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A Comprehensive Review of Group Recommendation Methods Based on Deep Learning
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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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e BRI TN AERIR, A% AE B 220 B 4H
EEAUNIN ALV

PIT Al COM 24t 1 AN [ i S ok 3R 5 2 Ak
PR, (HX L7775 R B (RFH-3H ) A1 ( H
FI-IH ) Z A2 H., 20 T HEH AN 2 I8 )52
. RSB R RSO RE , AAEAE S R
YUIE ZATEAT Hl, DRI, dfer g 2o 3 48 AR R
AN Z IR A L — AN A AR R B PR AR
2.2.3 ETEENINEINBFEREFRRSGE

Bahdanau %" F 2015 417F B PRERAES 2] K
2> (International Conference on Learning Repres-
entations, ICLR) b $2H H T L850
EREJEA HAT, dE A O & A U4 3
JZ N, BEE EARE A T R HEE RS
TSN 5 S50 1% 077 g R & 28 B0 v
BRI B, B, BE A R Rk T
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e ST S AN IS TR 2 A5 () 3 2H A e 3R 7 7
TEIGRBG. VR IHLE] R AR AS R ) N SCahds
R ZE R O ) B L DT B IOR b R
TEREAL A B s2 e 7, 3E 10 58 A M R TR B AL ) w4

Cao 100 ¥ VoK 2 /R 8] O\ B 41 4 75 4%
W, R HER IR AMEERY (Attentive group re-
commendation, AGREE). 1248 il it 5 5] B 2 75
eI H T BFE M 7 k s A U 7L A, A
145 2R () fw ief 7~ . 4nl&l 5 Bix, AGREE &
SEARIUR 53 I H AR AL R ZE M B R OR ey, €0
Hle,. SRJGE, EE R I P2 WX 28 SR B N BT uf
IS ALE o (v, t), e fLdiR R

o(v, t) = h"ReLU (P,e, + P.e, + b) (1)

a (v, t) = softmax (o (v, t)) =

exp {o (v, t)}
> exp{o(v, t')}

1<t/<|g]

(2)

LR Z a(v, e,

ez

e Lo [ fo [afofu]-] [ofofofufofo]-]
Group (g) Ttem (v)

Kl 5 AGREE fi#ighi &
Fig.5 Diagram of AGREE model structure

X, Py, Py, h Mo BNETIZAL, (g RAEH g T
P& B R A SR, A B U
AE B B SR 5%, R 5 LT H o
AR I, ZEVET RN o (v, ¢) 7T LA R
b ARl DA AR AR AL D8 2 TR I R IL T H o I 5
Wi /. e, kAR AR 5 O i i ) i O
In_EREA B B 8 G 17 B 5 B e I ) e 24 5R
~, = (3) P

g(j) = Z a(j, t)ew + e 3)
1<t<|g| TEA R o
RIS A

% AGREE 5L 25, BT EREIME K4
HEAF AU WA IL. 40, Tran 07 $2HIRE T
BT B MoSAN (Medley of sub-
attention network), 1A A i HEAR FH - 2 (B )5S
HRFBRF P BEA R0 D). anE 6 Bros,
AR SR — DM RUE ) N 2 R 2
(6] PR A2 B, AT SR A 58 P B R S e BITBHLT,
HEAH W IF RN g, 2l (4) A120 (5) Pros:

a(g, I, m) =w'o (chl + Weeu,, .+ b) +d
(4)
gl
g, = Z « (97 l7 m) €Cu,, (5)

m=1, m#l

X, W, W, Mlw 2SS ¢ 5 ey, 7
%%?%z/\ﬁHFB’JLTIﬁ?ﬁm/I\ﬁHF‘E’J NG
B, b Md 2WE, o) FmBuERE. itk i,
a(g, I, m) ATLARIREREH g, B0 wp, ARG
wp IR 7). gy IS A B 0t w2 AT HoAth
BCAREFASF ). BT, R g RIS 23 2H 1) B 2% i

