;‘K o) Eﬂ]ft?iﬁ

ACTA AUTOMATICA SINICA

—FHEHEAREIGR T B IR s

PIFE Tk X4 R Rk

A Sequential Recommendation Method Enhanced by Peer Knowledge
HU Kai—Xi, LI Lin, WU Xiao—Hua, XIE Qing, YUAN Jing-Ling

TELR %152 View online: https://doi.org/10.16383/j.aas.c220347

T ARG A SCEE

JOL R ET T 3R T5 vk 5 R L

Recommendation Methods and Systems Using Knowledge Graph

H3Ik2A4. 2021, 47(9): 2061-2077  https://doi.org/10.16383/j.aas.c200128

Al ARG IR S MCTSHY BT 2o HE R J5 58802 T ik

Acupuncture Sequential Scheming Method With Hybrid Knowledge and MCTS

B sh k73, 2020, 46(6): 1240-1254  https://doi.org/10.16383/j.aas.c180120
BT HE R PRI P RS R 25 R R 2%

Attention—based Collaborative Convolutional Dynamic Network for Recommendation

H3k2A40. 2021, 47(10): 2438-2448  hitps://doi.org/10.16383/j.aas.¢190820
S 2% 8 A T i TR AT AL 1 A RIS

A Recommendation Model by Means of Trust Transition in Complex Network Environment

H 3lifb22 4. 2018, 44(2): 363-376  https://doi.org/10.16383/j.aas.2018.¢160395
Rl B A 22 R R IR SCAR G R 28 A A (R G I 5

Social and Comment Text CNN Model Based Automobile Recommendation
A 3k2A41. 2019, 45(3): 518-529  hitps://doi.org/10.16383/j.aas.2018.¢170245

ST AR T R AR AL P AR R AL 7 1
Knowledge—based Intelligent Optimal Control for Wastewater Biochemical Treatment Process

H sl {b2#4. 2017, 43(6): 1038-1046  https://doi.org/10.16383/j.aas.2017.¢170088


http://www.aas.net.cn/article/doi/10.16383/j.aas.c220347
http://www.aas.net.cn/article/doi/10.16383/j.aas.c200128
http://www.aas.net.cn/article/doi/10.16383/j.aas.c180120
http://www.aas.net.cn/article/doi/10.16383/j.aas.c180120
http://www.aas.net.cn/article/doi/10.16383/j.aas.c190820
http://www.aas.net.cn/article/doi/10.16383/j.aas.2018.c160395
http://www.aas.net.cn/article/doi/10.16383/j.aas.2018.c170245
http://www.aas.net.cn/article/doi/10.16383/j.aas.2017.c170088

F40E FTH H 3 b % #H
2023 £ 7 H ACTA AUTOMATICA SINICA

Vol. 49, No. 7
July, 2023

= A4 > =0
—ME IR B 1858 NRFSEE A
WHE' ZFH' R #K =ER'
i E AR (Sequential recommendation, SR) B R P T FI BN D08, BT — M7 8. DA R T RIR
718 (Knowledge distillation, KD) 1) 2 155 Y £ pi 7 25388 5 K 200 A58 204 Tt 7 M 238 49 A 1 g 5 2B AR TR 4R 25 ST IR BROBR 25
AR T SRR BT P FIRE AR R )25 248, i, B2 H— i [F) A 501 T3 58 N 17 514647 75 % (Sequential recommenda-
tion enhanced by peer knowledge, PeerRec), 1§12 A~ H A 2 5 (1 [F) 11 /9 25 42 B8NS B 5 B0 I\ Fn i #2047 PR BE B L
AHE ). AR 1 B B iR 28 B BE A L 28 2 B B 2 N ol o BN 7 e )s 4 SR B 22 A TR A IR B BERE AR R 2R
AT IR SR EREAR. SRJE, 32U I 286 1) P R Af 0 35 CE A A 00 (1) ME 26 20 AR TR T B B I RE AR 232 ST A ) MR = )
FIRREEMMBER. 3R FHIEE LS in st RRH, 1211 PeerRec 71240 LT B8 B3R 28 775 E 56T Top-k 19
fabr LGRS T AR B, HEA RIGFIELHERZCE.
KRR FIIHERE, AN NGE, FRAEE, ZIR IS
SIAEN  HHITE, W, RANE, BIK, Rk, —MEE R EIESET 0 7 S HEE TR, B3Rk, 2023, 49(7):
1456—1470
DOI 10.16383/j.aas.c220347

