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Abstract Group recommendation has emerged as a highly active research topic in the fields of information retriev-
al and data mining in recent years. Its objective is to select a group of items from a large candidate set that is likely
to be of interest to a set of users. With the advancement of deep learning, numerous group recommendation meth-
ods based on deep learning have been proposed. This paper provides a brief introduction to the background know-
ledge of this problem. It reviews the methods of data acquisition and conducts a comprehensive review, systematic
classification, and in-depth analysis of group recommendation algorithms based on deep learning. In addition, this
paper outlines some group recommendation datasets and evaluation methods suitable for deep methods, and con-
ducts comparative experimental analysis and discussion on various recommendation algorithms. Finally, the re-
search challenges in this field were analyzed, and valuable future research directions were discussed.
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Fig.1 Diagram of group recommendation
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Fig.2  Diagram of group interaction
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Wl 5 -& 771 PIT, fE1HSERELE A 32 0 A1 I 25 1&
F B NFENE 3. A28 FeAR 3 H P IS J0BkoR
X LEL R R 0 A B AR UK S SR AU
Yuan ZE010T 52 Y — B & T B R KM v 7R AR Y
COM KBRS ARG, 2, B
Y B LA PRI H R A 1 B X e 126 T
AR e 22 2 R0 R 53 W R R IR LAk B 4 353K
SCHR [19] 48 H FEAH P AR B A 0 H I, 20
Rz HFE AN T8, BA A EZEE ERA
5 BRI, A% P AE B 2250 B 4H
ECEON ALY

PIT F1 COM $2ft 1 A [F] 1) S0 ok 58 i 4H R
PR, (HX 775 R E R (- ) 1 (
F=TH ( Z A5 B, 28 T BN P Z A8
H. FESERRIFEAL SO R, BT AT S AR
RIE Z BT HEAT DG, BRI, anfef A7 R 2 24 @A
AN Z 1A A8 L — AN IR AR R PR
2.2.3 ETEENHEINBFEREFRERGE

Bahdanau %5 F 2015 4F7F [E FREAE2E 2] K
2> (International Conference on Learning Repres-
entations, ICLR) FHE K$EHH TP E RPN
WEIBEA. BT, R O A & SRS 2
Iz N H, B ERE S AL 5 E R RS
ATH AL 8 S50 1% 07 12 e K & 28 B3 v
FABYEEA G, B, B BT
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T e ST S AN T 2R A5 1 () 8 2H O 0 3R 7 7
TERIEREE. R IR BE AR YR AR R SCEh A&
VR R D% O B DT SE TR it U
TERELL R B s20R 77, 33t T S8 b M R s A 4 1)

Cao S5 B YOBE B I8 5] N 2H HE 72 4
W, PR IR (Attentive group re-
commendation, AGREE). 1% il it 2% 2] i R 7E
BT H T 200 SR Bh A HUIMA R 53 B T, A
M3 2B A R R IF R~ WK 5 frn, AGREE B
Je SRR o1 30 H AR AL AR ZE T BRI ey, e
Hle,. SRJGE, LR IR 2 WX 28 SR B A BT
FIFIXT AL o (v, t), TERALHR A

o(v, t) = h"ReLU (P,e, + P.e, + b) (1)
a (v, t) = softmax (o (v, t)) =
exp{o (v, t)}
1<2| ‘eXp {o(v, 1)} @)

itz Z a(v, 9
A ‘,;/
| | | |
N nnnnnnEinnnnnne
Group (g) Item (v)
15 AGREE HAI 45
Fig.5 Diagram of AGREE model structure

X, P, Py, h Al b B NIEFISHY |g] RBELL g
T B PR R B A R, MR A P B
AMUE R B S Wi 5%, RN S5 EETH o
456, Ik, ZEEF IR E o (v, t) AT LR
b 7l B3 FE A e R TR R AR TR H o B 5
Wi g, e, TR T A A R i T B 9T
TN _EBEL S B U 1 S 19 B e 1 e 8 3R
~, i (3) P

