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Abstract

With the explosive growth of digital content, traditional recommendation models face challenges such
as data sparsity, cold start issues, and complex user interest modeling. Although traditional matrix fac-
torization methods can enhance preference capture through implicit feedback, they struggle to mine
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high-order associations. On the other hand, conventional graph neural networks can model global re-
lationships, but they suffer from bottlenecks such as high computational complexity and oversmooth-
ing. To address these issues, this study proposes an innovative dual-branch hybrid recommendation
model, which deeply integrates an improved collaborative filtering model (T-SVD++) with a heteroge-
neous graph attention network (HGAT). In terms of model architecture, this study constructs a hetero-
geneous graph by integrating user behavior, movie attributes, and social relationships. The T-SVD++
branch is dedicated to learning the latent factors of users and movies, accurately capturing explicit and
implicit local interaction preferences. The HGAT branch utilizes a highly flexible attention mechanism
to aggregate neighborhood information and deeply explore high-order associations and dynamic user
interests within the graph structure. Subsequently, the deep features extracted by the two branches
are dynamically weighted and fused to generate recommendation results. Experiments on the Mov-
ieLens dataset show that the hybrid model based on T-SVD++ and HGAT significantly outperforms the
baseline method in terms of precision, recall, F1 score, and RMSE, especially demonstrating strong ro-
bustness and significantly improved recall in cold-start scenarios. This study verifies the excellent ef-
fectiveness of this innovative architecture in recommendation systems, provides a new solution for
movie recommendation practice, and will further expand its application in real-time recommendation
and multimodal data in the future.
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1. 5|

B A5 EL I 5 A RV A R e A 7 N S R I G K, F P IR TG 36 1 B AR 1048 B 4Pk ik .
] NI B 5 PR HEAZ IR R S N NP ES . OO R AR R A% O A R . HERE RS RO X —Hk
SR SBEEE AR, BEMSURFEFINT F P LG D7 S8 VEOMAT MRV AT REAE, 32 B4 I% ] GBS RN P 2
NI 2 5 R PSS 557 B RGPk

TEF A SIS, HEFE RGBS . ML G0/ P[] id 8 (Collaborative Filtering, CF) Rl . i 5
RROMH 2 N[ 281, 154 CF HiEAF R E IR Flan, 31 b E L€ (User-based CF){E
TR %o 71 L P B A PR B R I = 7, T 330 H 1) W )3 91 (1tem-based CIF) WU DA BSUEE Al H2 7 i 47 1) 30
B, THEKR, HERESIBARNIBIE, UL SVD++ AR IR R T 5% % 0E . SVD++ELSE
RS il (MF) ) 358 B I500 5IN T BRI Y 53547 4), (3R VPMEAE Bt i EaE S 5w
UFTRIN . SRTM, HHLE) SVD++IEAUR 2 8 Tk Z L M40, KSR ME LLR N ZI i 52 2% 0 s B FH P - T H &2
HORFR, JUHAE RN IR 174 8 Bl ol I, AR RO A A AR 3

Sk ER, B4 M4 (Graph Neural Networks, GNN)FE A HAE AL 38 8 2% ¢ 2 A0 &I 25 F 8 b A 53
R, B ONHEIE R G SIRAI AT, @ R R 2R RGO E S H, GNN B
A RO SR 3B R 5 A Wl A xC 2] o (H 2, 5 HL I P 220 I 28 T TR 2 22 28790 sl (L P L RS
JEVE) IS AT ey, AR ME LA FE 43 X o0 AN [RI R B () B B, HL B — A2 M DA 56 55 P17 4 J=) i B O
5 R ERE R AT 22 R3]

Nk, AHIE TS B Y — P AR R AR, O TE TN SO RV A T SR (T-SVD++) 5
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S B R S (HGAT) AT IR BE Rl o 1228 B AEMIIRIT AR S iR RBRTE: M T-SVD++ Bk
M2 0 S 2RI A B R A R S T > [RIHKFE HGAT S8 RIFE R AL, e H B S5t s
REZW N AEEE . AT FANAESRTHER R 5504 8 sh & He vk IS 1 02 8, oY
HERE R GRS O 1 BB RIHOR B AR, X FLAt U A HE 7 SR R oA R 225 5 N