g =Z§1
=2

9 —Z (9.1, m) w,

m=2 —l m#2

GO \

V=W it

TR IR

alg, 2, m) u,, g, = a(g, n, m) w,
m=1, m#n
ba WAL it

@5@@

@@6

6 MoSAN Hikgi &l
Fig.6  Diagram of MoSAN algorithm structure
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1R g =309 g EAFETEINRE, MoSAN 5
FROREME TIER P, EE R I HLEISOE it
SR FH P 2 TRV RIS 77, A8 5B R 0 i i i 473 4
JH 15 B DR F) SR 9.

AGREE F MoSAN B3y% 5375 /e 7 H A AE -
SR RS2 00 1 MR P 22 TR) FR R g . SR, LSk o
HORFAAEAE X N A — 2o 3, XM TRt b
T M A — LR 57, A5 A O3 AR R A N R B
i ff o A RE 2L ) R He S50 SR H 3 T X0UR
EE M IR HHETE (Group recommendation
using attentive dual influences, GRADI) Bi%!, %
AR [) B 55 R ZEL XS i DR R 5 M AR, 6 0o A 2L A 5
W, anf&l 7 B, GRADI FE AT BEZH i 22 s i
BAG =AY aNE RANBEMERESG R, Hr,
BN EBREREH g KA & ey LR PTELE I B
PR R e,s . IRNJZR 2 2 A @R AR
g XS EGL uf EF I ¢ (g), AR of 1E
FEEREAL g HEIRIR hy, 3K (6) AR (7) Fos:

ci(9) = MLP ([gi, ul]) (6)

(7)

A, [ ] R PHEERME, 0 RonZu B MR
fEB A 2 of, GRADI 4435 H 9 4 E o ek it
J R B S Dy D [ AN 1) B, I 2 Sk
JIRUHI TSR AR FE R T H R X A 52 )
ad =k (8) Fis:

dTpd
d gt
gy = softtmax

h’uf =€y +c (g) © ey

8
v .
S, d FORI d A ks dy IR hd, PR
I3 BB R by FIIH 2 b JEIS L A8 e
138 hiy = hyg Wy, bl = hy Wi, Wi L WY 535
FORH P IE 5 d Ak AR BIERE. SRR, AR

Item-specific member
embeddings

EaR
[ Attention
Group-specific member
embeddings
N
MLP

MNE

Group

Group members Ttem

7  GRADI B4 E

Fig.7 Diagram of GRADI algorithm structure

R 1 I A 1 03 i 45 B ALAE AR ST 1Y
Tt R b, e Ja PR ITAT Sk R R AT 2ot
AR A BUREA e A R AT R by

d __ d pd
hg - E at’uhuf
t

hy = B, nE] W

X, W RENEARWIERE, [, ] R PHERAE.

R4 GRADI %8 1 H B NRysEm /g, H2
%515 AGREE 1 MoSAN # £ /E — /L4 ]
B, B 789325 FE T REZH AN H 2 TA) B 52 B
KRN TIX—10 8, Zhang & $2 H 3T [
S BONE R JR) 845 4 SR JE Rl 5 RO R FEE A A A A A
# GLIF (Global and local information fusion
neural network). %5 A8 i 22 PpAg B¢ F A R
PEFE, BE AR R RE S, DI REA
AT H 3R, dE— PR TR HER RO, sl 8
Fi7n, GLIF BN 2 245 DO 1 H R
R AR RS B AR R, A AR R R AR
PRBRATRL S REE. T H R BRI TR
5 ST H AR R A, AT SREX5E H
o, MR EME B AR BOE S R A S AT
FAESZ E IR SR 5 AN H AR S 3R DU LI R R
s REA AR B AR R T A AL AR Y, R
FIARAL R 2R SRR AL 1) 42 JR A5 B 3R R At
PR FIVE = 55 ¥ L 4 R A5 JEORN = 45 JE
EAG B i I R B 28R

Liang &8P $2 11 7 —FRZGER T M4 HAN-
CDGR (Hierarchical attention network for cross-
domain group recommendation), B 7E 25K 71 Al
LI B 7. VR B SR B R M 2% A
P EA R T w4, 456 R B S TR
) &, 1538 FH P AER E RF A T R IF R k. BES,
SRR W 48 5 FH P AE AN TR R AL ) i
TR, REIHP RA RN hy:

hy =mTO + e,

hoy= > alg, u)hi
gEH .