g (.7) = Z « (.]7 t) euf + €g (3)
1<t<|g| FELH - [ 1
R R SR

4 AGREE 5L 25, B HER MK #4
HEFEBAUAWHRIL. B4, Tran 507 2 RS FiE
BB R HEFE AT MoSAN (Medley of sub-
attention network), 128584 i@ it FAR FH 7 2 8] 128
HRFRFIM PR REH RS J). a0 6 fros,
A SR — N XUZ A M 2 R - 22
A 22 B, T SREER € P R 3T ¢y KITBOLT,
AR IR g, sk (4) MK (5) P

al(g, I, m) =w'o (Wee, + Wee,,, .., +b) +d
(4)

lgl

)
m=1, m#l
AXrh, W, W, Mlw ZEMKZE, ¢ 5 e, 579
RRE AR P B BT X m ASH PR
o, b Md RIWE, o) RaBUERE. hikn I,
al(g, I, m) WTUARIRIERFH g H, B w XTI
w IR 7). g 8 A BR A 01w Z AN FT A HoAth

R AR 2. n, X g SRANES BITHEAL A B 24 A

g = @ (ga l7 m) €up, (5)

g =Z 9
=

ST

G = z alg, 1,m) u, 9 = Z

m=2

m=1, m#2

9, = Z alg, n,m) w,

m=1, m#n

alg, 2m) u,

@ wmmew | G| wmmw G| e
Kl 6 MoSAN k4K

Fig.6

Diagram of MoSAN algorithm structure
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127 g =Yl g EAER MR, MoSAN 43
FOREMEM TER AR, EEELHEOE Tt
SEPT P Z TRV RIS 77, A8 5 A R 03 e e i AT A
JH ] B BRGE (R SR 5 7%

AGREE fl MoSAN 53253775 58 1 FH 7 15 ik
SRS RS20 1 MR P 22 TR) R R g . SR, B sk o
HUREAAEAE X N A — S 7, XA s s E b
T HIFEa AF —SL RS 5, 15 A AL R A N R B
f i 4 s I AL ) 2R He S5 3R HYBE T XUR
HEE MNP REHHESE (Group recommendation
using attentive dual influences, GRADI) B, %
R[] Bof 255 FEARE ZEL XS 15 R RS M A8 6 0o AR 2L Y 52
W, a7 fros, GRADI ZE3EAT B 20 f fF 2 7s IN 32
BAG =AY AR ANBEMEREGE. Hr,
BN EAIEREH g BRI B ey DAL H A
SRR e,s. IRNJZR 2 2 BRI @R AR
g XS B uf EF RIS ¢ (g), AR uf 1
FEEREA g HHIZRIR by, 13K (6) A1 (7) Bros:

et (9) = MLP ([g1, wi]) (6)

huf = €y + ¢ (g) ©ey (7)
W, [ ] RoRPHEERAE, © RORIBIC R M ARERAE.
HERE)JZT, GRADI K10 H 1R AE o 5k ) &
SR B R AR A ) 2 A A, I 2 kiR
FIWUHITHEL P AE R S A T H X B R 52 )
ad, sk (8) Fn:

d i
af, = softmtax (8)

Vdp,

A, d RRH dAK; dy REFR LR b, F el
S BB R R FR Ry, I E 07 b S i 26 128
f3%: hly = hog WY, b = h, WY, WYL WY 535
FoR PRI E 5 d A Sk SRR, ARG, R

Item-specific member
embeddings

RaE
[ Attention
Group-specific member
embeddings
N

LV

Group members Group Ttem

7 GRADI 5iEg5H K
Fig.7 Diagram of GRADI algorithm structure

YR A PR R 75 B4 R Sk
A5 b, LRI S B R I AT 2
A AR BB SR AT 2R -

t

hy = [h}], h’;] Wwe (10)

A, Wo RERMEARHIERE, [, ] RHHERAE

R GRADI %J& 1 B L1~ f52m s, {H
%5155 AGREE 1 MoSAN # £ 7E — /A>3t 4 ]
B, WA 7> R BRI H 18] A2 HL
KA. N T ARPIX— i), Zhang 5&0 32 H 3T [F
JRE BN ) JRy #8554 SR A B R RO R LA 2 HE A A
# GLIF (Global and local information fusion
neural network). U@ & Fias B % A1
PEELE, B A AR b 2R E R, DU amied
AIUH IR, B AR TR HER AR, I 8
Fi7R, GLIF (3R 2 E 2 A& UM ITH &R
R, BEALR R B R s A 2R (E B &R
REHURI G S AL I H R ESCR TR TR
&5 ST H AR R S A, AT SREL I H
o BRALUREME B BGEE K& 5 S Al
FAESZ E R SR 5 AN H R 5 SR BUR 4L I R R
N AL A RS B R R B T R AL EAE Y, R
FHARACA T ZH R IO 2H 1) 42 R A5 B R RS A
ek FIVE = S R L 4 RS B R B4 B R
AT BN I R R AR