2. XI1E

W2 RGANE NS ORI, fE TR HLE S IR A SRR, TERFR%. B
SRS R S B T o A O IR AR S B R . BRI SR A B AN B s T P AT N
HOHE (aix B W SECSR) M P AR, kT s SR TN R e i, e A AR . P RS
TERAR I HE bR B HEFE R GUE BN T 07 ) o A ARBEE I E =AW B W1 LAY R SE (P
PRI = AN T 1) s Web2.0 B AR I 0 B 2 R S5 R R B FHEFERE FE, U Ehidh . Netflix 254
MR ;24 5 W HE N 2 BEAS il 5 Zh A LA B

HHERGMRELTEI =S SEEHIREEE, B OR, BBRE24EEEME
SEARF PSR SR HEDE RGN SAS MR SRR OCIERRAL R Y. R A PSR 2 UUE 4]
VE B R E B 5 8, 2 RGN S AT W Be T S, TER AR D 5L 4 7R SR X K
IR, AW R R b R B A T

e EVEAE A R G I, RN T BRI S AN F P 75 R IR N ER A . bR i S RA £
Paul Resnick 1 John S £ 1990 KIS, @ /AT P AT . G M E s it mis, 1 1
HSHERE RAMHATC. X — T A P RPN AR, FEMA TR IS B OO R s .

HEN 21 4D, HEEHERE RGUWSR T 5 RE o i ALZ B8 [ 558 R R . 2006 4, Simon Funk 2 H &
FAEAR(SVD)FARTE Netflix PrikFerh R H (6, IR P52 KBS B, 808 R
TP R AR RIS, B[R 7R o b P P RRAE, G g SRR Ay, HE— DR T
TEHIRE RS . 2010 4, Steffen Rendle $:2 H 8 X7~ 3 A ATL(FIMI) 7E Ak 241 e 4 A0 s B0His 07 TR It £, R3]
FERIBER - RV R, A RO SRR IR P RRIEAE B,k — P4 T T 4 I HER 1 .

REES SIBOR B, JLHEE 2015 452, NHEHMERE RGUHR TR CER. A%, B
I 26 (CNIN) R FR 28 0 266 (RNIN) &5 7575, R L RE IS Ab FRALHE SCA . MG RN A 5 7E N I B 2 5508, v
SRR R T R 2 U FR AR A AN AL ARG [5]. 402 RNN AT LSTM 78 AbF 3 15 1] 155 41 (14
17N, RS S A7 B AR FH P BE IS T R I T o R4k, EVER JILEI A Transformer 22K 51 N, DA
Ja b 2 SN, NS HERE R AR T R R T [6]. XL RS RG AN BEE AL HEER A I
g, RGN AT BRSO I AERA AN S R R R . R, e AIEALER K E T AL
(0 R P Bl T SR IR, Gn FH P I D s, DTS HE AR 2R 40 B I se AL AN PR

IRA MR Z BESRGHEAR DGR, S0z TR RANIRE. REHEERESS T 2 i
FAR, Wb FEE SR N 2R RE, DR A I HER R S5 R (7). SR AHERENFIH T HREN 2
FRECHE BT, WD SCARFIRE B8, 8 PR B 2 S HOR W E v E R ML AN Transformer 4244, Xt s
P AT BB AT A BR8] XL VEAMU I 58 T HERE R GIRGAERE, R3-SR, A9
FEH AR BEAL .

3. {HBGEZ
3.1. |EIRAHEIR
R RGHH M AT, s U 305 A N BRIAES V 308, TR
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ueU , gD AT i sR, A U T T RE ORI Hofh s B, O HLAE R — AR EDN KRR
FK.

