

2.4 EHZEIME

AR, AATZET SRR B 7 S R B 450 |, 1358 T AR M 45
TEIA 28 DA SR BE H Bh 2 & S5 R BOR I &, BIFFE N B UMt 17— Fhky
WA FP) i 2 ) 295 235 ) e b B B BB — B 22 X 2% (Graph Neural Networks, GNN)
] 1 22 DX 288 23 AT R b BR AR IR L E AR SR I A R ORI RE ), R B AR AR N
AT MR N, RURIAH BB A TTE A R — D IR R, R a3 T &
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TR RRE, ARJE AR MU PR T S ALY ST, R ORI
JRI B B AR AE, I A B A I IR HEAT ISR H TR — e LI
PR 5%

2.4.1 BEEFRHEZEMLE

T 3 AR X % B2 PR b 2 I 28 A 0 v USRI TV 1 B IRL AR 1 B A 2
I G=(V, E) WS 3137 IR REAE 2 7] o DLFRLJZ 1) [v0) il A% FE RIS AR X 25 D9 5],
TR EME S RHE, EiFE RPN A, 2B+ 1 ZHPa 2 15
ATV TR
H"Y = f(H', 4) (2-26)

Horp, £ )RR ERVERGE R AL RS RF IR SRR . 35 PA RelU = o(- )1
NARLENMEEOE BRI, A 3 (0 B AR R 22 0 25 1) 73 AR F U AT DR R U3

/ ~=1/2 A ~-1/2 0 %)
f(H' A)=c(D 4D H"w") (2-27)

Hrep, =+ RpEMAARENE, RospirE, = TR XA
HiRE,  OFRE ERhE ML HRE S HUERE

W ERSEASURE AT DA GON SEFU L AT R BRI R b5 ., Jlid
Xt B BT A BEAT AN SR, AR 17 B2 B R AR ADUE BT ROR S1E—
o XAMERE NS R 2 2% 1 SR B R PE RN 21 1 SRR S i T, BEE R HK
RN EE— A RUE R R IE S BB

2 BRI 2 X 2% 7 9 2 B 0 DR 3 T AR 8 2 ] R AR 2. i s 1) [
G M 2% 0] DL R AN B TR AT R B, RSN ¥ B S5 48 52 SONRT BLgEAT Ry
AL AL S T AERY o Bruna S8 A\DSUR RLGEHY 7 3 sk i) G ARA e I 2%, 5E
T EREREL BRI E M2 5E SO BIE 5B R IR RS, Mg T
PR o T ) B0 P A AR I 2% 32 B AR TH B b0 19 5 5 4RI /B R,
WS AIZ IR S I B R RAEAS B BN LRG RS B ph 22 X 2 s AU
e MR TR SRR, XTI A R AR R BRI RO T R AL
HAERE, M MAEEAE IS F AR KT R LS B 34T AN W BT

242 [HEEHEZEM L

45 B R R 2% ) 0 s AE T AE R S N 28 i e ml R T T 11 3R 8ot
(Gated Recurrent Unit, GRU) . 7EHATAEEIRIIEAEFHS, T EASEAFT
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IRZEHE, KA GRU RS H BT AT M. B VISR A S B oA
O WAIINAEES A . RN, FoRT R AR . 18
AREe YL b, W RATAME T AEEAR T LR aEE O, Ba
s e ERr S Ogar—iwmmsRs T2 g% R T
N

m =2 Al (2-28)

B =GRU(h"™,m") (2-29)

H AT A DS F T T HLH i & 2 5y 50, b 74 P i 25 o 44 140)
(Gated Graph Sequence Neural Networks, GGNN) , IXFh /525t 138535 5
JOH, I A P 2 A R AR o ] D H T BISAE AR LB 28 4k . B o
JERT v BIRRIET RUFAEE E,  FRER TR A B O A Y AR A 24T
A H . BT — ORGSR, B RS EIATIE T AR R, e kiRER
25 &R R

243 BEFEE IS

V132 75 77 190 4% PR 5 7 400 2 I 4% o PR ZE WL, 3o o7 2T LA 1 J2 v
R TR T SRR ZE N 4 P A O 52, A R SO 5 T
B GG AERHIE R AAE SR, A B S L (RCR . R [a) T A 2 0 4 o
[ A P 4 430 2 P R et R, PR3 2 4 ) 46 R R T30 4 A AR 19T 2 B SR R A sz
= RS, IR ST A AR [ S R R I S AN ] [ 7 LR
EEEE Mg, TRV OFRR5 EriEE RE, W S B E i T
(2-30)F IR

20 =wOh, (2-30)

Horb,  FORBIGRMA SR, ORI RREHAR SR X PR AR R
JIBCE, 5 I BE R 7 B b A 2 Bt AT iAo

AR, AT I AT FORE B AL B L e A B R 28 S5 e b 5 o
R R DL R AR, AT TG 26 55 KRBk . MCRec (Leveraging
Meta-path based Context for Top-N Recommendation with A Neural Co-Attention
Model) U7 HY 1 —Fhfe 7 o [ _EAI ISR B HL SRR & A 545 BT %, A
L& T PRI E A S (N A RHE, B R T IEEE N TR BT UE R,
B AN = B PHER] L, (HREX AR ) e R AR SE B AE 2 LA LA R #A R

18



Bt iil N i w4 A0S BR
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A

I

HITC AR5 B R A A B R .