Liang S5°1 2 H 17 —ME T & /1M 4% HAN-
CDGR (Hierarchical attention network for cross-
domain group recommendation), & 7E 25K, 71 Al
AL S 7. 25V B SR B R % A
P EA IR T w4, IF456 R B S TR
) &, 153 P AR E R R GF R OR by, BES,
R ER MR W48 3R 1 P AE AN TR RE AL o B i 47
Row, BB B ARR by

hy =mTO + e, (11)
gEH .

X, O 2l BVERE I EF AT B B4R LF
FRE, m 2 u R A & ESRIS H P AE R e
HEA R W EF he J5, HAN-CDGR Xl AGREE
R R ) 5 RAS BB D R U R R By, BARD0
X (1) ~ (3) Frr. IWEIESZHL MR E, HAN-
CDGR X JZ RER SIS, 43 50k 5
P S AL 8] 1) 520 AT SR, DABR AR AL (1)
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Fig.8 Block diagram of GLIF algorithm

FIERe Sy, RN, B R B ) 1) AR SR AT AE.
IR RIX — ) 8, HAN-CDGR # — 542 H 3 T %F
PUEF S W Sl R 2H 4 9 7 1. 1% 5 vk ad ik R A [
SR FH AR MR 2, A Bhsiont Bt 2 >3 K sk
F B AP FRIE R 2 H bRk 0 B HEREAT
HL R RO R
Luser (05, 05, 0c) = L5, (6) + BL; (05) — vLe (0c)
(13)

S, 05 A1 0% 43R YA AR e A A T
WSS, 0, RSB TS, 6 A
SH L3 (03) IR B R R, £ (0%)
B BRI ROk B8, Lo (6.) A
SIS R 5 BB K. SR 1, R S
(RlcF KRS 56 S E B B e A R S AL 1 il
FoR, T AR T HR Fioh S SR 2
2465 P P R 2 53 AR 76 4400



12 A S TR 5 ) B R T VR A i 1009

224 ETEMEZMENIARTRTS A

BT R M 2% R HERE T 1% B AR T A
X £ 55K SR BE 7, E B i A HL KR 7 2T
PR R FE M J7 B TS A R AL AR I i
(B R HIHERE SR ), DORARFAL R I o (R4
IR SE R ). R IX ST AR X0 F P AR AL AP
AR R HRILH G, B2 TR A 8
Wit R — i A2 LR AR HEAT SRR AR, R 78 0 R 3 S 4
P Z AR S R R i, AU R AT A
ZE 4 (Graph neural network, GNN) K% 4
R AE HOR F, SO LR B (R 2 2T X KTy
V2] P P £ ) 4 S R AL ) 25 TEL 8 R A R 72 2 TR )
RAATER, AR L5 B TR TR w47

AR RANAZ EOR R 57 7], 3 2 2%
(KI5 0T LAt — 2D Al 3 ik T R Pl 2 ) 5 A
TR B S 17k, BT R A 22 N 2% 1)
Jiid, WHRAG R I E T RESWET
111722 57 40 PR A 2 X 2% 1) 4525 B8 A2 L B PP 4
AR AR FAE, EH R AR PER T RE
ERNEIESIUREP R I PR WP B Ul E U2 B S N
FE S A S AR 2L AR DA 2 T] PR B 2 SR AR AR AL P B A
RFALE, DT S 200 B0 RE B (AR 2L i 2 28R

He S5 R T —MER A ZME AL GA-
ME (Graphical and attentive multi-view embed-
ding) KR4 H P AITH KR, GAME &
REGESERAFE RGN, (WH) RAR
RBLIARJE 1T 58, RIS R A R HIH S (TH)
B, ORI PHEIX R R R IRIBUE & e ) R
e DL e, v O S SR H )
AR B i R mT A AL HiiE

h) = GASE (Guv, w) = Y e,

, (14)
JERv (u)

oz;v) = ATT (eu, evj) =

softjrrlax (’UJ(U)TO' (W(”) ew, eij + b(U))
(15)