X, O & B = ) H T 1H AT 2 R 2H e 4
FERE, m a2 w 4R R A &L ARG ) P AE RS SE
BEAL N W EF he J5, HAN-CDGR Xl AGREE
R R )R AS BB e B 2R by, BARN
X (1) ~ (3) . WELSZBU M E KRG, HAN-
CDGR KM ZERERE I, 53 P 5 -~
P S 8] 15200 AT A, DABE THAE AL (1)

)

(10)

(11)

(12)
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A H AL 3] 5 T

DELER] 4,
COLODAE] 5,
( CELEL-]
FCL
: oMol
( o ) [REEDEE
&R R
{5 it 5
%L
WUE s 2o TR i 4 20 HASR
(Tl

g

Top-v 1L 48

ET R
/ 7

HEALASE AR

FABLRE 5

TRAL-HE T

AR

Kl 8 GLIF HEHER
Fig.8 Block diagram of GLIF algorithm

FIERe S, R, B R B ) ) AR SR AT
FRURIX — [ R, HAN-CDGR 3 — 542 Hi 3 T xf
PUAF S W B SR 2 A 7 g vk % 5 vk ik R A [
B AR, A B3t B 2 20 R Jsas b
F ' AV AR IE R 2 B bRk 0 B HEEAT %
oL B R T R
Luser (05, 05> 0c) = L5, (0) + BL; (67) —vLe (Bc)
(13)

Aol 03 102 4 IRV AR b T
BB %, 0, REHBBHNSE, 7 RS
5, 3 (0) RV TIR R, £ (o)
2 H AR A BBk B 5, £, (0,) R
S SRE R B M. I SR 3D, SRR R
AT ST A5 35 LRI R SEORE P £ f
F7, T AR T SR 5 S BB AL
225 P R 2 31 70 43 0 .
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2.2.4 ETEREMENEARTRTG A
BT R4 B Tk B AR F o
W 2% 5 K TR AR RE ), T2 B A AE B s 5 >
JULEREAL S g, 1T SR A 2 RO ) i 47
(B R R 25 R ), DRI AL I o7 (BHF2H.
MIHER S5 IR ). JRAE IR L7 VRAE X 7 P AERE2H A 1
ftfE BRI O, B RZHT R4, H P el
Wi B — B 32 Bk R BEAT AR, R 7820 A g se
T ZME M AR KR, N, BN R A A
MZE M 2% (Graph neural network, GNN) K424
EMT A HORHR, SEHURE A I I 2R 2] KR TS
V) P P o 228 IR 28558 7 2L 100 A8 EL 485 KA R ol 573 22 T )
KABAT B, IR X (5 B TR BEH M i

AR5 RN ZE B B B e [R), T PR 42 ) 2%
(1377 12 AT LAE— A2 40 3 Dy 22 T [ g o 2 ) 2 1
T A L 8 I 245 1 7 5. T (R A PR 2 D) 4% 1)
T3k, R KRG — RER R T REE NG A
T2 T S ey I o 22 ) 2% 1K) 7 925 381 A L S ooy i
MO Z ) SR I, 308 R AN TR B = TR 5R
EAF I HT RN OC R, Gl B 2%, w] L
S G A D 2 R A 2 TR R R 2 O R M A I B
RRAIE, T S 30 5 YR 8 ) 0 2L s 7 20

