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W E 4L (Session-based Recommendation,SR) § B ERAM S ERZ EEFZRAF B EFIT—ADER. CREZHAFLN
REIH KPR EEE, LA MO LA R, AAWY SREBEREF X EA P KT HRAAALE KRG ITHRE, 2
BT EEAAGEKEL, A RAIE AR . FmE My E W EF, X LR FE AT A AR A BIAT A, e B R
WA EBRER P ERH IR EFGHEBEAR LRI ARERFARRERTAMNEOLEE, XPRET A THN
ITAMAER % EE N L FERFEA (Adaptive Multi-Attention Network, AMAN), & 26 S MMAT A BRI 2E/F TN EREA
FHMAGR REE L IANEMHHITLERE A A EEE N W% (Directed Graph ATtention network, DGAT) M 4 & %% 5 T 4
Sh EAE, B IE S A 3K LR AR B UL B AR 69 4 e 18] 69 K BRM 4R 4E BT M B 2 & ) M % (Operation-level Heterogeneous Graph
ATtention network, OHGAT) MIRAE B 5 5] 4 o K AR, B 3E B K LA R R MAIBAE A S & 6 XM BNAT AW R EE D
M ¢ (Micro-Behavior Co-ATtention network, MBCAT) % 3 # W4T 4 J# 7 £ 4E . B i€ 2 4 3k R B AWLAT 4 5 70 19 69 IR B be . &
Yoochoose, Taobaol4 ## Taobaol5 iX 3 N4 #E & Loy FI LR A TR 7 M THREER,
KB AFEREF;MNATH; FHAGE; ZE RS
RERSES TP391

Modeling User Micro-Behavior via Adaptive Multi-Attention Network for Session-based
Recommendation

QIAO Jing-jing' and WANG Li*
1 College of Information and Computer, Taiyuan University of Technology,Jinzhong,Shanxi 030600, China

2 College of Data Science, Taiyuan University of Technology,Jinzhong,Shanxi 030600, China

Abstract Session-based recommendation (SR) aims to recommend the next item that matches the user’s preferences based on
their short-term session information. It does not need user’s profile and long-term historical information and has a broad applica-
tion prospect. Existing SR models usually focus on user click behavior or only use a single type of behavior data,ignoring the spe-
cific semantics of user click behavior,such as browsing,collecting, carting, purchasing,and so on. These behaviors with different
semantics are called micro-behavior, which reflects the transformation of user intention and decision-making process in the shop-
ping process from the micro level and will provide valuable information for improving the recommendation effect. Therefore. an
adaptive multi-attention network (AMAN) based on user micro-behavior is proposed for session-based recommendation. First, we
model the sequence of micro-behavior as heterogeneous directed graph,and then build three components for session-based recom-
mendation. Directed graph attention network (DGAT) learns item representation from the item level and adaptively captures the
associations between items with the same micro-operation. Operation-level heterogeneous graph attention network (OHGAT)
learns item representation at the operation-level and adaptively captures the associations between items with different micro-ope-
ration. Micro-behavior co-attention network (MBCAT) learns the representation of micro-behavior sequences and adaptively cap-
tures the dependencies between different micro-behavior sequences. Experimental results on Yoochoose, Taobaol4 and Taobaol5
datasets show that AMAN outperforms the state-of-the-art baselines.

Keywords Session-based recommendation, Micro-behavior, Heterogeneous directed graph, Attention network
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B ARAT 2T 509 3K B n S A TRV B AT R 7 81 00 7 ¥
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AMAN BB ] 2 5] S50 £ BR [ 40 5 R AR B o
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5.1 #HiE&E

A HE Yoochoose,s Taobaol4d 1 Taobaol5 iX 3 N4
PRAE L PPA AMAN A6 B (9 4 77 PE g . 8 5 . % B4l 2 8 an
TAabHE . 1 ¥ Yoochoose H', 38 & buy J& H br#i1E » click J&4H
BI484F s 7E Taobaold W, #8%E payment & F Fr #8245, i BY 245
145 click, collect Al add-to-cart; fE Taobaol5 A7, #8 & pur-
chase J& H#5#21E , click , add-to-cart I favourite J& i Bh #21E .