25 F&RFEE

AT FEENBAHEH B K6 AEZLLL S A A 201 T B SN 25 .
AL DL B e TRAL BEAR RS A Python 18 5 S28, A T RERSMARAD & 08 1T
KH T Anaconda £ERIAEE, W] DALE BHE A 3 E I EH H B V1A FIIAEE, A
SCAH BT Pytorch BRIE S SIHESR, (EBATEAR AL AR I EE, X
B Scikit-Learn 5% 72 LA & Pandas 2038 70 #2347 17448

2.5.1 Python {Bi2iES

Python & —FHH] [/ X G A B F N LR A2 1E S, BE#E %Y Window. Linux
LI Mac #4t, AFFE ERgE ZRARIRK, TEEVFGiafr. Halfegt
WARSR, 95 WA Z) T 2EAE, W7 RN R I EE.

Ak, Python 1 & fEAR 2 URE A B SN, 8RR EE . N T8EE.
R web TP R RGISLELL ST kS . MATGE T2 )™, [T EER
R EE LA LSS =07 P, RES AL PR & AP s T4, AdE HAR T 1ENER7R . web
M HERE. BUER P G, BoudiEss. ST XEERMEES B REKR,
AR O T B X H b AT 40— EAN g3 4 B SR s LL BT 18 1

2.5.2 Anaconda ERIFE

N T 75 {8 Ad A Python BEATSZIGHR 5T, I LAMHF Anaconda X AH B 22 J IR G 14T
G— ¥, Anaconda HHME T % WIK Python J&E K MKHEL, B BRG] BT
# [ conda HH RS, GEHPMHKPLIT Python H11¥) pip v 4, HRHE SLFRFE K
A DAFEAS [ A58 o E B AN R RRCAS () Python,  #] AR IX S63AE H i 14, JEH L
B BB

Anaconda A =/ EE#F:, Anaconda Prompt Jy3: B )&, v DME 4
BLEAH R, 7F H HUIRA FRIPREL ) R R A pip 235 75 2R 2. Jupyter
Notebook & — W T (K1 diE a5, AEfS SCIMAE s AT B, 5 £ AT B s Tkt
PR A 2], EREE SR Rt . Spyder &SRR Mg ay, ARIDERK
I AT DS A e i T g B R, R Pycharm 3K A4 D RESRAL
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A
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2.5.3 Scikit-Learn B kZE

Scikit-Learn /& %1% Python 15 & M IEHLAS 7 > Fi . Scikit-Learn &4 35 ML
RS REE, AR ERERE AT R U HE B2 R . BRI R . RER
[ AR A J LR BRI, 2 ERE S SCIL A D) Re A A a0 #E . RRAE SR B DL S A
RV

Scikit-Learn #JZ7E Numpy. Scipy. Matplotlib iX = KE2 L.,

Hrft, Numpy FEAEREAE A TH, 22— MRt EE, sei x4 Lo
MR EHATERIZE . Numpy T 2005 4-H Travis Oliphant GI%E, JFEJE#) 28
H, EAXRSGZHEZEH CETITAR, KRR EAERGG. @ESHEGHZ
AEAH, feft 7T FEEWINERRN T HE T . k. SRR E . AN SR
7~ N ndarray, #HEC Python H H 75 [ List ZIE 45 M), & MR E LA G 7E N AT
W, fEAREERERR N M ALY I 2, B DUE BB AR AR .

Scipy 7£ Numpy Fe 12 EXGI0 T 7V 2Rt B R, ol g AR
EIGALEE . H i T FREUE R G B 502, MR SE . Scipy ATi¥ FH %L
PS50 72 H Numpy $R L) Z 42804, B 7 ARBFHESU, s HE
scipy.sparse FSRACEE KRR HFE, scipy.io FRADEEE 4 G A\ A0 H 4% .

Matplotlib »& —MEFEFIESE AT T H, 8 FE 4 Numpy FEEH, Xk
ZEREAT AT R . ATARAR R A plot TR, HRIERE 72 B Ras
¥, SRLT Matlab B2 & APL, A CR#, R 75 &E KA L AT A2 )
R EMNE . HREL ol EecE gk, Z4ERG . R gt E rR
By LA 2 S P R 2 ER BORE R, R RR A TR 40 MR o XS e, (RIS R
WS REAT FAR I R

2.5.4 Pandas BB TE

Pandas /&% T Numpy ) —F T 5, 3252 HRA AR 0 i i) — 28 4E 55
Pandas £ 2009 “E I HH KA RS2 AT, AW R A ok b, v A
RER% 25 ) 18] J& 1 18 5 21 AT 20 A

Pandas 72 Python MR /M, WIEA 38 K FEAA CEIEAR Y, e Xt
K E R AT S b B . /5N Python F—ANE, B REWSALHE Python HH I EHE
FRA, HIEN A H g U — 5 451, B35 Series. DataFrame. Panel 4.
Hrpr, Series #on—4EBH 5Ky, 544581 Array. Python ) List i 57
HBLLACHRAL, ABAN[E] fAE T List WP AT DUF AN [ #4288, 1M Series 1 Array

20



Bt iil N i w4 A0S YNGR

PR RN T — 2, PR — R EE AR T T WA E R, IREER
M . DataFrame & X N " 4ERMEEIELEM), 7] LAAF AL Series M . Panel &
TN EEAH, ] DIAFN DataFrame SR 545 .