He 257 321 17— MEE I ZUEIRABA GA-
ME (Graphical and attentive multi-view embed-
ding) K%, P MIH %8, GAME &
FE el E R J1H T GASE (Graph-aware single-
view embeddings) &M (WH) 15 A R
AR JE 1 L, SRECA R A SR (WH ) 2o,
R i 8 T P 40X 2R T SR AR B N 8 b 1) R s 17
. DO, S s RS H AL T
F R i s ] LU Ak ik oy

W) = GASE (Guv, u) = Y e,
JERvy (u)

(14)

ozg»v) = ATT (eu, eq,j) =

soft;rnax (w(”)Ta (I/V(”) [, eyj]) + b(”)>
(15)

A, e, 258§ MIHKRKARE, Ry (v) 5
FA P w7 s A H 0 H A, w ), W) Al
b KL S H [FIBE TTLLA RIS ASRELL A R
I R RO L PR TR E Rk kLY FIRE
S IO E Fos b . EA R PR E EAR
R T IE RS, CAME 895E % APt i 3t
HH B 2 2R B M T 35 5 e ke i B
i 26 7% AT AR AE 605 ([ A3E 02, GAME

SRR B IR A RN ) &, R AR )74
JE BRI, 3 T B E I SR 2%

Deng &P $ H —Fh B T30 B e = i
RHEFERL R KGAG (Knowledge graph-based at-
tentive group recommendation), it 5| AN A]
WL H 50 H Z 8K @ a8 R R, £ ER
[ BT RIAE B B3 BUN R R 2] A R4 i)
Lk 9(a) BioR, KGAG Bk E A5 AR
i 5 A AR (5 B AR RR AR il B
ACHP-IUE ) A2 Bl s g i A B (W& 9(a)
FEMPTR), FEEEAE BAL R R R RoR:

en, = Z (e, T, er) e (16)
(e, er)
A, e, ZARMIEN e A —BHE SRR 1Y
B, 7 (e, o) TR e AR F 1 1 e FEARIT
B, B (17) At (18) FREL:

m(e, v, €) =t T (17)
i exp (7 (e, 7, e))
_ 18
w(e, 7, er) > exp (7 (e, i, €;)) e)
7(e, i, €;)€EG

Arh, R e REM R, B4 d. RAREA e
A A IR R e AR ZIH, B4
i RS e B3 BB N FTA 7 RN R
HME; » BRAR r iR AR E. T ERERIER
BOR B P &1 RE R e, Ja, AT RAE B
M (Graph convolutional network, GCN) B{
HEKFES R A4 (Graph sample and aggregate,
GraphSage) ¥ ey, fil e &5 2B 1 A1 H 1R
a~, 3 ICAE by, Rk, ISR G T8 T R
WA Bz 33 BEFE (Self persistence, SP)
FIFZEF M (Peer influence, PI), @& 9(b) Frix.
A S B 5 A A0 ik 5T H B e 2 R S, AT A
— B _ER MR AR B, BRI AT DA A R
AN B R R, a2 (19) FREK, B

(19)

[i) 2E R 26 78 B 51 A ) i 1 2 32 3] 1] 4. wp A i
Dadial=A el
apr(g, t) =

asp (g, t, v) = hys - hy

wlo (Wclhug + Wealhy, - }uesg’ L+ b) (20)

R, we, Wo, W Flb #RBEISH, [, ] T
PHERRAE, SP, RARTEREA g hIR 22wy ZHMUPTH
RS fail i KA 5 EREUH 42 &1
SN JIRCER ) X R 03 i G R AT AR A 7S 21 3 4H
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AT

Wi RS

(a) 15 BAL LU W 1 58 A B bk

(a) Information propagation and preference aggregation module

TER L]

(b) FEAKIZE TN

(b) Interactive influence across members within group

B9 KGAG BAIRZE
Fig.9 Schematic diagram of KGAG model

I LR by .