HUEEARE TR E R 1 MWE B 2R RN SIS (% S0k

5 LWL

D https://github. com/CRIPAC-DIG/SR-GNN
2 https://github. com/Autumn945/MGNN-SPred
3 https://github. com/ciecus/ MKM-SR

HJE D 1 kS Bl A B 28 B RR 48 (275 309D (U AR B
PRAE Z 09 H B R AT 09 M A AR N B AT O 8. 4) 5 I [A]
JURE 2 BRI 80 0 A4 AR SR A S I R4 U5 10 00 4 S i 4R
BT S HORE T R 100/ K 4E . 3 1 B9 B 4k
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Table 1  Statistics of datasets
HoimE Yoochoose Taobaol4 Taobaol5
238 # 9249729 987994 424170
L/ER ¢ 52739 2876947 1090390
it e 2014/04/01— 2014/11/18— 2015/05/11—
 E 2014/09/30 2014/12/18 2015/11/11

5.2 XfLb#RE

TP AMAN AL B P RE , B B 2 A A
FOFIT R Y 10 M EREAT AR,

(1) AT 8B, f 45 15 48 4 7% 44 4L (POP, S-POP,
IKNNY L FPMCH) il T3 B2 2 2] i 8 (GRU4RECH
NARM®!,STAMP™!, SR-GNNVI1) |

(2) t W AT N B AL, 42 5 MGNN-SPred”™) fil MKM-
SR¥L10] .

% F POP,S-POP,IKNN, FPMC, GRU4REC, NARM #i
STAMP. fi ] Ludewig %5 $2 41 i AR  AH G 2 Bl 5

G0 gy A BOAfE . MGNN-SPred i il buy/payment/
purchase N B AR E4E , click M4 B /E. MKM-SR # bR >J
PR A FBIAE 55 . X T 84T AR, AL ] B AR #54E XS
NLEIAT R P 5
5.3 EMriER

A R@K Fl MRR@K 7 M 447 . R@K(Re-
call calculated over top-K items) A T 1 & 10 5 B . & n 7E
HEFEF R top-K MW 5 P IEFHER Y &0 LBl . MRR@K
(Mean Reciprocal Rank calculated over top-K items) 3 7~ 7F
A2 F top-K A~ &b v 1E 0 1 25 04 0 0 HE 2 80 B T Y
fH. M4 KT KB HEABERR 0,

o T BRI Az AL B 1, IR I 25 R B OR [R) R HERE
B AR K . Sc s b % 18 K€ (5.10,20,50,100}

5.4 SHIEE

225 3CHRES-6 1, Y5 4R BE ML 26 R 1/10 AF Jy 36 ik 42
HATBSEEN. A SENBER O AR MEZE R 0.1 19w
Wror A BEAT WA AL . A SO Adam fRAGAS 3t KNI E N
128, dropout & 0. 2, §] 1H 2% > F N 0. 001, £ 3 4> epoch J5

o
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0. 1L, L2 EMAL R 10 °, 2k AERE LN 4, 5.5 fEEELLE
Yoochoose %4t £ 4 6] 41k 4k B 5 64, I~ Taobao 4 48 4 1l T HEUE AMAN A58 7 f 8 (A4 BE L R FG 5 i off A R ok
wHAEE N 128, B S RNk 2— 3£ 4 s,

%2 AFREAITE Yoochoose I 1) 52 1 45 7

Table 2 Experimental results of different models on Yoochoose

R@ MRR®@

A 5 10 2<(: 50 100 5 10 ZOC 50 100
POP 0.0000 0.0000 0.0273 0.0545 0.0955 0.0000 0.0000 0.0020 0.0027 0.0032
S-POP 0.1818 0.1818 0.1864 0.2091 0.2364 0.1252 0.1252 0.1254 0.1259 0.1263
IKNN 0.3273 0.4182 0.4773 0.5545 0.5818 0.2147 0.2275 0.2317 0.2343 0.2346
FPMC 0.1500 0.1591 0.1591 0.1818 0.1818 0.1062 0.1075 0.1075 0.1083 0.1083
GRU4REC 0.3864 0.4773 0.5818 0.6591 0.7227 0.2311 0.2436 0.2510 0.2537 0.2546
NARM 0.3682 0.4955 0.5682 0.6773 0.7136 0.1966 0.2139 0.2195 0.2227 0.2233
STAMP 0.3318 0.4773 0.5991 0.6227 0.6909 0.1846 0.2041 0.2097 0.2119 0.2128
SR-GNN 4.3060 7.0980 11.0554  16.9118  21.2605 2.5229 2.6542 2.7010 2.7862 2.8224
MGNN-SPred 5.2600 9.1100 14.1200  22.3700  28.6300 2.7500 3.0100 3.4500 3.5700 3.6600
MKM-SR 5.4441 9.6912 15.1818 24.4057  31.3556 2.7866 3.0711 3.5417 3.8182 3.9401