3.2. AR KIESR

AR LSS SVD++F1 1) B HH 2 25 (HGN) I R GAEZE(TSVD++-HGN) U 4] 1 iR . %AE
BB TR R A ORI R R s, DA R B R SR AR SR O R SR THETE RS Re AN PEAL
B, N TP AN R, SIARREGE, Bk, NH P MEERES AT RG]
N ] [, e I T AR A 30, T B A T @ A P 4 SR T . ARG i R PR e 4 R 4%
(HGN)TER 1 44 B B IEATHRFES: 2], HGN @il £ E KB UM 4 (GCN)IEAT (5 BAL B AR IER &,
PRI BLR T M2 AIOC R,  Rels B AF s 4 A P (0 SR i, o5 W 2 T I TRV R TSVDA++F1 574
Pl 22 I 6% 22 2] B R AE R s AH 25 6 15 210 P I T E 3 ARSI AP (0 T30 0% 20 HE P A2 BRAEFE 51 36

ZRESHUE (Integrated
Data)
AFREFS / e /
EHEEE

BRI B4HE

RE: AP -M&RREER MEE: BRAFMELEN

T-SVD++: G ERIBEF HGAT: ZXBEERARE

BRI FAHER R EREMHERT

NE a NE 1-a

WS NERER
(Gated Fusion)

BERIRAERT

(Joint Representation)

FRMAER S T4
(Prediction &amp;
Evaluation)

Figure 1. Overall framework design diagram of the model
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3.3. ET A SVD++IEHR(T-SVD++)

AR M T-SVD++RAEIRIE SVD++IEA E3™ R A o AN HER A, 3 o 51 NI (8] S SRl i Al
NAMMEI WP AN SR GRS . A A REARRE SR I 1] 2 o

L BEFID (u) & EEE; (t) PR

1,

2 1D (i) ul MRIEE (b)

pe

REX: FFREEE (Pu) TTE: [EIRE (e”-BAt) RE: ¥SmEREE (Qi) iHE: RENE (bi)

MRFIERT

MSARITE
Pu(t) - Qi + Bias

@ REFUUTESD (r_ui)

Figure 2. Temporal perception recommendation model

2. B P RNEFF IR

Fr#E SVD++ T2 22 30ln (1) R -

f\ui :/u+bu+bi+qiT pu+

ZjeN(u)yj} (1)

1
IN(u)
Horb y RARIPS, by, b ZHAPREREESRE, o 0 p, 2080 X &, y, 2
B 2SIl (KRR RE B, N (u) A2 P IR 2R A Ao AR GE10 SVD++I 3 FURFAE p, A1
FRAE o S FEAS I, T T-SVD+E Hg™ I IRl Sh A &, Hovb F P A0 sh 4R n R (2) . :RB)Fow:

p, (t)=p, +Ap, -a(t) )

q (t) =(, +Aq ﬁ(t) 3

Horft Ap, AR B I RS (R B . o () = @) Iyt 5 vk b Ay NEEREE,  ty N FEAERT

[/, p(t)=e ", A VIERFAE IR o T-SVD++3E T HI P B3 AT (1 R M B I (] 8, B 5ttt

y, SIS TIRLE, F AR u(t) « FPO R iR B0, (t) b (t) BIBEE R AR L, ) A

FO R § R AT A (ALK . y(tj):m, A, FEHIIEROE AL . T R, il e I -
y j
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yi(t)=y;-7(t) (4)
y(t):y+Ay~Sin($) 5)
b, (t)=b, +Ab,-a(t) (6)
b, (t)=by +4b - A(t) ()

AL T-SVD++ R I 45 B2 SR DL 1 SIS IR I 2, P 1 SRR AT O S RE Sy, T
DA 358 L 365 82 AN [ 3 s (A DR 25 T DU S0 4 = 0.1, FSHERR 212 50 4 = 0.01) o FEARAD i it i
#% time_decay Z AR MR ML RO TEROE L, JF H AT DUR S Bt R PRk £ AN R 2 gl e 85, b an e 393 i
EE IR, KL E A 2. I R BOE Rl 3 RS RE, TR R, o e
PRSI F P B BCSEAT s F FLIEIE A AT DAE LA 1P 2 50 0 I T & I 1], 24 2 = 0.01 1, t, ~ 69
Ko BA=010, t,~6.9 K. ER KT IBUREE AT REAS AL, R A% 2k S ol S n ] B L, 3
HRIRLF, E2 R Re I UBCE, BT, SO A R A A R, & S RN E R
N[5 FRY R ) S AL X L S T MR I 2k dn e 1 &) 3 BT