Zhang %P SEH T I THAH A H R EE R
FJIM 2518 Het GRec (Heterogeneous graph at-
tention network for group recommendation). 1%
AU I BT e R AT B BE AL AE S SRS RIS B AR
TR G AR R A, I XUE R )TN
AL JE T U\fﬁéﬁ(ﬂlﬁ$ I HEZH AN I H
TR, A, ﬁ?i“?%ﬁ] (7] 3k 8 ) 8% 5 B FF ZELHE 77
a1kl 10 s, HetGRec i E 7 51187 5 /- B R
P, N 7B G BRI = T eh, ke N —
R BTSRRI 1/(1 + ¢,) EF2 M EH B 2]
LT A TR S e, BT A0 TR0 R
SPYIEEES, &), [EBR/IN, S350 FE B BRI, SRAE (I 20
WA REAH O, WA IR B, WAKHEREZR Pr (nggq =

x|ng =wv, p) TN — T ‘Jj, /\qj, p € P IEICHAR.
WNP (u) & mu FET oA p B IE A RS
HetGRec BT SEFENHTFERES NF (u) 153
TR u FET UL p MIEARE R, TR N

hi, = fuode (N (u)) = LN ( Z aujh;) (21)
JENT(u)

o =

softjrrlax (exp (LeakyReLU (33 [hﬁﬁ

r))))) (22)

b, p Rl (7 BRI ) AR A&

ot — M AR B E], LN () £ZEHA— K%L,

0, MBS ALK A bl J5, HetGRec #—

il P L T 0 5 ARG LA T H 1) e 2R R
hy A b, A HR A

hg = fscm (H (g) ’ T) (23)
hv - fsem (H (U) 3 T) (24)
Hr,
fuom (K (v), 7) = LN ( 3 szk) (25)
hi,eH(v)

Br = softlznax (exp (qf(v) WT(U)hf’“)) (26)

A, 7 RN R BRI R, g,y
W, () BINEERISH, H (9) KT A g A AT
B2 P REEAME B B NEEE TSRS
RWIMG&wTuﬁﬁBEﬁﬁﬂE%éME%
P, 43 T R o RS U Rl AR T 2l
JET A5, A RNE CHEINE & WA H (13RR.
2.2.5 HEEIGFYBENRITRRGE
H AT, BRI T F B RE T BAF
AR R TR S S b 4 WD O (70 D e 4 R =
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|t G“I U) = 2m
U’ D - O DB
K

Kl 10 HetGRec HikgiH K
Fig.10 Diagram of HetGRec algorithm structure

BRZ A I I S A A, PRI, e I A
WA N 5 ST HEST, AL S T 5 A
& TR A R SEE . X — AR IR AE T
I s PERELELAT AT B = 70 R I g SR e 3¢, VA R
BERE A 1. A SOR I 775 B 48 9 W2 15 m
LIRS TTERGI NSRS B KT
W2 RS0k B AR s A P 0 H AR
Y 2 TA) ) A2 HL R B R0 B AR Tt I A 2 R, 4
W E AR B KA TN M AR FER S A S, X
KI7 I AT RS, DR RR
75’3)&% T 51 ANAMEE B 2R T N B o 5N
HAZ S ANEE BRI 9 7 RoR, IR X L5 B A%
@iUﬁZH%%/TEP, PAFR Tl By 2 2 2 41 1) 1 e
LA GroupIM (Group information maximiza-
tion) NEIP BRI LSS T BAS B KA T VEFIE
B I, uﬁrTWﬁ?ﬁFf’Jﬂi LERENSS I NERAp

NI Hp, AR R RKA R AR IR
Xt A B AR, AR B S 5 AT A4k i
TR ST SN 5 0 5 S A AR B AR Y B AR
2, R 73 AR I 45 R AR 1R R R AT IR
A, T 2 EHE R, A ERIR. GroupIM
HAG R KA R e Hiid