AMAN

(ours) 5.7163 10.4259 16.4966 26.7316 35.1841 2.8850 3.2345 3.7814 4.1236 4.2750

Improve 5.00 7.58 8.66 9.53 12.21 3.53 5.32 6.77 8.00 8.50

T« R i 45 SR AL 5 W AT 45 BT A 8 o i) B A 45 SR RO 45 SR 43 S T SR AR R R R AR L IR R — 47 AMAN
H5E TR AR LU Bl o R o AR R 185 9 T

£ 3 AREFEIALE Taobaold b 5L 45 H

Table 3 Experimental results of different models on Taobaol4

S, R@ _ MRR@
5 10 20 50 100 5 10 20 50 100

POP 0.0305 0.0355 0.0355 0.1320 0.1827 0.0305 0.0305 0.0308 0.0341 0.0349
S-POP 0.8071 0.8071 0.8122 0.8274 0.8426 0.7766 0.7766 0.7770 0.7775 0.7777
IKNN 0.1218 0.1320 0.1371 0.1726 0.1929 0.0745 0.0761 0.0764 0.0774 0.0777
FPMC 0.7919 0.7970 0.8020 0.8223 0.8325 0.7716 0.7723 0.7726 0.7731 0.7732
GRU4REC 0.8274 0.8680 0.8934 0.9086 0.9137 0.7086 0.7144 0.7160 0.7164 0.7165
NARM 0.8426 0.9036 0.9391 0.9695 0.9797 0.7404 0.7478 0.7504 0.7515 0.7517
STAMP 0.6244 0.7716 0.8376 0.9441 0.9644 0.4157 0.4360 0.4407 0.4442 0.4445

SR-GNN 13.4816 17.1684  23.4775 28.1155 35.2692 11.8464 11.9648 12.0280 12.2804 12.7695
MGNN-SPred 16.6064  22.2181  30.3500 37.4293 47.7559 13.0046 13.6623 14.4712 15.2234 15.6870
MKM-SR 17.2391  23.6601 32.6718 40.8953 52.3548 13.1958 13.9601 15.9028 15.9469 16.1501

AMAN
( ) 18.1528 25.4819 35.6123 44.9030 58.8468 13.6471 14,7502 17.0144 17.0993 17.3835
ours
Improve 5.30 7.70 9.00 9. 80 12.40 3.42 5.66 6.99 7.23 7.64

T - R A4 SR AL 5 U AT 45 A S AE A 1 v A B A 45 R RO 45 58 23 0 R AR R R R AR L B R — 4T AMAN
A58 TR A L i o R v AR 185 B T
4 AREBLBAE Taobaol5 -1 955 45 R