Table 1. Comparison of time attenuation mechanisms
= 1. FEZRALHIXTEE

b3 Bt AN &M 55 AL i 2
B I a(t)=e™ R 4 (B . R AILA) PRIEN B A A
LML B(t)=1-at KIMmbr (FRE . To4E) IERSFL
JE 3555 y(t) =€ (sinot+p) Z 4P R (1 H 7 ) | B
Comparison of Decay Curves
1.0 4 —— Exponential Decay
—— Linear Decay
——— Periodic Decay
0.8
& 061
§ 0.4
0.2
0.0
0 2 4 6 8 10
Time

Figure 3. Attenuation curves of different functions
[ 3. TREIR BRI L

K HLP A 1) 2 25 i BT DL K 51N I TR A B F) e oS i R & B b S+ T LA 3 T-
SVD++{15e BT 22 3
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) : 1
L (t):ﬂ(t)+bu (t)+bi (t)+qi (t)(pu (t)+mzjeN(U)yi (t) (®)
AATFEH) T-SVD+HEAIHIT AL SVD++ LAY b 51 T G [RS8 50 0k ok 23
ATREER P DAL, B GRIEMES HER YRR FI I, SR T 7 HEFE RCR BN Rk, Rp&E A T
2 P B R R ) HEE 2 5

3.4. RIIEMHEMEIER

A 538 (R A 7 0% 32 OB T W (R 0o SRR B A R EOR IR ST VA — e R B RERE S22 FH P 1) O
UF R S (R o SR, Bl B AR AR W R P 75 SR 1 H 28R 4, S 5 Yk 11 R B 1 S 7 S 0
B 22 I 26 (GNNS)E A —FIoE X IR 22 21 ik, Rt A s i B A (W R S5 i Bt . TR R AT,
F PR b 22 TR 0% 2 T DL B AR R R N I, Fort P A 2 B e s i, S EAT ARl R
LML REWETT R IME L, RSHRAE RGP - MR BN, AR THERE R . 5
T4 B #0122 X 4% (Heterogeneous Graph Neural Network, HGNN) 2 — i £ % b B 5 ¥4 [ 1) B4 22 (X 4% . 5 ]
FEIRTFE, SR B A s A el LA R R 2R . HGNN @t B AR M RRE R A, REfs o i b4
ANRIZE AL T 5 R 22 TR 9K &R

w4 pos, fEERZ ML, R AT LR R B RS AL B P S TR A8 BAT )

‘ P ul ‘ AP u ‘ AF u3 \>..<FHF'un I
& i1 Y& i2 W i3 & im

Figure 4. User item interaction diagram
E 4 APmZEE

i 3 P 4 (GAT)IE H i AL, R S ML R a1 EG=(V,E), HhvV
RTEMES, E RUMES. TEMTSY eV, HIFELR NN . GAT Ml iF 5 M2 AT
JIRE, BEWEWARGELS, ER R ARIERR . RSB R TS A sURY w1 Rk 508 2~ 2

T
exp( LeakyReLU (Wh."Wh.
ai J — p( ky ( 1 J)) (9)
| ZkeN(i)eXp(LeakyReLU (WhiTth ))
=0 (00 ) 10
Hor, N2 A 0 AR RS, W RIS HGER, LeakyRelLU 2ARZi iR Mt o 23k
ksl ey E e

NT RSB RIERE S, BINT MR EZ R HLE], B2 R TR A R R R
FHAEBEATRE S, 22 SkiE R IHURI THIEA FZ R IER &, LT

P=W,F+b, (11)