A Sequential Recommendation Method Enhanced by Peer Knowledge

HU Kai-Xi' LI Lin' WU Xiao-Hua"? XIE Qing' YUAN Jing-Ling'

Abstract Sequential recommendation (SR) aims to model dynamic interests within users’ interaction sequences
and predict the next behaviour. Current knowledge distillation (KD)-based multi-model ensemble methods gener-
ally adopt teacher’s probability distributions as soft labels to guide the sample learning of its students, posing a sig-
nificant challenge to focus on the samples with less confidence. To this end, we propose a novel sequential recom-
mendation method enhanced by peer knowledge (PeerRec) that makes multiple sequential prediction networks (peer
for each other) with distinct knowledge conduct two-stage mutual learning by following the easy to hard human
cognition. Based on the knowledge distillation in the first stage, the deliberate practice in the second stage mines
the potential samples from the low confidence samples by combining multiple peers through a dynamic minimum
group strategy. The training network can further employ the probability distributions from peers to adjust itself
learning weight where better representations of dynamic interests can be derived. Extensive experiments on three
public recommendation datasets show that the proposed PeerRec not only outperforms the state-of-the-art methods,
but also achieves good efficiency in online recommendation.
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4 SEESHR

7T VG B BT A HEFE R Y PeerRec A
Rk, ASCRE T AT 4 MFFT R (Research ques-
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RQ 1. PeerRec B8 5 H i 58 1 Fr H1HE A5
RUFHEL, HEFFAS FE anfe 2

RQ 2. ASCHR 125 T R A0 V3 B3 5 16 )1 2%
772X, XA HER 2R () fo A 2 K7

RQ 3. H4h0[RfF M 25 i i 2 A e it — P 4R
Tt PeerRec # 8 [ HEEERG FE?

RQ 4. AR PeerRec fA & 15 BA K 4T
FRAE AR R

X RQ 1, ARSCHEXTEG B A 58T 7 F1 4T
R B0 RQ 2, A SCHE I8 IS 0 7 52568 5 1 HAS [F] 1)
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o 51N 2 B A R 2% B TR R PR RE AR 1L £T
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TR (ML-1m HZIFA, LastFM & R 2R
FAEF F Toys W PR 7)Y HEAT T HHK
SEAG. BRI BRI SN 1 R,
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Table 1  Statistics of dataset

ML-1m LastFM Toys

Nk 6 6 040 1 090 19 412

17 R HE 3416 3 646 11 924
KT A AT R 2275 897 548

T B AT B 16 3 3

FE A 34T S 163.50 46.21 6.63
Fe AT RHCE T % 192.53 77.69 8.50

2 SCHR (1, 17) P A FAR By 50, AR SO
FP AT A R SR I TR e Ja e 681, JR5 B T
ST 5 BIATEERA 7, R84 81 vh i oK
—MT IR, RS AT E N R,
HARM N ZhEe. KPP N BEE A 200.
N T RAE P 9 K BEPE B RV A, A SR 1)
Fe A WA B 72 0 B A1 PP 4.

