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Abstract: Domain-specific personalized recommendation algorithm is getting more popular nowadays. In particularly, item-item
relationship (e.g. complementary good, substitute good) has already been considered in the development of recommendation algorithms.
In terms of its potential application for sellers, the ability to notice actual item-item complementarity from data is of paramount
importance, as it helps sellers to gain a market competitive advantage via designing better pricing strategies (e.g. bundling or pricing
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discount). For recommender systems, integrating algorithms with the item-item relationship is also more likely to generate better
recommendation results. Therefore, how to mine item-item complementarity is a research problem deserving of study. Even though most
existing methodologies leverage on co-occurrence relationship, yet, the recommendation accuracy might easily be adversely affected by
noise data due to the complex dynamics in the online shopping environment. In light of the research on economics, the latent
complementarity discovery model (LCDM) is proposed in an attempt to more accurately describe the item-item relationship from a
different perspective. Specifically, complementarity discovery model (CDM) is firstly proposed based on cross-price elasticity of demand,
which jointly utilizes item pricing and purchase history to discover item-item complementarity relationship. Comparing with existing
mining methods based on item co-occurrence relationship, the proposed method yields 10.6% increase in user label consistency. Then,
LCDM is constructed by integrating dual-item attention with item-item complementarity insight mined from CDM. Lastly, from the
comparison experiments conducted on real-world dataset, LCDM has made a significant improvement in recommendation performance, in
which there is a 54.4% and 125.8% increase in Recall@5 and NDCG @5 respectively.

Key words: recommender system; representation learning; item-item relationship, computational economics
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Fig.1 The graphical representation of latent complementarity discovery model (LCDM)
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Fig.2 The results of the labeling experiment
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B0 ST T PR B SR OO S b 7 15 5 B D7 T L CDM 7E ) 4 (R R BLEE SR UL T A ST T I T R R B
BB ZRE B AR S A, T A 020 TR L P AT R R HLR A S B 045 n 3 R AR R 10 £ 19
H AR5, ,CDM REHR BN (KRR 2 PAT), 2T R 00 SE ALK Re 4R B (FT 11 7T 4R, 55 28) DA 2 26 0 S 2% A 22 e 4K 2
(R A 7 v D HE, S k) AR SC 5 VAR H R OO B R SR RS P T R 3 5 R BN R A R, 5 AR R
R HH 00 75 St A R T IR — 20, R SR B T B IR R,
4.3 SR RIEEE K

o S I FE 20 A (GMIF)P2H: sk D7 30 PR P R TR 6 B 0 N T 42 70 BRI 3 AR U 40 i o 45 it — 2
Do) 265 15 1) 7 1) S 260 4

o L JZ BAIHL(MLP)E: 1 75 4 P P RV TE S £ 5 ) B N B 2 2 8 X 4% 19 31 75 i 1) B VR 5

o LTI A 4 I 4 1) (D 308 (NCIF) B2 sk 9ok 2 224 T e ) 35 0 P85 A 00 i 2 7 0 2 — LR 0 5
A T M R (GMF) 1 22 J2 B AN 2% (MLP). 78 A5 56 b B 88 F I 2 8500 B A 2 2 B 28 B IR ZE K/
532N 128 F1 64, LA K IE M4k By 0.001, 82 2% ] 255 0.000 1,12 it )4ty 0.05,dropout 4 0.25;

o DU AN PE AL HE R (BPR)WY: 1t 75 i ok DU BNk Ak HE 16 E s B BCHT AR B 40 A (MF) EE 4T 10 Ak 55t &4
M2 40~ :L2 N4y 0.05,%% 2] %4 0.000 7;

o LI ILAHEF AR Y (LCDM coocur-noatten): i 77 15 A5 HI T s [R] IR AE B AR 7 LCDM T b BLAME B AHRAH
X i B S ML

o FETVEE SIHLHI SE B R BLHEFF AR (LCDM gocu): L 7 92248 A 7T S IO SL S BB T CDM 5T
b HAME B R T W E R AL

o FAMER ILHEFEAE 2L (LCDM comple-noateen): It 77155 HUE F 7 25 -F- CDM I i B4 58 R B 0 b X i
=wablKiilk

o JE TR RS ST HU A7 7 EL AN SR A A A (LC DM comple): P 7 V5 & il A CDM 5L 1 71 o LD 9% R A1
UER A T AL R B R AR SO R 1 S R LR S R S R B I R B TR E RN
BN 16,3t & K/ A 256,24 > %N 0.000 8.
4.4 FEMNIEFR