Table 4 Experimental results of different models on Taobaol5

- R@ _ MRR@
5 10 20 50 100 5 10 20 50 100
POP 0.0038 0.0038 0.0038 0.0038 0.0113 0.0008 0.0008 0.0008 0.0008 0.0009
S-POP 0.2189 0.2264 0.2264 0.2264 0.2264 0.1877 0.1885 0.1885 0.1885 0.1885
IKNN 0.0868 0.0943 0.1094 0.1094 0.1132 0.0563 0.0573 0.0585 0.0585 0.0586
FPMC 0.1962 0.2075 0.2113 0.2189 0.2226 0.1657 0.1674 0.1676 0.1679 0.1679
GRU4REC  0.1925 0.2264 0.2491 0.2906 0.3019 0.1472 0.1516 0.1532 0.1544 0.1546
NARM 0.2302 0.2755 0.2981 0.3245 0.3396 0.1804 0.1861 0.1875 0.1884 0.1886
STAMP 0.1811 0.2151 0.2491 0.2717 0.2830 0.1380 0.1429 0.1455 0.1463 0.1464
SR-GNN 2.6473 4.4080 6.2601 8.4370 10.5276 1.9844 2.0471 2.0625 2.1347 2.2369
MGNN-SPred 3.2507 5.6944 8.0655 11.2141  14.2344 2.1693 2.3290 2.6482 2.7127 2.7719
MKM-SR 3.3742 6.0588 8.6785 12.2458  15.6009 2.1997 2.3779 2.7202 2.9020 2.9851
AMAN
Cours) 3.5503 6.5211 9.4335 13.4214 17.5198 2.2787 2.5049 2.9052 3.1385 3.2406
Improve 5.22 7.63 8.70 9. 60 12.30 3.59 5.34 6. 80 8.15 8.56

T« R i 45 RO RN 5 YE AT 45 R A0 B L A 1 Y B R 45 2R R 4 SR 3 R ORI R R b L S — 4T AMAN
58 TR AR L o A TR 185 B 1
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BFIRD I BE T /N P R VE R R 2, S O R B i . B R
Bom K WA, Ir A 778 R A1 MRR #8465 13 2 T F
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(2) GRU4REC, NARM., STAMP Hl SR-GNN X 4 />3t
TR 2 ] BT EAS T L AR R B 2% ) O ik TR R OR L 1
WS A T SIS R %k, ik 4 BRI T
AT, S PR RE 4 AR I T IR 4 i 30, STAMP %5 &
— ™ TP R O YT R TR 3 MR R P AR R 22
B B DL AL PP o 30T B 28 ) S ) ) S RO . SR-
GNN fiff ] 121 1 2 ) 5% A5 40 22 ] 1) 2 4= 40K G 3R, # 72 3
BT 2T RNN k.

(3 RO AT 9 B B AL T B AT g B . MGNN-SPred Al
MEKM-SR B L8 45 R W, — J5 T % 18 2 04 (OO0 AT o Re 6%
T SIEHEREMRE L 53 — 5 T 8 ST B BOWAT O 2 LY 25 15 TF
DI A R OIAT N Z R S RIEF

(4) AMAN BERIGE T IR P A B ARAEAL . 5 X L Se g b
P fig i £ B MKM-SR # 2 4 b, AMAN 7 Yoochoose,
Taobaol4 #l Taobaol5 i% 3 M4#E A L. R@20 43 53¢ = 1
8.66%,9.00% H1 8. 70%, MRR@ 20 4> Hl# & 1 6. 77%,
6. 9960 6. 80 Y4, UEW] T JH P BOWAT Dby 18 23 345 4l 7 i H AT A%
. AMAN 7£ Yoochoose I+ [ i $2 F+ £ F P9 4> Taobao ¥k
P 4E . AT BEAY R R 2 Yoochoose $#iE 4E o H b5 47 4 ¢ 41 B9 ~F
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5 4% 71 477 R RE
5.6 JHEIKIE

3 3 97 RS G 06 E AMAN A5 25 A 21 R R A stk
AR IH L AMANY R R B 1 2R “w/0 DGAT
R B DGAT 444, % fay 8 b I 5K (1) BR AT 19 15 4k R AE 40 4
1t OHGAT W% A “w/o OHGAT” % 78 # Bk OHGAT #
Hi“w/o MBCAT £ R B K MBCAT il , X} OHGAT #£15
B9 R AR KA T AR AT B ARAT R T 51 AT A B AT N P
G RAL, SCHEE KR 5 pral,

#5 IS
Table 5 Ablation results
o Yoochoose Taobaol4 Taobaol5
: R@20 MRR@20 R@20 MRR@20 R@20 MRR@20
w/o DGAT 15.6718 3.6680 34.1878 16.3849 9.0562 2.8122
w/o OHGAT 16.1238 3.6869 34.5439 16.6401 9.1505 2.8297
w/o MBCAT 16.2656 3.7360 34,9001 16.8443 9.2731 2.8761
AMAN 16.4966 3.7814 35,6123 17.0144 9.4335 2.9052

MR 5 A LT 458 .