Kb, e, 5 MTH KRN, Ry (u) B55
FAP w PR G B BT H AR A, w™, W) Fl
b() KR4 4. [FIFE, AT LSS BRI LA T
(I P 2R B L P R 5 H o a0 R
A T E £ B . FEE R AT E EAR
XL R IR 5, GAME B FlHHE R It
Holr NF 22 2 b AT A5 58 e
(i I 7 A0 G HE % (HA3PE 7% 102, GAME
R T ST ANBR AL RO A RSB E

JR BRI, 3 IR R4

Deng %57 $i H —Fh 3 T 2R B0 19 E = R
IR KGAG (Knowledge graph-based at-
tentive group recommendation), i 5] A A
WHESLIH 500H 2 MR B R R, £ ER
B RS T IR A E AR B3 B R R S ST AN TE 0 1]
LW 9(a) Fin, KGAG Bk 3 2515 B AL 1%
A 4 58 P AT A5 B R DR Y S iR 1 i
ACHP-ITH ) R EAC A E B (18 9(a)
FEMFTZR), I8 IS B A 3 5 2B R R

en, = Z (e, r, er) ey (16)
(e, r, er)
A, en, RORMSEAR e BT — I n A8 A% 3k I R 1)
BR, (e, 1 er) R e IWHE R R r 7] e fLHEIF
B, s (17) Il (18) ZREL:

m(e, re) =11 (17)

exp (7 (e, 7, e))
> exp (7 (e, i, €))
(e, ri, €)EG
A, W e RER R, BAi. FREHTe
A HRDE BN R e KERZTH, W4
i FNGIH e A28 HHEL A BT L5 BN [
HIWE; » RKR AR r IR E. BT R ERIESR
BORBE AR SIEER ev, 5, oTLLET B4
M (Graph convolutional network, GCN) B{
FHEXFES R A4 (Graph sample and aggregate,
GraphSage) ¥ en, e RE15 2B A AT H (1%
7, oA E by, Fh, . (il S-S BEE T A
W FhAZ B 520 5 IRIEFRF (Self persistence, SP)
FIFZERZ A (Peer influence, PI), @&l 9(b) Fiiw.
H FRIRRF A2l A AR 15T H B B A2 B, W] B
—EREE LR R A AR R 4, DR mT DA
SR R R, dE a2 (19) ZREX, B
asp (g, t, v) = hys - hy (19)

[F) 2E 50 3R 718 5 3 AR TR 4 2 52 381 [) 2 Hp LAt e
s, B
apr(g, t) =

(e, 7, oe) = (18)

wlo (Wclhug + Walhu, - Jyesr | +b> (20)

R, w,, Wa, W FIb #EBHSH [ £
BEBERRAE, SP | FoR TR g TR u ZANRIFTH
RS B, B R SR SR P S A
BN I BUEE 50 P SR A AR R 3 e 4
KA 37 .
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Zhang FE0 R T HET R AL B 0 B R
J1M 2518 Het GRec (Heterogeneous graph at-
tention network for group recommendation). %1%
AU LT e R AR (M BE LI AE =5 5 SRS SIS H bR
RS AR JE SRS, I XUE R T M 4
RE LR /L, AT FRECE & AR AT H
FoR. wa, BT WA FLIE M 25 LU A
Wk 10 s, HetGRec Wi E 7 71 1846 5 /KRR it
12, N7 HRE AR PR, fEERE N
AT E AR 1/(1 + ¢,) HEFR T EHT H 2
WAL BB SR e, FEHIE AR LY S
BIPEES, e, (EER/)N, PS50 BE B TUIER /), SRAE PRI 418 0k
ATREAH G, a R ANIR [B], AR HEHE R Pr(ngq =
zlne = v, p) TR, Hf, p e PRITHAE.
BNT (u) 275 5w BT I0ER AT p FBIR LWL 5
HetGRec i Wi mgE RN ETERE N (v) 53]
TR u BT ICERAT p BT ARE R, TR IR

Z awhg) (21)

h? = fuode (N (u)) = LN (
JENT(u)

of . =
e o et (3 1, )