2.5.5 Pytorch {EZ2

Pytorch /&% Python FUHEZE, B A TIVE & &URHRF AL, FEIR B 7 ) SR
FJiZ . Pytorch - 2017 “E4E B TR, H MIZAE SRR R 22 1 N\ B s . 1B 1)
HHE Ak, Torch 2002 HAH A Lua iE S 1EAEEN, BT ZEFIHRAHE Z
T, X Lua AN KGR N A FZAE QI 71X T 115 5, Bk — kA A Torch
T IRESEER = 1 o O 1 3155 Torch {385 1 FH 14, FF RN B3 4R A A bl e 52 0 /)
Python {E A4, T/&1E 2017 FEHEH T Pytorch.

Pytorch 52 R 2 (1384, BV EAARZ LA ERAR R G
ST At b - R S < e ) O e =7y = - Sl = 2 N i A o
B AT HE SR A A Se BRSOk, T AW, e SR =T L
74 conda. pip F source, AIELE G Anaconda MR 2 HE N

2.6 AREINE

A B F B A T AR TAR R R B HIAR R AR

RN A TG RS EE, RO T N AR HERR FA L T i R
TERIHMERE ST, XS SR IR 1 HERE R ST RAURE LS ORBRETT BB IR
WENG T UGB M RAR, R 7R, TR b AR E LR
SCEE KB 3T e R AR A O

FESE ST SRR B R AL b, SQBE RN — 20 AR T PR YT OO SR AR B e iR A 2R
s PTBLEE NG T EMAROR . Hh WER TR RN T % 6T BENL
W IR ANTTVE UL S FIRIE 52 S RN T, FFR AR R BT K B et 2D
BRAE T U

ASSCHIBIE T AR B S B B N 25, S8 T BRI 22 I 28 A0 S 2 S LI 3™
JELity, WREGRMLE . B TR M2 ULGER SIS . iR A0Sk
K IMARE S . PTG HEZLLU R AR SR B 70 #5545 1 HE R 4
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3 Bt SEEs A

AN B RSB AT 55 3 55t DA SR S 3 T 0 10 5 o B R R SR I 2
BEAE,  IFX B A e S I A DL DL R T AL B AR AT A 4 . AEREAT
RHESRMIHR IS, B e/ 75 Z5 8 1 IR L LA S s %8, IR 4 BRI A
FEREEABT BUSAH R U I o AEEE 0 AT AL B, 5B 70 i 1 ASRI B SRR, 28
Jer R PRAL PR R AT H A o

3.1 &S

A (10 2 B 55 R AR T (0 3 5247 D LR AR OG5 I IENARA T A fl > AT
BEAT T At HfEAE . AEHERE RGUT A M RAE S5, NP BT Top-N SR HERE o
P T 3E H 75 6 R A SR BRSSO, R A T xS ) B AR DR
OrE, BRI, AR RN I H 0 N PR R AT BE L HSKAE . 10 Top-N
FI e N R 2 Sl SR sl 17, LR P e Sl e sE, Eid
IR RS2 ST R P s BT P R RO Y N IR HERZ B

WAL S, ZHE0T IS0 H B R, H2
{50 S0 SR R R U B s LU 2 3Rk A5, I AMIEEZ T Top-N Sl R4 it
AR . KL, ASCHER T Top-N S RHEFAT 555 5 AT B 55

Top-N I HERAE 5 HI T WP Wl 5 IR X AR A S B s s, et
PRI SRAC SR X i i RIS 10 S5 5 R 22 2 P s, AR AT T ) SR R g Tt
H A 8ol TR T SRR o B 1 800, phlRon e idhsk
A2 HL (¥ P 35T G AN AT A LI AR R I X, 38 R L R R I B AR O R s B
AN ) SO o 385 e AR I 1] S AR A7 1) S Bt It H TR PP 22 72, XA
RBEATINGROLAL, S RIE 7 51K

32 B

SR AE SR K O B0 IRAE T R 4248 BR P LB ARSI e S R, IR
L RS S RN PRI E PR R R R OR R, A AT A WAk B
PRER AL, DRI, TEBETT T 5 (S 21 o 8 ) 28 A B 2R M B T BB B DA T
JUA 7] R :

(1) 7RI T 22 5AF B UAMO P A0 A S 2. EISEAETEH, bR
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TH W O I E PR I0 R EE T Pid sk, BUH AR R RS B RAR TR,
ECAnE R, T 2. S 5 RS, B e S R i fL S s
HEAHRTREH H P E bR, O KEWVTFRRY, 7B ACH 7 1E e 355 L 7 o 1N
WARKEIFZ . RO EAFERHP . BH . AHKXEEN R UL EATZ AA
[F o0 AR R B AR 57 (S BN 4%, JRRE IR S50 A RIRFE & MR 15 S B gt —
RIS 281 AH 7] B 7 1 S T