(DA 1 RS M4 DGAT fg i 4 25 E 7 A 5] 12 00 45
PR 5 TR DG, R S iR AT S5 P TR B . BIRIZ
#1F . ¥E Yoochoose, Taobaol4 il Taobaol5 X 3 ~H¥E4E I,
R@20 43 BIFEAR T 5% .4%.4% . MRR@20 73 AKX T 3%
3.7%,3.2%.

(D BAER R E A E S W% OHGAT fefig i3k L A
IFi) SO A58 A 1 0 T ) DG 6 L AR T S TR M R P RE . BRI
H A} A Yoochoose, Taobaol4d #1 Taobaol5 i%X 3 444 L.
R@20 4> HIFAE T 2.26%.3% 3%, MRR@ 20 4 5| A% T
2.5%,2.2%.,2.6%.,

() OWAT M B IR 1 2 3 2% MBCAT e % 4l 25 A 5] 1%
NRAT A 40 ) AR T P R £ TR AR AL T AU Bk . BB B
ZA . F Yoochoose, Taobaold il Taobaol5 iX 3 ™% &
1 R@20 4 BIBEAR T 1.4%.2%,1. 7%, MRR@ 20 43 ] B
KT 1.2%,1%,1%.

(4) AMAN RAY AR 2% 2] Wy [ 1) G 06 Pk, 7 FL B 6% 2%
STAT Ay ) 0 AR 81 1 2 0 38 SR e i IR TR T = A 1 0
Tk, = AR,

5.7 AEAMMITAHFIIBEFXLH

N T BRITOAT R Al A T 2 AMAN A5 D HE 75 1 i Y
AT R e Sl B E i v [ o= A O T E <
FCHAT I IGAE . R AR X W AR SRR, AT 3R A 2 1E
FAE PR32 F0 1T 45 7 MR A0 45 1 S BT 7 5 R AE SRR, DA TG 4K
1% HFRAT 7 3 R AE A0 BI AT 9 )5 51 RATE . % HARAT A )5 51
FAF NG B AT 77 5 FRAE 43 S HE AT BB AT AR RS, AT AR
B 25 RAE X 1 3R 2 5 RAE 5 95 5 P — A4 SR A
IR, S ESE . 6 5] H T MGNN-SPred # % fl AMAN
R R TS [R) AU A T A il A X SE 36 45 5 AR SC L@ 20
Bl AT UL A

Zulyf P = ISid
6 WORAT T ELG T Y S 25 R
Table 6 Experimental results of fusion method of micro behavior sequence
B A Az sk fa #f # 748 R EE A
R@20 12.0975 13.1973 14.1200 14.2121
MGNN-SPred ; ~
MRR@20 2.7730 3.0251 3.4500 3.4752
Yoochoose _
R@20 16.2622 16.2713 16.2971 16.496 6
AMAN R
MRR@ 20 3.7340 3.7395 3.7420 3.7814
R@20 26.1157 28.4898 30.3500 30.5762
MGNN-SPred R
MRR@ 20 12.4772 13.6115 14. 4712 14.5310
Taobaol4 -
R@20 34.9000 35.0553 35.3640 35.6123
AMAN ;
MRR@20 16.8442 16.9210 16.9458 17.0144
R@20 6.9179 7.5468 8.0655 8.1759
MGNN-SPred N
MRR@ 20 2.1305 2.3242 2.6482 2.6513
Taobaol5 ;
R@20 9.2730 9.2755 9.3100 9.4335
AMAN .
MRR@ 20 2.8761 2.8830 2.8869 2.9052

FIEE 6 A0 A SCROMAT S B[] 2 38 0 il O 0O 0 it 4

fil A BT 045 SR DI AT A A5 B S OR R . TR



124

Com puter Science

THEPLEE Vol. 49,No. 11, Nov. 2022

ML RE 9 F Bl 2% ) B AR AT b 8 50 R A6 B AT 0 1 51 9 2 22 1
B J2 R BE X 43 A R 4l Bh AT R 8 200 6 H AR AT 20 T 5 A 22 2 4
SRR Z . PR RAE R BE X 4 H bR AT N R A1 R B A7
RPN E M, SR RO 22 T LS . R FTOR X 43
B ARAT R AT BIAT R, 250 AR i 22 . MGNN-SPred #5 # fifi
FHZAS SCHE A B IR] 3 5 ML HRAS T L B 9 ST T R LA
T R B TE T 38 442 8 5 R OR [ O AT R T 81 2 )
4 A4 5 P i 0 4 4 A i