X, h; Fe A (7 R EH ) B [ B

KGAG BAUR A
Schematic diagram of KGAG model

Gk —M MR, LN () 2EH— LR,
9, "W ZH. E3RIE| bl J5, HetGRec #—3P
i FHAE Lk 15 T 3RAGEF A AN I B 1 e &R R
hy #1 b, , A FER A

h!] = fsem (H (g) ’ T) (23)
h, = fsem (H (U) ) 7—) (24)
o,
fom (H (v), 7) = LN ( > ﬂkhfk> (25)
hh eH(v)
B = softmax (exp (qI(U) WT(v)hfk)) (26)
U, 7 () RS AR B0 NS 2R g ()

W, o) BIRBITISHL, H (g) 2575 15 g A AR I
B R ARS8, S5k 00 5 ) T I 4 1
Fiffe, HetGRec 17 BAHEE4I 4 ORI SERE 12 1 o 5
M, 43500 M 2RI S 2 B S AT
FE5 A, 4 S S A= B BRI B
2.2.5 EMIGEEAENRFR TS S

FG, BEALHE 2 U T 72 £ B R T AA
I S P S AL TR T PR,
B R 05 10 5 S A8 TR R A G OB 25y
VR D PP T 5, ML v S S AL
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1. X — ) AR EAE T im S PR R AR AR s = 70 2
g sl sk, Tk HEE B AR . A IA
(RTINS LRI IER G NSRS
BETTE.

IR TR AR nsE A P I0H AR
2 TA) R A2 HL R B R0 B2 2R o Tt A A 2 o, 45
AR B as R TN AR5 A I 5. X
KT IR R SR, DR TR
STRIRCR. 51 NAMEE B 2R TR W B 51N
FEAZ S AR AE BRI SR T 7 ROR, R X e B A%
B R, PAR T I I PR AL AR B R RE.

LA GroupIM (Group information maximiza-
tion) A, RS T BAS B KA I VEFIE
RIS, Wit TR LI HAS B s KA L AN |
TR, Hodr, AR B R LR BT B IEREA
X B EAR B, PLRAE 9 B S 5 e AT O0 A T

TR SN P R 53 B i SE A AR S A E AR
2, T I 7y AR TN 45 2R B DA R 45 R BEAT SR
A, WAL 2 IS R, (ALK, GroupIM
BAG R KL R A A Hiid

1 1
Lyr=—— Y — |logD,
M G|Zag[0g o
geG
MQ
> Eanpylog (1 — Dyg) (27)
j=1

K, Dyg = D (ey, €g) =0 (e, Wey) e o (:)
& logistic BREL, %R T IEFE AR ARE A Z (7]
1) JS (Jensen-Shannon) i P9 SR & 1 FF A
(ew, €y) ZIHMIHAZ IR M, ZNREA g KAFERIHERL
TR, oy =|g|+ My; a e AFERHF. ER
AR AR Ny

Lyg =

= |x1g| > )" Diews, ) wuilogmi (eg)

=Y i€l 1<t<|g|
(28)

H 7 (e,) = softmax (Wre,) F T T 41 5% H
FERARTH S T ERMREF 7040, 1% H br R £ Lk
TP A2 AR BAE N B ARAS, [FINF, DAy
Dy TR &5 FAEALE, XF A B 51 048 2 A8 1
AT IOBUR AN . SRR 4 Ak R AE AT ACAL I, BEfg
FARAL e, FRALTE 2 I BHE B, ks A
FORAen AR HAS BBOR IR

W85 PRI 2505 5 BAAE R 5 AL B P ) R )
N A, #l BERT (Bidirectional encoder repres-
entations from transformers)®” Fl GPT (Generat-
ive pre-trained transformers)™ " HAE %403k 1)
T F0 52 BRI 22 1) 07T, LR HE A R 4.
Zhang 5 32 O Zx— o AL HER AT GBERT
(Group recommendation based-on BERT) Sl
i PERF AL AL 55 (ETRIZRET B, GBERT #tit
T =TGR SS, A HEHE D e 53 000 s 20— 35
PEAST I FI AP S 2 U0, 5 AE 57 > P EAS R RE
A ) D 2 LA S A 20 2 T ) 5 3R 3 B 7 Vi i 1B
BT HIEIFAT S S5 P KA 5%, IR &8
WL IR 07 220, AT — M AT S5 B S AR AL i
P 3 2l 2 s Y. ] 11 B, FER AR
TAE 555 T BERT 5= 2] P AEAS [R) B 4 00 4
A%, T ZRIE L A B0 18] 1R O AP AR A8 G &2, H bR
B Lo TR ERTE AN