MultiHead (Q, K,V ) = Concat (Head, -+, Head, )W, (12)
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Horp, FREBIARHERRE, W F b, Al S HOE AR E . Q, K, V 77l & if . BEAME AR,
Head; /& 58 i MER SR IOHHE, Wo 2% AR S . AEREAT VR0 TN IR Be vt 1 — /MR 33k o BREESr
2 AN EIERE RN, TR B0 2 8] IR R AT

b = o (Weor (Waor (Wi, +b;) +b, ) +b ) (13)

Horbr, hy R u A | A RER R, Wi, Wa, Wa 2R3 MSHUGERE, by, by, bs M &,
o & ARLR LB PR A

AT HE 3 T A BV R 0 I 2 (HGAT) RO HETAAR Y, 38 1ok PRI 45 ) a4 ST 7 A it 2 T T 1
K. REMP YR ERLER, SRITHER AR .

35, SIEFHHER SRR

TEZBEWERG T, FHAERA T H AR 28 6k A FEIR IR E S B P78 EAME R

AT R A AR THGAT &5 1IN RV AFE B 73 i (T-SVD++) 5 S 44 V3 & 1 2% (HGAT), il
Tt B [E)JER T SV D+ ARELA HE 7 A b R P B0 A o T8I A BRI A AR S P - R
FAZ E B GEHFRIE . AR S FHER A, ZhASRA HREHIE, A i & Tl .

A ) il A B HOCR H shAS T T4 Rl G SR, i i B IE N BLEE P 55 4 B AR 2 X 25 (HG AT) R[] 2% 10
SVD++ (T-SVD++) 5Tk, ReWHRHE P AT A4 PE Sh A TR P S RRE ALE, AT 3 ARG AN [F] 3 5%
Y 1

FIAPCE R E AW

g =0 (W, [ 1o ] +1,) (14)

Peysion = 9 O Néar +(1_ g)Q héo (15)

o, o J Sigmoid BiEERAL FdiaE (0,1), REFHESHERRIE, W, eR®, b eREIESH, ©

KB TR AL . O T IN FFBUBH P (s ag 1), [T14%E g i 0, BEAKHS: T-SVD++RHIE, 14T 254
P (A R HRaR), 119 MH g i 1, BEAKH HGAT H#1E.

ARTHEH I T 20 A TR A SRS ) 2 SRR A, @i B S A SR A A AR 7T,
LINIIE AR H R N Eib7/B et b VA

4. 2%
4.1 BIBERSHNRE

AT AEEAF 7 5P AT S HER B SOEFERAYE, AR OSCERBET 4 DA SRR A ISR S 5L
WA RLE , 4372 Movielens-100K £#E £E « Netflex 3£ 2 %5 4E . Anime Recommendations £ #z4E, TVshows
HIREE Bk 2 .

Table 2. Dataset information

T2 BMERER

4 Movielens-100K Netflex Anime Recommendations TVshows
H 4 610 10,093 5529 6745
T H % 9724 12,294 15,071 11,956

L HidS 100,838 100,000 100,000 100,000
A EA [1, 5] [1,10] [1,10] [1, 10]
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4.2. FNIERR
ARSCAEF T HEAE RGP W PP SR AR AT VR, 43 Sl A B 26 (Precision, P). 4 7% (Recall, R). F1
B (F1 Score). AN ROC HH £k Hi# (Area Under Curve, AUC), & IEMH R A i (16)~(19) Fros:

Y RU)NT (u))
p = &ud 16
ZUEU R(u)| ( )

3 U|R(u)ﬂT(u)|
R= ue 17
>0 7

2PR
=2 (18)
1 Npos X Nneg (& o &

AUC:mzm 2 (yi > yj) (19)

Horfr Ruy24 P u R E 424, KB Ny T(u) 2R P u AR ORI N RN 535
IERAMGREARE .y, My, 2R IEREA AR TG . 2y, >y, M, B8 1 B, HH
0.