(2) FERH SE T B BRI AR R . MR 7 S B b, T ReE
AN E R ) 56 R 5 HA Y R AR R IR, K IX Se A a4 B 5 B At N 2 B AR5 s
AR NP REXREEN, HAMUBKAEA &8 X, REHHH
B R )3 = I ML Rl A e B A N AR Y RO B AR T S DT E R, BRI TE SUE
B A X BFRT U EAN R T B AT A R AN [F o dkE, IS 2095 s RN R R
WEEL & B e JC AR P A AR S B X ERE TR — 2 e o B AT M o kA5 B o

(3) WEMMNH bR EGE BRI 25, 7RSI H P FIE 5 SR R =R
wNE, KHANBEEARTN ). g, ME-HPMS, FEE %5
ZHPAE I RZEATANIE, WAEERERAWELERNE, 72X BEEHT
BERORIERRBIE , JEHEPRAMRREIE . 1X 55 E R B bRk S 7
KA P 0 T T e A 10 H A R A ) e At 150 H RS0 A 70 2 22

(4) IEHCEE R SLI P T VEPEIHER VERE o BEXS ZLSLINHT Top-N MEALF
FIEFAES, B K HZAE 5% ) Recall. Precision LA NDCG 85 31 5 #7774
REREAT VAL, IR BT A O SE g R Y () ¥4 3 3l 288 e 1 AT 1T Al

ARDLEE T BT o W 28 A TR AR YRR an T

. | sEg. W | rEFEEANRR

HETULE g " B S

IR Fi | wfbe |t s e
— FERBE g y £8E

P 3-1 FE T HIN B0 B el 22 X 28 4135 TR s B

Figure 3-1 The process of the HIN-based graph neural network recommendation method

M BB SE B Rl LUE . ASCH SR st 2 A s AL B, A
Wk, KIRIUEIX =M B
AR TAC BT B, ESE WS BIRERIE, ST HERRE, R, T
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H LARAR SR & I BAT — e SRS (e 7o, IR A BSR4 7:1:2 (L
Bkl N ZRse . SR UESR LA 4

FERRRLYIZRET BL, R 2 T Toig A% N &1 DA S e s A% 22 8] 1 3R 6 0 X0 SO
HIR AR, JREI H AR B0 RAH R S 4L

FESEIR VAL BL, BR T 5 B A0 LEAN A Top-N 15300 T I HER M RE, ik
T VARSI P A v SR S R BE T . K EEER I L 20% 40% 60%- 80%
I EL oy BT R, ACRASFRRE IR, M 2 AR R0 b s e 20 R

33 BIEED

AR SR R A T S S S I 2 R SRR, A BERE TS 0 AT P ATUH Y
BEINAE S, BT DAAE G HOEE SR 25 8 1) =5 60 5 M O R VE A5 U2 LR P 22 TR 1 SR Bk
G A, BAREMRE AR ZE S MR . AR A AdE RN A
TooL, I H A R B R AT 70 A

3.3.1 FiEgEMIL

KB T WAEEESE, —NJE Movielens R4, 55— N2 LastFM $E 4.
Hrhr, Movielens B2 1 FH X0 IR PE205 B LR S I AH SR B 15 B LastFM
LR KT B FEFENEIESE, B8 7THPHEEZ R ZRE IR L, L MK
RO A, [FIRT A E T ERFA KBS S A SO A 03X P A Eds 5 7
BU#R WIER 3-1 Fios:

# 3-1 Movielens 1 LastFM #5457 B ik
Table 3-1 Detailed description of datasets

I S e X
User W& H P
LastFM Artist P ERZNEARRK
Tag ZARF R
User MEEH
Movielens Movie MF I L5
Genre HL 5 P Jg S Y

O T SEGE X ot P TR A SRR SRR AT SE AR IR UE , A ST A R R i
FR RBOT P Z R RAR S, 23X BURT DLER A DU AR BURE S8 Ry R ) B BE R
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LR bR, FTRLEME P E R, Bt SR Z WA 1 BRI
BEWS F B Ju AR RN B, R, B METHR, R A T R
R AR -

£ LastPM Eda S rh, IRl MIARaE 2 4R1% SR K AIE & R XU, et
BRIR T e R 58, fE Movielens a5, ARRHEPRBURTENE. BN, &
JHIS5 o ASSOHTAE Y I P A Bt S B AR TG DL i B 4% 3-2 B

2% 3-2 Movielens 1 LastFM $#E £E B0 505 48 it
Table 3-2 Data statistics of datasets

Datasets Relation(A-B) Number(A) Number(B) Number(A-B)

LastFM User-Artist 1,892 17,632 92,834
User-User 1,892 1,892 18,602

Artist-Artist 17,632 17,632 153,399

Artist-Tag 17,632 11,945 184,941

Movielens User-Movie 943 1,682 50,126
User-User 943 943 4,568

Movie-Movie 1,682 1,682 82,798
Movie -Genre 1,682 18 2,891

I 3-2 P XA G P 5 BOAS [RI SR A G DL KO B2 8] A [F) 282 1Y
ED AT T RS

332 HREHESM

fE RPN EESE T, A TR E AR EIdS. PSP 2R
RPAE B DRI MR PEE R, P A0 H ) B A HA s FH P X T H i 4 1)
B, AR R4S S0 AT LU AR ORI L (e i B BRI AE B P e
1o AR A BTN, BT PO BL5E 04— R e S b O P UE AN )
DXTRIR) 0 A I 0, X S R AR S BOD BR Ak 3-3 P :