Lanip = — Y logP (ul =uf) (29)
9€G



1012 H | th =2 i 50 &
%1 {14 2 .
£% 3
plor = 9 D &) KA
T
S i 7 TN A ef — BSCHEAS I T P R T
A
T
EEHRE 5
4 lg]
_______________ B i
. i 'i |
MPETET i SRR T‘“““‘I
SCIRAE ) i I > Add & Norm | !
“““““““““ | —— | im—
| H Position-wise 1
GBERT : feed-forward :
I E TR Scn :
(ZJZ Transformer ZRhigELR) : — Add & Norm i
[}
| » !
H |
il lelelels S —— | NEEEZ":C VI
rroen G G | ottt
i o I
oot T L_________________I TN
N2 b [Mask]  ug u, |
I [}

Transformer il )Z

11 GBERT 50AT0NZRR Bai Rz K
Fig.11 GBERT algorithm pre-training phase flowchart

Arp, Pl =wf) RS TN B @ A4 BE B Y
(Mask) B (1 H P 72 uf BIREZE. i iF — Bk A
DA 25 350 B 2 > il B v 36 TR P 1) v 27 AR AE

HARBREL Loop TEAARIEA N
Lecp =Y (1 =54+ 5) (30)

geG
i, sy = F({uf}) A IEFEARFHK LUK 5,
e SRR A TEAH L TRKP, PR A RE 2 ey A T AR B
AT BEALE e p b — A O AL A A D 47
U Y0 5 7 AE 2 T oo 27 21 60 i 47 2 7R BEAT 2
W, RIPBEAIZRR%, AR Lopp TR
Lipp=—)Y |Bl | Y alp(uf) B, (31)
geG w

1<i<]g|

A, of B W KIS ), B, M u FERCH.
FE R o6 RLRIAT, p (ud) S TR A5 3 1 B O3 7E 4 A
THE vV R oA,

FEFI NGNS B2 T7 3, 1, SOAGREE
(Social-enhanced attentive group recommenda-
tion)™ M SIGR (Social influence-based group
represen-tation learning for group recommenda-
tion)™ | WFFEN G Sl A FH AL SR AR A B A 5
J13IR. SOAGREE MM =E 5 7RG el RE
H b5 H B P 2 F il b 22 545 31 H AR H P
i 2 KoR. SIGR K — MR B 7%, A B

G G 4t DU P AL SR AL, SR AR g A Y
3 N SR TR 7 BRI ). 2 A S B P B Ak
O Sl S = s - T ey i e R T T
PageRank HUOo . Fm O ArBeboo . FHE
[ B T O R A5 4 R 5 MR AIE DA SN ) SRy B
FRFAE, AT 3 BOAL SRR AE X, AR5 R B
HURERS 1) 77 2R3 23 AL S8 PR AT 4 DASR 19 5k ik
(I AR SSRFAE X, 5 P E B 10 B e B 2 ) 2
(Stacked denoising auto encoder, SDAE) i #H
JURIAE AR X1 USSR, AN

1 T <||0(Xl—1 Wi +b) — Xl n

OSDAE =35
24 P

2 2
b
Wil , | z|2> (32

Py P

K, Xi ~N (o (Xim1Wi + by), pkI) =& SDAE % 1
ZEHH ERE R &, W, ~ N(0, p3.1) /& SDAE % 1
JZM IS EERE, b ~ N(0, p2I) /25 1 241
i B W . SIGR K28 L/2 J2 4 H AR AE 7] S A4 R
F P #3215 B IR RRE by ARG 2T Ry THE R
TR J) AR &y, I R IR A R 1 R
MR IR g, WIS (33) AT (34) Fos:
exp (7:)

> exp(v)

1<5<]g]

>\'ig = (33)