4.3. FFLESELE

N T BGUE THGAT MR e, ASOH S — S ek (R AR A AT LU, DAL R TF 06 L 52

1) UserCF (%=1 H F B #p [F] 1 )

UserCF /& 2 JiLp [R5 . I8 AR SZAHALLRE B R JR I8 R 00T S 7 (Al aF ARABA I, A H A 7 4
AEAHALF P B Al 2 52 v P AR A ELAD) i o

2) ItemCF (= T4 ity (1) Yy [7] 3 8

ItemCF 24 5 S P R BB o« 56 T4 it SR BT B4 AE AR BL P A 0 i SR B X 4, Sy )
1755 H 7 52w e 2 ot R A FEE v R 420 i

3) SVD-++ (3458 A5 S AH 43 i)

SVD++ 25 MR il BRI SO AR AR« 76 SVD it 1 51 N B (il Wi« WAGR), 38k Bt e =C A
[ B 5 P O o AR

4) Wide&Deep (5 5 5 7R BEIK G AR )

Wide&Deep & fili & 25 M IR G AR I o I5CE I 20 B0 M (2R PERE B AZRRE 40 A) SR TN (DNN.- 4290
FHEmM R, FEdiZ 5z

5) DeepFM (V% X143 fi#HL)

DeepFM 2 RFAEAS B IG5 AR AL o Kt KT R HL(FM) -5 18 B A1 28 X 2% (DNIN) AT B2 i, TR PR A E 1)
IR & 2052 X v e ORIk

6) GraphSAGE (KX FE 5 R4

GraphSAGE 2 A4 2+ 22 I 25 HE 42 . 3 ik 40 J SR (Sampling) A1 ER & 6 £l (Aggregation) 31 245 AE i T
MR, SCRER S B 25 IR .

7) GIN (FE [ 44 £%)

GIN & B g5 ik Jp A A . sl i ] B 2 S 4 2 2R AHL(MLP) B AL SR B, T8t
& [ 114 40 7] e

M
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8) AGCN (H 1& . [E] 5 FH I £%)

AGCN J& 27 [ 41 25 SRR . i w27 57 B AR B0 B A B sl = 0L, O S TR it I i
B 5 05 AL R

9) ARMA (H 8l H# 31 °F- 35 K A5 A1

ARMA J& KA ISR 5. R B AR 3 73 B 4 B AR St 5 A1, B oot (1 251 oz
PR R R AR

10) TGA (I /5 EIVE = 1/ 2%)

TGA I B PE 4% T R . 454 15 18] 4 i (Time Encoding) 5 £ SkiE & /1 HL ] (Multi-head Attention),
Bl S A5 A A s A AR

11) GraphConv (FE7iti F &R 1)

GraphConv 2 I 28 0 24 FE il 20 - o 38 3 DA 58 A 41 J= 15 s REIE (Neighbor Aggregation) 5 3E 45 14 45 46
AR RN, SCHEE B ] .

12) THAT (I Fr 574 BT T A1 2%)

THGAT & 5 B AR SR . 15 22 2R AT 00 F S B, Rl i 3 7 7 (Temporal At-
tention) 5 5 J5i 5% & 4w i (Heterogeneous Encoding) Sl 5h 2 F 4915 Bl & .

LG AR 3, 5 FaR:

Table 3. Results of different models on four datasets

3. TRIEREAN N HIEE LHER

it MovieLens Netflex
AN FEAR Precision Recall F Auc Precision Recall F Auc

UserCF 0.8462 0.7423 0.7911 0.8304 0.7231 0.6312 0.6733 0.7524
ItemCF 0.8214 0.7235 0.7692 0.8132 0.7531 0.6723 0.7102 0.7814
SVD++ 0.8123 0.7115 0.7583 0.8361 0.7652 0.7021 0.7314 0.8135
WideDeep 0.8512 0.7553 0.7995 0.8452 0.7863 0.7274 0.7532 0.8235
DeepFM 0.8332 0.7673 0.7989 0.8423 0.7947 0.7309 0.7616 0.8176
GraphSAGE 0.9160 0.6799 0.7805 0.7705 0.8467 0.6278 0.7216 0.8028
GIN 0.8525 0.8843 0.8681 0.6908 0.7878 0.8167 0.8019 0.7628
AGCN 0.8895 0.7914 0.8376 0.7623 0.8249 0.7328 0.7763 0.8129
ARMA 0.9211 0.5791 0.7111 0.7600 0.8548 0.5367 0.6596 0.7928
TGA 0.8841 0.8343 0.8585 0.7709 0.8202 0.7728 0.7958 0.8118
GraphConv 0.8944 0.8120 0.8512 0.7685 0.8308 0.7519 0.7896 0.8079
THGAT 0.8777 0.8646 0.8711 0.7519 0.9398 0.8730 0.9052 0.7935

T Anime TVshows
UserCF 0.6832 0.6021 0.6395 0.7123 0.6523 0.5814 0.6152 0.6931
ItemCF 0.7123 0.6591 0.6804 0.7162 0.6942 0.6233 0.6565 0.7234
SVD++ 0.7391 0.6812 0.7053 0.7634 0.7183 0.6514 0.6822 0.7423
WideDeep 0.7524 0.7013 0.7253 0.7835 0.7334 0.6795 0.7014 0.7643
DeepFM 0.7632 0.7017 0.7312 0.7836 0.7389 0.6779 0.7072 0.7558
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GraphSAGE 0.8089 0.5978 0.6873 0.7637 0.7789 0.5724 0.6589 0.7329
GIN 0.7578 0.7856 0.7715 0.7249 0.7284 0.7548 0.7414 0.6958
AGCN 0.7908 0.7019 0.7437 0.7738 0.7609 0.6748 0.7154 0.7429
ARMA 0.8156 0.5049 0.6238 0.7549 0.7839 0.4858 0.5997 0.7238
TGA 0.7871 0.7419 0.7639 0.7729 0.7578 0.7142 0.7353 0.7419
GraphConv 0.7979 0.7218 0.7581 0.7689 0.7679 0.6939 0.7290 0.7379
THGAT 0.7163 0.7720 0.9294 0.7002 0.8571 0.8490 0.8530 0.7163
XILIHIGHIZEER
® UserCF ¥ ltemCF SVD++ "WideDeep ™ DeepFM ™ GraphSAGE
EGIN ®AGCN ARMA HTGA ¥ GraphConv B THGAT
1
0

Figure 5. Comparative experimental results of the model on four datasets
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Table 4. Results of ablation experiments on four datasets using the model
= 4. BB BIESE EIEHR SR RIS

Model MovieLens Netflex
VR Precision  Recall F Auc Precision Recall F Auc
THGAT_O 0.8423 0.7381 0.7872 0.8254 0.7182 0.6261 0.6693 0.7462
THGAT_1 0.8241 0.7183 0.7684 0.8082 0.7483 0.6684 0.7065 0.7766
THGAT_2 0.8032 0.7064 0.7545 0.8316 0.7615 0.6986 0.7287 0.8089
THGAT_3 0.8475 0.7516 0.7967 0.8408 0.7827 0.7228 0.7519 0.8189
THGAT 0.8777 0.8646 0.8711 0.7519 0.9398 0.8730 0.9052 0.7935
Model Anime TVshows
THGAT_O 0.6751 0.5982 0.6345 0.7053 0.6452 0.5763 0.6094 0.6751
THGAT_1 0.7064 0.6525 0.6786 0.7127 0.6875 0.6186 0.6517 0.7064
THGAT_2 0.7326 0.6757 0.7028 0.7589 0.7127 0.6468 0.6789 0.7326
THGAT_3 0.7466 0.6965 0.7213 0.7789 0.7285 0.6749 0.7006 0.7466
THGAT 0.7163 0.7720 0.9294 0.7002 0.8571 0.8490 0.8530 0.7163

HRASCIGRYZSSR

BTHGAT 0 ®THGAT 1 =THGAT 2 mTHGAT 3 mTHGAT
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Figure 6. Ablation experiment results of the model on four datasets
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