* 3-3 B R LR UL I

Table 3-3 Data feature extraction steps

I\: user movie.dat, user artist.dat Cff

. LSOO P S I H o

1. FIH pandas.read_csv R0 HUH B SO 50 A AE um. va PIAZ &
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238 BRI IOD 38

2. Sl A va dics um dic
3. WEAT, B d v, R ER I BOE AR N E A T
for line in lines:
line = line.strip(\n").split("\t")
if line[0] in ua_dic:
ua_dic[line[0]]+=1
else:
ua_dic[line[0]]=1
4. %ith va dic,um dic

AT B AN ER S BB S DA WA R A E s E X, R OR
Frid, HTRmERERE, X B RE/R Movielens 235 37 H P A F AR, W
3-2 Flius:

{?186’: 44, ’244’: 107, 298" : 67, "253": 48, '€ : 111, '286": 136, '210": 70, "303": 246, 194’ : 147, '234":
236, '167': 31, "201': 151, '95": 150, "102’: 104, 160" : 55, '301": 121, "290": 79, '157 : 24, '278 : 13,
7. 212, '2847: 24, '276': 269, '246’: 92, '249": 78, '178': 128, '81': 29, '25°: 41, '72': 74, 202" : 62,
Y00’ ¢ 27, S137: 338, 138" : 27, TEO° @ 102, '223%: 54, 2430 44, F2417: 1b, 7254%: 7Y Y127 ¢ 11, 42997 : 138,
'222°: 195, '42’: 99, '162’: 22, '279': 218, ’119’: 82, "62": 113, '13%": 32, "90": 166, '293’: 175, '166": 1
0, 1271 136, “2607 & 27, TLMOY: B3 Y237 19, 12870 99 Fddts g apt: g SR9fog7, Yan0vc BB Y87 i
3, "309": 124, "43': 104, TH{: b4, T2697; 173, 99 o 64, '259": 94, T121°: 39, 49" 118, "I98z 9, 172 :
5, '268": 193, 80’ : 15, '66’: 22, "200°: 94, '213’: 52, "94’: 218, *38": 61, "130°: 184, 256" : 107, ’92’ :
88, ’201 : 42, *181' = 283, 7161%: 29, *128°: 92, 58 : 78, 161°: 159, "91’ : 51, “204’: 78, 36 : 11, “63’:
4, ’14': 46, "83": 87, "102': 21, *307: b6, 297’ : 110, "85 : 154, "5H9': 193, 193" : b4, 275 : &2, 7219 :
T 23 98, Y168 T8y, “3e2t: 9, fizert: a9h. 1feoaa3e, *93’t 75 29671 67, "33008. NI16!n6a, Tiaoe s 30
Y270 o 7o, C1B7Y: 27, 17007 12, 21847 120, 218" : 22, 215 ¢ 43, J104%: B9, 267 87 2240°: 11, 718 : 15
2, 7308 : 198, *191’: 10, "61': 9, 272" : 22, 207 : 106, *203": 25, 197 : 62, '134': 13, 109’ : 115, '5’ : 8
0, 174" 0L, "216] ;. 63, "65° 7 31, 711" 19, “189 ; 78, "214": 66, 22897 : 14, "06 i 26, *1187: 47, P16 0T
5, "70":; B8, T235": 44, "164": 30, "224": 66, "129°: 15, 647 : 101, "4b": 26, "21': 88, 264 : 73, "131": 17,
*230 - 68, °:231": 10. "288': 35, "6 : 95, "79": 26, “*239%: .83, '69 ¢ 42, "22': 72, 7282 : 10, 118 : 42, 717
1% 16, 10° » 88, “107: 14, 7226 : 29, "308' : 18, 280-: 127, -173: 23, ~185": 22, 188" : §Y, "31l' : 164,
7165 : 21, 263" : b7, '274': 33, '295°: 96, '93": 6, 77 : 41, '236’: 62, 156" : 19, 168" : 34, "141': 50, '2
21 81, 1957 44, 7 108: 49,. *37° w29, *113"7 25 72557: 39, "BY 130, Y140y 10, 711t 83, YE0 s 1Y, Y6
8 : 14, ’180°: 3b, '14b': 157, "84%: 38, *17 : 18, ’148": 26, '233': 48 *217": 38, '198: 98, '283': 23, ’
G T84 £ 3L TTEE 43 V3187 1133, 14497 D 22 V06T 3L T8Iz 4, TU9eT: 20; TA90TE 31, T9200F 10, TR
Toi22, "2627 10 2067 33, "I6': 46, 31 : 12%; 7 248" 24, V199 ¢ 20, T122%: 33 U304 : 12, 31529, 72

K 3-2 Movielens #1343 F F LA LS4 &

Figure 3-2 Parts of user-movie in Movielens

o e

(1) LastFM % #z4E
XS LastFM #idls 8 5 2R K B958 B BEAT 70 B, BRI 0 a0 36 3-4
B, MWHRTBUE Y, Wi 50 NSRS RS 48R ELE, At 4/
e, KWW A B H K2 X R, RAEWRADEN B3 il s
AR S, HPOH 8952 BAERE /- B EL T 3
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R 3-4 LastFM $de &b Fl 7 5500 H A2 B8 0 A
Table 3-4 Distribution of the user-project interaction in LastFM