4.2 SRWRE

A Adam FIZEYETE S 215 (WIGHE N
1x 1074) YIRBER ) DI RFEAALE R NEE N
256. fEFRIFEMZE T, R CREZRHERIIEH L
N2, SKE RN 2, IR AN M RIRIIYERE d v 64, H[A]
Rl = 4E 5 O 256. AR B AT 3R MR R
7730 B IIEEETE {0, 0.1, 0.2, 0.3, - -+, 0.9, 1.0},
{0, 0.01, 0.02, 0.03} /11 {0, 0.5, 1.0, 1.5, 2.0} JEFE AN F-
R EFEFN IR B SR GES o By A
A, FER A AR MREE LI RE. e, A SCHE ML-
1m. LastFM il Toys Fi#a £ F18 H I ESHA
A (o, B, ) 51A (0.5, 0, 2.0), (0.5,0.01, 1.0) F
(0.5, 0.02, 1.0).

AR SEIE IR B 40 R : Intel(R) Xeon(R)
CPU E5-2650 v4 @ 2.20 GHz, NVIDIA TITAN
Xp GPU (&A% 12 GB), 11.0 fiiA& K CUDA. S5
ISR 2.7 AR Python A1 1.14.0 fiRASH] Tens-
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W 547 A BRSO (AT EE) TN
M.
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transformer)'”. —Ff2ET BERT & 5 8 FJH XX
[ Fy 5145 B R A B S R A 5 1.

3) S’-Rec (Self-supervised learning for se-
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SRS e A7 A0 P 8l P9 S Bk ) P B HE A 7 7
NTAFRE, ARSCERR T RSN S B
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Y A B SRR,
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with sequential hypergraphs)®. —F7F| FH i B &N
SRRAN [T I 2 FH P B 25 R FR) 4 7V
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T I ) 25 M SRS, AR SO A2 SR BT I 5 I 4
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BT VB A B A M ANAT R % RARIB LI T7 V2.
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PEHCT AN [FIIE 20 1 FH 2 D688, (H 7 51+ B B e 4 it
A5 AR, PR 7R PERE. BERT4Rec 1
AEEEARME T S3-Rec 1 HyperRec, #i# BERT4Rec
A LA RORI 7 51 H LA SUE B8 MR IR
1% 2], T L8 R-CE A EFIGERERFEE
1) ML-1m $4E4E _ERIELF, TE)F 54T 8D
#] LastFM fll Toys £idi & E R I Z, W
JIAEHAT RO, KM TEER S FEA SR
FR, HERE MR RE R AE.

2) BT Ak STOSA kA s 74 Lk
RIEAF, JCHAE Toys BIH4E LIS 7L PE
fe, JERITE T Wb o0 A in 1 BB AT N7 4
], Be A AAE SR AT N R R &R AE
Toys ¥R £E HRQ1 #5845 I, PeerRec 4 BETH 55
T STOSA, JFRTET PeerRec K H £ [F] £ X 4542
R 3R, PTRZR B K B 2 [ 05 PRI AT 2R
BIECE B M) Toys B4l 4E b, 2 5 m) T B A4
PACHERERE L.

3) PeerRec J7iEH PRI E I 248 7E 44K %
Baabr b2 RN HAOLT 34 057, £ ML-1m.
LastFM F1 Toys #(#i%E I, PeerRec #H LT 5451
KL 7%, /£ NDCG@5 fibr Bl #2TH 1 9.02%-
5.03% A1 1.31%. JRHFET PeerRec JEFHZ A
[F) A [ 28 S ABEAT 9 7 1 v B B AS DR, W] LE R T-4)
A BRI T IR R KRR 23 (6], HeR AR
B A AE R BB 2507 A4 1 [R)AF: X 28 X 7
FEA B MBI B BLRE /7. TP A F 1 e 2
SN BARRISLFR T, 755 2Ll A B,
A LR R B — AR N 28 SR THE e HERE 0.