= Z logy Dug +
|G|€G gl
M.’?
> Eawpylog, (1 - Dag) (27)
j=1

ﬁ¢l%¢—D@meQ—a(TW%JEﬁ%% o(:)
/& logistic PREL, 1% PR EUHEE T IEFEAHN A FE AR 2 (7]
1] JS (Jensen-Shannon) #FE S Sfefli & IF ¥ 48X
(eu, eg) ZIMIEAFZE, W ZBEERE; M, 2 NH#F
H g REEMAER A R, o, = |g] + My; @20
FEAR . EF SCAREE Ak v

Lyg =

XY XD

‘ | eg xuzlogﬂ-z (eg>
geg Yal et 1<t<|g|

(28)

Hr, 7 (ey) = softmax (Wre,) F T Tl #f 44 5k H
FUERARITHAE T LRI04 2% H bR s 8 AR
AP B BAR BAE NI E bR, RN, DLor 24
Dg TR )5 FAE NBLE, Xf BT AR5 48 2 AR 2k
ATINBURAN. IR b A R AR R LA, REWS
NI ey TRABETE 2 1 MBS IS, AR a] o 4L
Ron e AR AR BBURHI A,

B BN 21 5 BB 15 AR 5 AR PP B R D)
R, f5in BERT (Bidirectional encoder repres-
entations from transformers)®” fl GPT (Generat-
ive pre-trained transformers)™ ™ HA7E %Nk )
W Tt 52 BRI 2 (07T, BRI R4t
Zhang 50 32 H O xR AL e Y GBERT
(Group recommendation based-on BERT) SZHi Il
i PERE AL HERE AT 55, (TN ZRB BL, GBERT #it
T =TGRS, L AEHEAD O T e 2 — 5
PEAS AT A PR 2 U, 5 A2 2% > ] P AEAS [R]
A Bl G DA K Al i 22 T ) 5 3R XM 7 2 el B
BT FAL S 5 7 RAE55, RS H &
FIRELLN I 2, ATAL Y — i 2 AR 55 B A AL
IS VAR 2EL i 2 e R T R ] 11 R, R kO
FRAESS 5T BERT 22 2] JH 7 AE A [ R 2H 1) i 47
e, il ST A P R 2 T 0 s 2 OB &, H A
BRI Lapap TR RIE TN
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% 1 1% 2
p(u? = u) 1£4 3 o
f t
HEH A 53 T A e — A FH E R
A
T
FEARE 5
4 lal
_________ _I_______J_________________I il
RMPRETEFY ! —— T‘“““‘I
IR AE i i I > Add & Norm | !
“““““““““ FooooTTTTo T i A !
| i Position-wise 1
GBERT : feed-forward :
FAP E TR S :
(£ )2 Transformer ZmiBfl) i — Add & Norm i
I W !
| I
il lelelels § B—— | NEEEZE:- VI
o GBI @S B | R
I I
"""""""""""""""""" N

i
L PN b [Mask]  ug
I

Transformer Zifid /2

11 GBERT SYATRIIZRE Bt REAE
Fig.11 GBERT algorithm pre-training phase flowchart

Lyivp = — Z logyp (uf = u) (29)

geG
A, P(ul =wf) JRERETIN 20 A Pl AL I A5
(Mask) Bt s (0 P uf BOHEEE. (i — ShEes
DUAE: 55 38 5 06 Bl 27 7 b e 3R (0 i S R

HAseREL Loop B AMKIEN

Lecp =Y (1= 54+ 5,) (30)

9ea
AH, sy = f({uf}) 2 EFEATFAR IR 5,
REFREATRA B IRACT, SOREAE AL b 5 R
S BEHLE g 3 — A R A . A A 4
LU UL 795 A 2 1) R i S 1 0 i 4 2R R 24T £
A, IR BYIZRHI R, H AR Lo AR
Lipp=—Y_ ﬁ > alp(uf) B, (31)

geG U 1<ic|g]