MU ZEAR RS &E H P
[1,20) 32
[20,40) 18
[40,50) 13

50 1829
sean 1892

(2) Movielens % f& 4
I XHZEIEE A P M A IC S R AT o b, BRI A s R K
FToR:

[1,300  [30,600 [60.900 [90. 1200 [120, 1500 [150, 1300 [130, 410}
SrEFPUEREHE

K 3-3 Movielens £ 42 Hh H P WS 80 40 AT

Figure 3-3 Distribution of the user-movie interaction in Movielens

H1& 3-3 TRLE ), WA HEEELE 30 LT SR LE, BEWE
HUCECR G, FP B RSO SR e, X U W P TE 32 AT 9 g )
PR ZH  H R BINE B S R R R A A S AL K

I At S 0 7 I H 22 AT N EAEREAT S0, WT LA HY LastFM %4
SRR P 2 I 3T H B RS R B P S A B A AR
{E5& Movielens #iE ok 2 B0 A2 B (10 H SO 2 R/ 1, X sl S s B
A S B AT BE AR o 3 I R X R LA AN R B R ) Bt SR AE A A |
BEAT SRR, AT DASE S M AR ) A E T
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3.3.3 HIETALIE

R T N B R SE R SRS, AEIR N BB 2 {7 20 R G A iR AT — LAk
o AR AL B 3 A R R i AR . AR R R R, BRI IR, BE.
HRre SEY RSO

(1) HEEAREFE R . SRR I E i 22 B A S BBl 4% ST A B, 8 2 7 24T
X R M AR B . DL Movielens 44 0], HLTHIE S T user movies
movie movie. user user UL & movie genre IXAESCAE, SCAF B & A 2RALL user.
movie IX A I R I HAE U 1D TR I, 778 )5 S0 A B A% 1D H i 2
T o 181 pandas (AR BRECZDOX L1, AT LA BRI, 1A T user,
movie PL K& genre IX JLFIX B, I8 b EFdh 5 1Y 1D IS BIREFON R HE
Py R SRR PR G D IR AN 3R 3-5 P, e B4R i =M G 2 M4 0
FERE, PR — AN SO P B AR P M, PSP A AL
Bidsk, HE G IZAKR I N R FEAR R 2 VR, b AR I A oS S
TR AT 2 = S AR P

R 3-5 MEAREIERERZ LD IR

% 3-5 Core steps for constructing adjacency matrix

#iA: user movie.dat. user user.dat. movie genre.dat 3 fF

e ABHEHRE adiM

1. F] FH pandas.read_csv BRI % 352 HU ST A N 45 FF 73 7 47 I £E user_movie . user_user .
movie genre A% & {1
2. MR R4 0 FHRE
dim = num_user + num_movie + num_genre
adjM = np.zeros((dim,dim), dtype = int)
3. PR 1 PRI = AN AR, 0 R B B B (R P VI ) user_movie)
for ,row in user_movie.iterrows():
uid = row['userID'] - 1
mid = num_user + row['movielD'] - 1
adjM[uid, mid] = max(1, row['rating'])
adjM[mid, uid] = max(1, row['rating'])

return adjM

(2) ApTeBA RN . T R ST IR P T LRE X G i) (1 SR A5 12 B
AR FoR, WaE XAE KT eiEA, {2 E o e MG R,
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Et 41 user_artist list 37 BTA H 7 A2 B i 00 H 40K 08 . AN 48 2 IV e i
A5 B UL AR I R P

# 3-6 AT BT SR
Table 3-6 Description of meta-path in MAGNN-Rec

K HEAT A KIRK F
U-U B E AR P 0t
U-A-U Wi [F]— AN AR K R
LastFM U-A-T-A-U W A7 A [l — MRS A 2R KT
A-U-A B[R —> P W i 0 3
A-T-A A [ — P bR 25 R T %S
A-U-U-A I3 AP A B BF AR AL W s T X
U-U U e AR P 0)
U-M-U AL [E A E I H 0
Movielens U-M-G-M-U T ek [A]— A S 2R 1 79 50 LS 1 FH )
M-U-M B[R —S P i I x
M-G-M & T IR — R SR AL R T H %S
M-U-U-M I3 R PR A 2 B AU 7 e i I H 6

T TR E LS 7 IH MR EREE LS, JFHICH P IR ER
A EHER, XFFMER SR AN S TP MIH M ERZ IR, BT
PP BOAEAZAE BT RIAR S IR PEAE S, DTl A 7 i B B2 Bt 5 224 R SR SRR

=
Eu;»o

% 3-6 AJLUE H, ASCET AN EIRE R TSR T A, X
PRz vt 7 3nT DAFS BUBRAT TR B A EAZ AR IE A A R R I 5% LA Movielens
R, BESE T EAAINA U-M-U KIci & me, AR P IRE—ANTEA 738
B, WEREMERADH S SRE S — SRR AR, R ZEEE AR T
HEMFH FARLE o G058 3-7 B, (6L bRgd b3 R v, 38 %o & 42 PR ik A T Ak 3
33 [ user_movie_list IXFEHIEH LR, EHRBFFE U-M-U BATE BTG 24,
JeE X u m u WA, SRJE3 )T user movie list HEEUER [F]—4™ movie A FEELIY
user XJ, ¥l [user,movie,user] JE XIS MBI T u_m u £l Y. @ ILIXFE
7 VAR AN [ e B R B0 mUF 8, Dl—@ PR R SR, 58 EE 121
R
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R 3-7 TR R LD IR