Bl R EIERINARIR IR 247 (RQ 2)

W 3 o, AR SCH BT 5 2 M Beii %)
B, i Ho R R g R . 85, Al 4 p
N, ARSCORBEHS 1 B BUR RIRZR RO 77 55 2 B Be
ZIBINGR AR Ry, BEE IS ZI = 2R AR 1

1) 22tk 1. 75 (10) w20l Zons 3 245 0%
IR (B o BB N 1), (XPRBEEE 1 B BUmFiR 7%
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Table 2 The comparison with baselines in terms of accuracy based metrics
Bl i HRA1 HR@5 HR@10 NDCG@5 NDCG@10 MRR
POP 0.0407 0.1603 0.2775 0.1008 0.1383 0.1233
BERT4Rec!"” 0.3695 0.6851 0.7823 0.5375 0.5690 0.5108
S*-Rec! 0.2897 0.6575 0.7911 0.4557 0.5266 0.4535
HyperRec!! 0.3180 0.6631 0.7738 0.5014 0.5375 0.4731
M-tm R-CE!" 0.3988 0.6478 0.7404 0.5327 0.5627 0.5179
STOSA!M 0.3222 0.6546 0.7844 0.4967 0.5389 0.4716
PeerRec (FIfE 1) 0.4250 0.7197 0.8141 0.5843 0.6150 0.5600
PeerRec ([FAlfF 2) 0.4252 0.7225 0.8141 0.5860 0.6157 0.5610
POP 0.0202 0.0908 0.1780 0.0544 0.0825 0.0771
BERT4Rec!"” 0.1091 0.3294 0.4614 0.2227 0.2648 0.2266
S*-Rec! 0.1156 0.2844 0.4229 0.2003 0.2452 0.2148
HyperRec!”! 0.1146 0.3147 0.4688 0.2150 0.2646 0.2241
LastEM R-CE! 0.0651 0.1835 0.2862 0.1243 0.1570 0.1397
STOSA!M 0.0752 0.2165 0.3412 0.1458 0.1860 0.1556
PeerRec (FIfE 1) 0.1294 0.3495 0.4789 0.2339 0.2755 0.2341
PeerRec (FIfE 2) 0.1248 0.3358 0.4835 0.2318 0.2796 0.2378
POP 0.0260 0.1046 0.1848 0.0652 0.0909 0.0861
BERT4Rec"” 0.1390 0.3379 0.4596 0.2409 0.2802 0.2444
S*-Rec!" 0.0990 0.3023 0.4393 0.2021 0.2463 0.2081
HyperRec! 0.1147 0.2875 0.3909 0.2031 0.2365 0.2087
Toys R-CE" 0.1130 0.3189 0.4529 0.2179 0.2611 0.2233
STOSAM 0.1838 0.3587 0.4550 0.2749 0.3059 0.2732
PeerRec (FfE 1) 0.1794 0.3703 0.4785 0.2785 0.3134 0.2810
PeerRec (FIfE 2) 0.1782 0.3706 0.4778 0.2781 0.3127 0.2803
HRQ1 $5br B4 th ~F354E, I3 N5, 3 MRS RS
1) B2 M E I Z E N Za] LAESE 1 B BR AR Table 3 The comparison between knowledge
7*3"/55'731 E(J %EEH J:lﬁﬁjj/':i%ﬂ‘l‘i ﬁ'é ZI-QITLEF ﬁ E]/‘J Peer- distillation and deliberate practice
Rec B R FLFA BERT4Rec T RE, BI{EK ¥dE%  HRael NDCG@5  MRR
1 ANFEFEMZEES, PeerRec # A HTiE 4Ly BERT4- ML-lm 03952 05656 05386
Rec 1M, 55K 3 ME 4 i LEH, LR RS VAR LastFM  0.1119 0.2301 0.2314
ARICAES 1.2 W 07— B, KR G P R Toys 01699 02161 02767

T4 AR ) BERT4Rec, 1] PeerRec #7 1] D)
FEFIR ZS TR il bk — PG g e FE R A
BIAS PRI 3] R T AR SCHE H P B IR £
VU B BRI 2R B R

2) KH 2 A FEFEM 25 AT MY B 22 2T, {HAE
52 BB R AT AR AR 2R o) AR T MERE S R
ANFFEEE T, Wl 4 s, 24k T 5 5% %1 Peer-
Rec #iAUFA LY, 7E ML-1m. LastFM fl Toys #(#i4E
ERPPITERE S0 R T 1.65%- 7.43% F1 11.54%.
XK B IE S 2 = IR0 B AR S 2 0] DL RO R H 2
A FAE AT 51 I sh 2 D, SRR M fE.