A, of A W T, B, ZH u R H.
R o 6 B FRIAT , p (wd) 2 RG4S 280 A i 57 A 4 A

BiH& V LRI A
FESINAMEAE BT, B, SoOAGREE
(Social-enhanced attentive group recommenda-
tion)!*” M SIGR (Social influence-based group

represen-tation learning for group recommenda-

tion) ! A HI 422 55 A1 #8452 58 1 ) R 7R So-

AGREE FIHER WE 7 RE A REHRH
P 2R JF il i ik 72 AT 2 H AR P R 43R
7. SIGR R FH— Pl B 757%, A B gt a4
BRI BOAR S RFAE, R FAE D HEFZ R ) o A\ ok
TN P B2 g 2SR AE B FH P P Ak R 52 Y
2%, HARTHRE ML B S LR M, A4 PageR-
ank HOOPE, BEEHO M /RO FRAE ) E
O A 4 Jr) G B R AE DA SRS 0 B S B 5 K s
fiE, ANTTAS2 P BIAASHFAE X, 285 R BERLE
T P 77 2R 38 7 AP ALE S8 1P AT 4 DASRAS AR R 1) FH
JURESERAE Xo, JFAE P HES B M B i 25 (Sta-
cked denoising auto encoder, SDAE) 14 H F 1]
HASRHIE X1 BAER 1 2R, EAR N

1 o (XA W+ b)) — X2
o= L3 (IEA )
l

wills | bl
Iwilly | | z||2> (32

Py pi

AP, Xi ~N (o (X W +by), pkI) & SDAE 5
I E5 IR &, W, ~ N(0, p2,1) /& SDAE %
L EME I ZHUERE, b ~ N(0, pPI) 2551 =M %%
(P B 10 f. SIGR W28 L/2 240 H IRRRAE ) &40
NH P ARG B EBRE by RJEEET Ry 1
B R )R By, IR I E TR A S
FIRFH I IF RS by, W00 (33) A (34) Fros:
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5 = 200 gy U e REERE.

’ 1<§‘g‘ exp (v;) TH ) I B A 2 e Y R s 2 20 7 P T i 1)

- 2P 8 AT 70 3 3 1R 58 B T 2% 2 B S )

hg= > igh; (34)  BEHAFOR. WML (GroupIM Al GBERT)

1<i<|g| TN 5E AT B OC AR AR B B e A A 2 4 1 5

SR, SIGR AFE B BOMSLARAL IR 1] 3, 3
By o) B AL SR AIE 5 e A HE AR AR 55 22 R ) AN DL
B, ik, Yin 880 52 H— A o R R 4 e B
1% CAGR (Centrality-aware group recommender),
IR P 2 RO ERFIE, R4S AR I
HIR A AR SE S, DUREUSE L6 (4 FH - i
For. CAGR B eETH P IHAE Bt 2 fir
DPERFAE ¢, B35 PageRank 0o T 0P
VI ARV G R E TN = 1A E D Rl VT s s
MR AN 5] 1) O PR AR AR EAT P, B H AR P
TEASR] O HERFAEE T (1) Top- K A48 & 15 8, SR H
WAL T R [/ —ANRFAEE T 1) K A28 T RUR
&, FENZRHEE T B0 S 55 B e, i)E
KHERE N E T RE XA G R A3 P 0w i
FoR b, A RIE I (35) FI=X (36) Fios:

|C]
R, =Y aesr (35)
k=1
C
€ ZL - e

w >exp(z;-er)
J

Kb, el MPTA AR T AREE BRI e HHE
132 2z RSEAE, FoRRFE L O PR,

N Y B R G 2 M AE ., CAGR R
2 SRIE R IR D 5 i 4 (R G, AN TR A
Ji 93 R i A B R 7 e, BT
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Table 4 The recommendation performance of different presentation layer algorithms on
three common persistent group datasets (%)

Ty CAMRa2011 MS MR
H@5 H@10 Na5s Na@10 H@5 H@10 Nas N@10 Ha@s 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
VRS Weeplaces Yelp Douban

R@5 R@10 Nas N@10 R@5 R@10 Nas N@10 R@5 R@10 Na@s 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 48.40 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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