BWIE AR SCK ST T 5 EA R BT MOWAT R T 5 1 5
FAT L 42 T AMAN 2535 #E 2 AR 0, i 0 AT 1) B v
F1 W 45 (DGAT) FEAF % 54 B i 2 51 W 4% (OHGAT) 43 3
A B AN A G2 T Wy FRAE L R AR LA A TR RR
I UL AR % 0 ot T B DG BB M o 3 5 (OWR AT Dy B3 D 3 7 T W)
2 (MBCAT) 2% 3 tf W AT 2 J5 51 3RALE . 38 I 4 48 A 7 300
1 A E AR #8 P . 7F Yoochoose, Taobaol4 il Taobaol5
X3 AEIE A R ST IR A SRR AR SOy AR A ek i 3
SRAAY RS b, T LUK AE — SO R R4 g B AR R4 LR T
H AR 1E B 5% 0 Mt v B . 76 )5 2 MBI 8 o 3 Rl O
Z R BNE B GNP 2 A5 B0 A4 B LS B R 4 5 R A,
PR AMAN B8, [6] i 8 2 F AT R 3 80 HR 28 A I 2 B %
A — Jigt %R T A % M0 R XS W %0 JF BT A A LR T
SR MY HEFFERE

2 % X M

[1] WANG S,CAO L,WANG Y,et al. A Survey on Session-based
Recommender Systems[ EB/OLJ. (2019-02-13) [2020-09-13].
https://arxiv. org/abs/1902. 04864.

[2] CAO Y,ZHANG W,SONG B,et al. Position-Aware Context
Attention for Session-based Recommendation[ ]J]. Neurocompu-
ting,2020,376:65-72.

[3] GUO Y,ZHANG D,LING Y,et al. A Joint Neural Network for
Session-Aware Recommendation [ ] ]. IEEE Access, 2020, 8:
74205-74215.

[4] HIDASI B, KARATZOGLOU A.BALTRUNAS L, et al. Ses-
sion-based Recommendations with Recurrent Neural Networks
[EB/OL]. (2016-03-29) [2020-09-29]. https://arxiv. org/abs/
1511. 06939.

[5] LI J,REN P,CHEN Z,et al. Neural Attentive Session-based
Recommendation[ C]// Proceedings of the 26th ACM on Confe-
rence on Information and Knowledge Management. ACM, 2017 ;
1419-1428.

[6] LIU Q,ZENG Y,MOKHOSI R,et al. STAMP: Short-Term At-
tention/Memory Priority Model for Session-based Recommenda-
tion[ C] // Proceedings of the 24th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining. ACM,
2018:1831-1839.

[7] WU S, TANG Y.ZHU Y,et al. Session-based Recommendation
with Graph Neural Networks[ C] // Proceedings of the 33rd
AAAT Conference on Artificial Intelligence. AAAI, 2019 346-
353.

[8] XU C,ZHAO P,LIU Y,et al. Graph Contextualized Self-atten-

tion Network for Session-based Recommendation[ C] // Procee-

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

dings of the 27th International Joint Conference on Artificial In-
telligence. AAAT,2018:3940-3946.

WANG W,ZHANG W,LIU S,et al. Beyond Clicks: Modeling
Multi-Relational Item Graph for Session-Based Target Behavior
Prediction[ C] // Proceedings of the 2020 World Wide Web Con-
ference. ACM,2020:3056-3062.

MENG W,YANG D,XIAO Y. Incorporating User Micro-beha-
viors and Item Knowledge into Multi-task Learning for Session-
based Recommendation [ C] // Proceedings of the 26th ACM
SIGKDD International Conference on Knowledge Discovery and
Data Mining. ACM,2020.:1091-1100.

SARWAR B,KARYPIS G,KONSTAN J,et al. Item-based Col-
laborative Filtering Recommendation Algorithms[ C] // Procee-
dings of the 10th International Conference on World Wide Web.
ACM,2001.:285-295.