12 A S TR 5 ) B R T VR A i 1013

hg= Y ligh, (34)
1<i<|g|

SR, SIGR AAAEPIAN i BOMSZARAG ) 1) 3, &
B ) B AL SRR 5 o5 A HEFR AT 55 Z T R AN T
Fo. J9it, Yin S50 3%t — Fh b o O 4L 7 5
1% CAGR (Centrality-aware group recommender),
ST 2 Bl O HERFE, RS SRR L
il >R 5 A 40 1T AU ., DASRHCEE e 0 7 i 47
R, CAGR EAETH P MAAE Bt H 2
DPERFAE ¢, BLFE PageRank 0o F2alm A0
E OIS SRS, B E0 I — B A E T A
WREAS TR o O PR AR (B HEAT FIE R, I B H AR P
TEAN A HR O RFAEAE R 1 Top- K AN E 15 8, K H
Ml 77900 g 5] — MR B R KA SR JE 5 R
&, RENZREE T AR R RS BN e, A
KHERENE T RE XA G 452 P 1 e i

For b, TEARIEW (35) A=K (36) Fios:

|
b, = aer (35)
k=1

o exp(z-ed)
v >oexp (z; - €f) (36)
X, e BT A FERLA T 485 B RoR e HHE
132, z), RSEINE, RoRFEE 2% o,

N TR S A AE H., CAGR R
2 SR R IR D R AR 4 R i 5, AT R X
J A B B i B R by, B
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Table 4 The recommendation performance of different presentation layer algorithms on
three common persistent group datasets (%)
Bk

T CAMRa2011 MS MR
H@5 H@10 Nas N@10 Ha@s H@10 Na@s N@10 Ha@5 H@10 Nas Na@10
NCF-AVG 58.33 77.65 39.69 46.25 59.19 83.15 47..35 52.21 63.52 78.42 45.32 50.29
NCF-LM 57.14 77.13 39.63 45.81 63.31 81.07 45.92 51.19 63.32 78.46 45.18 50.03
NCF-MS 57.19 75.12 38.50 44.41 64.43 82.25 46..62 51.98 62.35 77.85 44.43 49.02
AGREE 58.50 77.93 40.25 46.62 65.96 83.23 47.33 52..94 64.10 79.01 45.76 50.69
MoSAN 58.73 77.51 40.24 46.31 66.41 81.77 47.02 51.63 65.21 79..75 45.23 50.54
GAME 59.09 78.64 40.23 46.70 65.97 83.22 48.38 53.25 65.55 79.32 46.41 50.10
GLIF 59.18 78.93 40.30 46.73 66.43 83.55 48.20 53.44 65.61 79.93 46.43 51.07
KGAG 59.83 79.83 40.35 47.01 66.41 83.55 49.03 54.01 65.80 79.99 46.63 51.39
HetGRec 62.31 81.95 42.33 48.90 68.32 86.15 50.24 55.39 68.01 82.20 48.32 53.39
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Table 5 The recommendation performance of different algorithms on three common temporary group datasets (%)
pre/i S
Tk Weeplaces Yelp Douban

R@5 R@10 N@5 N@10 R@5 R@10 Nas N@10 R@5 R@10 Nas N@10
NCF-AVG 20.91 29.56 11.06 12.90 21.84 29.14 15.08 16.43 35.33 43.23 22.98 24.70
NCF-LM 20.32 28.33 10.49 12.19 23.22 31.44 16.04 17.20 44.29 49.56 31.91 33.10
NCF-MS 19.75 28.72 10.74 12.65 21.38 28.22 14.50 15.08 35.36 42.10 23.04 24.51
AGREE 20.53 29.09 11.40 13.22 24.16 30.98 16.80 17.63 45.95 51.22 33.39 34.57
MoSAN 31.81 37.71 26.25 28.15 46.57 50.61 34.66 36.18 47.10 52.22 36.12 37.24
GAME 41.97 48.53 28.90 30.35 46.44 51.94 35.32 36.52 58.76 77.52 40.29 46.33
KGAG 41.50 48.42 28.96 30.54 46.35 51.87 35.23 36.47 58.64 77.49 40.25 46.29
GroupIM 41.98 48.53 30.35 31.31 48.4 52.39 35.78 36.39 63.54 78.44 45.93 52.19
GBERT 49.43 52.82 35.31 36.43 48.67 53.14 37.46 38.11 65.20 79.90 47.22 54.58
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