Table 3-7 The core steps of generating meta-path representation

N AREEHEFE adjM
fith: FHP S TUH XS GRS SO, AR PR SO

1. 3 P AR FEH RS adjM 15 2AS [ SR8 1 7 ML R (R 1 9 25 B user_movie list)
for i in range(num_user)
t=adjM[i,num_user:num_user+num_movie].nonzero()[0]
user_movie_list = {i:t}
2. & X RIANAFE G A NS S, 7 A R A RN R eI AR 5 CR BN
AR u m w
umu=/[]
for m, u_list in movie user_list.items():
u m_u.extend([(ul, m, u2) for ul in u_list for u2 inu_list])
u_m_u=np.array(u_m_u)
u_m_u[:, 1] +=num_user
sorted_index = sorted(list(range(len(u_m_u))), key=lambda i : u_m_u[i, [0, 2, 1]].tolist())
u m u=u_m ufsorted index]
3.0 MR T T AR RN R BN
metapath_indices_mapping = {(0, 1, 0): u_a u,
0,1,2,1,0):u a t a u,
(0,0):u_u,
(1,0, 1):a u_a,
(1,2,1):a t a,
(1,0,0,1):a u u a}
4. B ICER AR EE S N U 1% pikle. JGEE AR adjlist SCHF, ARIEHEFES N adjM.npz SCIF

id=00

[[ 0 944 0]
[ 0 946 0]
. 0 948 0]
[ 942 1168 0]
[ 942 1170 0]
[ 942 1181 011

Kl 3-4 U-M-U JEf2 L6130
Figure 3-4 Meta-path instances in U-M-U
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W 3-4 Fios, A% g5 0 KPR, B IR 2 1% R T
AT U-M-U 5 HART 507 A2 R BRI T T 842 SE0) R

(3) RrIZe. Bk, MiXEE. YImEdEh Caa s 7 H P HAE Bidsx,
R RERBIRARLEEMAPBEY .. HTAFHECEH . DH S5
1795, XHESEHH pandas A 5% B L RO IR EAE RAFAE AR T, AR5 18
P )2 3 D PR I i B AR RE 1S 20 A B B P B E X . K R G E s i
PR P2 B I H B AR I R B, X AR positive 15 R, WA I A Bl
3 H B AE S m s, 1X BLE1F negative 5 gt o 78 WAt B i A P 3 E B
7:1:2 W LCBIREAT R 73, e Ao . Bk LU, AR NSRS TR R e
HAK UL C(user-item) X RS THUIEE 3-8 Fios:

* 3-8 BRI S
Table 3-8 Details of data set division

type train validation test total
LastFM positive 6,4984 9283 1,8567 9,2834
negative 2335,1822 333,5974 667,1948 3335,9744
Movielens positive 3,5136 4587 1,0403 5,0126
negative 107,5253 15,3600 30,7147 153,6000
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Ho RREEHE. ZEEFEXRE=ATTHAEE, HA BiH M KL UL
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Figure4-1 Schematic diagram of meta path instance coding in MCRec
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Figure 4-2 Process of aggregating different meta-path instances in MCRec
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Figure 4-3 The overall structure of MAGNN-Rec
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R, FERMESIRAES LSS
FESXTF PRI 5 A AT A SRR, B R SE D ARG 4 R R TR -

F4-1 W AE R ERMELFE

Table 4-1 Node vector representation process

Hn: REEG=(V,E).
e

LR P ={P,P,...P,}.
VI RURFIE {x,, Vi e V],
ERIREK,
JFH L
Bt : HE AT AR {2, Vi e V)

1. fornodetype A A do

2. VBRI ox, > B Vi€,
3. end

4. for [=1...Ldo

5. fornodetype A€ A do

6. for meta-path P e P, do
7. for ie)), do
8. hoiyy = Fo (PG ) = folh b e € dm 70 LY
K 1
9. Io(X oloydeh ) =[]
10. end
11. end
i .
2. > BB = [h ] vie,
13.  end

14, K=o {nT)VieV,vie A
15. end

16. hf —>z,VieV

N 4-1 o, FEBEAT AT FAE SR I REIS B ST AN m AL A R R AR S
BIFE AR, RS, 73R AT B A R AT R R, &
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AR, G AR TR BRSBTS B A, BT B A G
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SRS B BERITEEAAR P, IX LK BR 1 5 AR R 1T B ST
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RS TR A — AN AR B, A AN AR, AR @-3)F

7N

Ty = So (PG ) = Sy, b (B, € {m” (4-3)
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ST AR SRR S AT R0 OB ) o 8 B 0 50 VAR
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Figure 4-4 Internal information aggregation of meta-path instances
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Figure 4-5 Schematic diagram of different meta-path instances fusion
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Figure 4-6 Information fusion of different meta-paths
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ep =qles, (4-12)
B, =4u°sy, (4-13)

hi=2 . Beeh! (4-14)
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Xt A SRR SR 7, A8 2T R ) R BON Y S A R e SR 1A R AT
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SEIE B AR A F AR BTN IR .