3) WFF A e/ N TR R ok g€ e, AR

ML-1m 0.4251 0.5852 0.5605
Z|Z %5 PeerRec LastFM 0.1271 0.2329 0.2360

Toys 0.1788 0.2783 0.2807

AE IR B, JE X B SE B (1) PeerRec AR AR {4
II AT PLUA I, 76 LastFM fl Toys $di 4 L, AL
FEAT) y Bl Hb I EAE BT (R4 9 25 o A8 S0 40 2 #18
ERIREAS 3 BT T AR A 2 I R R A O TR,
BT P A HEE RS BER AR T, A LG T4l 0 1) R-
CE J7¥%, 5% 1f) PeerRec #AYAE ML-1m ##54E
A ERE (v WE R 0), IS T BRI ERE.
X 3 B RO SR S H P T S K HoAg ik 4R 5
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Fig.4  The comparison between the variants of PeerRec in terms of HR@1
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o AN A /N R R AR (VR L), RIS
TEER: =R DUt — PR THERE. WK 5
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The evaluation on different number of peers
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Fig.5
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AE. IX 1 ER D i i [A] P 0k £ 5 wT LUA RGE
PRV S R A R 2 A 25 2K il AL
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ANR) T IA FE LSRR R BB Y 45 44, Peer-
Rec BEAYH H] 2 [R] #1928 HAH 7 21 1) 77 N Sh &
Mo, HAESS 4.7 T ERIE 7 2 Bk 3 AN [E AE R 2%
e LRI BT B PR RE. DRI, ARk — 2B 1R Al R
F 2 > [FFE M 25 ) PeerRec f5 88 F1 BE 46 45 8 12
7R I 6 fioR, ASCHIH TR E Y 256
B AR R [P IEAR R (iter/s), JEARH T PeerRec 1
RIAE N ZRAN PR BO i R 2= 57 v LRI, Peer-
Rec M 7E ML-1m A1 LastFM #4846 _F#d H i
AT STOSA R, JF1E Toys dls £ b R 54
HHE . X F KN PeerRec BLAAE MR B
RARE 1 AMRIERZE, BRSO R > 2 5 BE-
RT4Rec B —F, A U2 Z 4R THEZHERF 3R, 1T
STOSA HLRYRE AR 3T IS HL (AndE ATy 7)) 3t —
AN 7T S HE.

ENZRBT B, 1T PeerRec BALSRH T 24N
PR 26 A FRAR T 5 T ] 1) 2R ) B 2 A
B ST o0 A0 sR B STOSA BEAUAR Y. MK 6
ATLLE H, STOSA BERUEAGE A AE Toys £dfise b
FEOR, FRRAE T STOSA ALK AT DU A4k
HEJF (Bayesian personalized ranking, BPR) i<
FE A B SR BRI B SEAR B AR R R 2,
FE LMV FBZ A SR S H b IR B AR ) 1
AR He UK B2 (0 3 T 38 5 2 P DA 52 1, i sk
B AE A 7 T 0 A TR ) 003 A T v O 5K
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Fig.6  The running speed of different models with
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TND 0.4251 0.5852 0.5605

ML-1m Xavier 0.4263 0.5852 0.5600
Kaiming 0.4278 0.5911 0.5652

TND 0.1271 0.2329 0.2360

LastFM Xavier 0.1294 0.2397 0.2424
Kaiming 0.1247 0.2257 0.2342

TND 0.1788 0.2783 0.2807

Toys Xavier 0.1775 0.2794 0.2811
Kaiming 0.1806 0.2776 0.2804
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