RENDLE S,FREUDENTHALER C,GANTNER Z,et al. BPR:
Bayesian Personalized Ranking from Implicit Feedback [C] /
Proceedings of the 25th Conference on Uncertainty in Artificial
Intelligence. ACM,2009:452-461.

RENDLE S, FREUDENTHALER C,SCHMIDT-THIEME L.
Factorizing Personalized Markov Chains for Next-basket Re-
commendation[ C] // Proceedings of the 19th International Con-
ference on World Wide Web. ACM,2010:811-820.

TAN Y,XU X,LIU Y. Improved Recurrent Neural Networks
for Session-based Recommendations[ C] // Proceedings of the 1st
Workshop on Deep Learning for Recommender Systems. ACM,
2016:17-22.

JANNACH D.LUDEWIG M. When Recurrent Neural Net-
works Meet the Neighborhood for Session-Based Recommenda-
tion[ C]// Proceedings of the 11th ACM Conference on Recom-
mender Systems. ACM,2017:306-310.

HIDASI B,KARATZOGLOU A. Recurrent Neural Networks
with Top-k Gains for Session-based Recommendations[ C] //
Proceedings of the 27th ACM on Conference on Information and
Knowledge Management. ACM,2018:843-852.

LI Z,ZHAO H,LIU Q,et al. Learning from History and Pre-
sent: Next-item Recommendation via Discriminatively Exploiting
User Behaviors[ C] // Proceedings of the 24th ACM SIGKDD
International Conference on Knowledge Discovery and Data
Mining. ACM,2018:1734-1743.

SONG Y,LEE J. Augmenting Recurrent Neural Networks with
High-Order User-Contextual Preference for Session-Based Re-
commendation [ EB/OL]. (2018-05-08) [2020-09-13]. https://
arxiv. org/abs/1805. 02983.

CUI Q,WU S,LIU Q.et al. MV-RNN: A Multi-View Recurrent
Neural Network for Sequential Recommendation [ J]. IEEE
Transactions on Knowledge and Data Engineering, 2020, 32:
317-331.

QIU R,LI J,HUANG Z,et al. Rethinking the Item Order in
Session-based Recommendation with Graph Neural Networks
[C]//Proceedings of the 28th ACM on Conference on Informa-
tion and Knowledge Management. ACM,2019.:579-588.

LIU L,WANG L,LIAN T. CaSe4SR: Using Category Sequence



7t it

Al A < B T IROULAT S Y 1908 B 2 3 B T i A

125

[22]

[23]

[24]

[25]

Graph to Augment Session-based Recommendation [ J/OL .
Knowledge-Based Systems, 2021, 212. https://www. research-
gate. net/publication/346770323 _ CaSe4SR _ Using _ category _
sequence_graph_to_augment_session-based_recommendation.
LE D,LAUW H,FANG Y. Modeling Contemporaneous Basket
Sequences with Twin Networks for Next-Item Recommendation
[C]// Proceedings of the 27th International Joint Conference on
Artificial Intelligence. AAAT,2018:3414-3420.

VELICKOVIC P,CUCURULL G,CASANOVA A,et al. Graph
Attention Networks [ EB/OLJ. (2018-02-04) [ 2020-09-13 ].
https://arxiv. org/abs/1710. 10903.

CHEN W,CAI F,CHEN H,et al A Dynamic Co-attention Net-
work for Session-based Recommendation[ C] // Proceedings of
the 28th ACM on Conference on Information and Knowledge
Management. ACM,2019:1461-1470.

LUDEWIG M,MAURO N,LATIFI S,et al. Empirical Analysis

of Session-Based Recommendation Algorithms [J]. User Mode-

ling and User-adapted Interaction,2021,31:149-181.

QIAO Jing-jing,born in 1993, Ph.D can-
didate, is a student member of China
Computer Federation. Her main re-
search interests include recommenda-

tion system and data mining.

WANG Li, born in 1971, Ph.D, profes-
sor,is a senior member of China Com-
puter Federation. Her main research in-
terests include big data computation

and analysis,knowledge graph and data

mining.

(TR 48 - i 28



	117.pdf
	基于微观行为的自适应多注意力会话推荐
	引用本文