413 FREENIZ

W ERESRE, ATCEE P MIE BRAE, iy M, R
MHeFe % RN E-15)HR:
= (4-15)
XEARIH S RIFA LR R BRIy, w2 — A L HRRAE
JEAPEACHE P 511
HAEted, AL EELEERIHE, B EAE RS 2E A R Hid
SKITUHE, 5 P or R A IE [ S H RS o) s st H - 3 BB RER Y fee KAk
B AR B RS HL, itk B br e Hin s(4-16) Firoi -
= 5= =) (4-16)
Hep, M SRR B SR A R I 1A S SR A R S A H 4 T HE
L RRINE L E A EE KBS EOE 5, DO BT H loss 16, A
B B MEZARRER I S AL

4.2 THEIEFR

£ Top-N JIRIMERAAE S sl , AR H 2 U A P OSBRI I H , A 7E A

41



Bt iil N i w4 A0S T HIN BB 28 1 o HERE SR

25 B HERE 71 2R A B ek 22 FH P S Xk I H I, Dl B AR R R ek i, LRl b
BAERXIH FIARE 5 n) @, — MK Precision. Recall. NDCG %54 N5
br, ENHIXEEPELFR PR T NIRERE RS, BRI T

TRIZEH)
1 0
B 1 True Positive False Negative
% (TP) (FN)
= 0 False Positive True Negative
1 (FP) (TN)

K 4-7 JREEIE

Figure 4-7 Confusion matrix
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1.

Precision = (4-17)

Precision, = (4-18)

(2) Recall
H R R R IRIE T H RN IEREAR A, HERRTIII B E B & i LE =,
HArH =T

P
TP+ FN

Recall = (4-19)
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BRI H LS E, A HR4-20)#E:
‘Iu N1,

Recall =

(4-20)

(3) NDCG
NDCG (Normalized Discounted Cumulative Gain) F/xIH—4b3r40 B it 25,
o] UL sk = HER LS . Hd CG (Cumulative Gain) Fox Bits, XoaHT
gE Brp s N A B S A, R R TR
CG,=Y" rel, (4-21)

Hrr,  FOREIMIE ERRME, p RORFIRKE . RE AR 3.
2. 1.3, 2, MCG=3+2+1+3+2=11, XFh7 %A &N SHE AL
BRR, TESEBRIE O LA B 0 H = FIHEE AT T, B DU A B i A B 4
—F, Xt AITHE (DCG) MIEME, HHEEREINR4-22)fR:

rel,

DCG, =rel, + Zp (4-22)

=log, i

FHg & R BT —F, et B o5 T, FRE2 _BadHE )
F, IR E 5 DCG=3+2+063+15+0.86 = 7.99. NDCG 21— 547
B, HE R AR

DCG
NDCG, = P (4-23)
’ " IDCG,
Hr, FKN ideal DCG, ENHEARM) DCG, _Eidf]7iH AR HER 45 BN Z A2 3.

3.2.2. 1, 824 DCG W it5, 5% IDCG=3+3+1.26+ 1+ 0.43 =8.69,
SR IG LA LA %) NCDG = 7.99-8.69 = 0.91.,
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FEARSC S g, MOCSLIR IR B0 N TR

YiFEiE S : Python 3.5

M ZEHESL: Pytorch 1.2.0

KT E: DGL0.3.1
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B2 5 E: numpy, pandas, pickle, scipy, argparse .
FHESHEINE 4-2 Fs:

* 42 TESHWE
Table4-2 Main parameter settings

SRR Z2HUA
num_ntype 3
dropout_rate 0.5
learn_rate 0.005
num_heads 8
attn-vec-dim 128
etypes_lists [[[O, 11, [0, 2, 3, 1], [None]],
(121257 [[1,0],[2, 3], [1, None, 0]]]
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ARSI HILE Movielens Al LastFM $ifiE 68 EREAT 15056,  SCIR 45 RN F PR

= 4-3 fHI< TAETE Movielens | 1K) S256 % L
Table 4-3 Performance of MAGNN-Rec and baseline on Movielens

Metrics MCRec MAGNN-Recat MAGNN-Recoq MAGNN-Rec
Precision  Top@10 0.3443 0.3861 0.4098 0.4142
Top@?20 0.3425 0.3938 0.3943 0.3950
Recall Top@10 0.2224 0.2473 0.2658 0.2695
Top@?20 0.2769 0.3097 0.3128 0.3136
NDCG Top@10 0.6932 0.7795 0.7913 0.7920
Top@?20 0.6773 0.7605 0.7617 0.7624

X 4-4 MR TAEFE LastFM S8 it b
Table 4-4 Performance of MAGNN-Rec and baseline on LastFM

Metrics (Top@10) MCRec MAGNN-Recat MAGNN-Rece MAGNN-Rec
Precision 0.4807 0.5078 0.5193 0.5264
Recall 0.5068 0.5206 0.5324 0.5377
NDCG 0.8526 0.8779 0.8801 0.8837
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Table 4-5 Partial information utilization comparative experiment

Metrics (Top@10) MCRec MCRecarn MAGNN-Rec
Precision 0.2974 0.3443 0.3716
Recall 0.2004 0.2224 0.2536
NDCG 0.6415 0.6932 0.7687
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