FAVEF T 4 18] (Recal@K) 1 IH — (L3745 21118 25 (NDCG@K) 3k #E 4T HE# VA WP Recall@K 2% E T
% /> IEWITE Top K AN B B 7 8], i NDCG@K M [7] i % & 1E 1 78 Top K AN HHET (1 B A B . b IDCG £
TR B RS OL R I DCG. R bR i+ A R F:

ZiKzlrEIi

min(K,|y*)

rely
. DCG@K =Y 2 =L npcoak = 298K

Recall@K = Nk, - = :
log, (i +1) IDCG@K

45 ZHEREH

# 3 WRT 5 AR A AR SCHR B A TE & AR AR BRI, I, LCDMgompre 120 SR AH LL BT FoAth
FERYEA W T 5 5, AR I NCF ZAR TE M 7 #1848 GMF I MLP.LL %S NCF 1 BPR 87 R I, &
SR NCF AT LB (1 3 I8 B8 /), 1H 2 NCF 75 B2 5 R 1) FH 7 058 B CHE F T 2800 o B B AR B00ae R AR o 55
B, BT LA NCF ZUR ZE 0 IK T BPR.BE S, A1 1K NCF Al BPR 5 LCDMgompie 51 HU J5 K B, B 35 7 i B K R
B8] N HEFEHVELE Recall f1 NDCG g s LB 7 535 37+ Recall FIH Ui B, A SCHR H A 5 VA AT L Ho At
AR BT Z B IE BT &, NDCG T35 58 T HEG 1A B iZ 38 bs LN B3 M Byt B 7 B 0 175 5 1
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HeR PR BEA KRS TT, B Ak (1] 51 2 1) o A2 o v

S BATHRIE I LCDMcompie M4 Co B BHEAT N ) 00k B ASEIRY 3 B S0P R0 16 YA 18T e HEAT 2%
REGAUE (L) 56T 75 3K A8 SR A L AN it (R 280 () XCEE VR B LRI (R 52 0. 35 — 3@ 53 55 LCDMeoocur-noatten !
LCDM comple-noaten T EL, FRATT A B FH 75 5K 52 SCHE A5 81 10 7 i LM B R005R S LS D e o ) DL 8 0,
Ve HIAE A S5 CDM J5 3 R bR i [R) I 5 2 B8 A3 20803 2 1 7 ) FF) EL D S0 2R O HLRES AEHHE 47 R SIS 58
BRI 55—, N LCDMggeur A1 LCDMcompie IR XS LE AT LA H VA 55 0 BL 1 e 08 4G 2000 B ASE A 7 i AT 5
J2 T b 2 2 A 220 1 Rl B AH DR RFAE

Table 3 Comparison of different methods on dataset

3 ARSI AR BRI R

Model Recall@1 Recall@5 Recall@10 NDCG@1 NDCG@5 NDCG@10
GMF 0.076 8 0.270 5 0.408 2 0.076 8 0.1745 0.218 8
MLP 0.096 7 0.3056 0.448 7 0.096 7 0.202 6 0.248 7
NCF 0.1154 0.3380 0.482 8 0.1154 0.228 1 0.2725
BPR 0.133 4 0.348 5 0.495 2 0.1334 0.236 4 0.2837
LCDM _oocur-noAtten 0.4395 0.4435 0.454 4 0.437 7 0.4397 0.443 4
LCDMcoocur 04721 0.476 5 0.488 9 0.470 5 0.472 8 0.4770
LCDMcomple-noAtten 0.4513 0.4553 0.466 8 0.4495 0.451 6 0.455 4
LCDMcomple 0.532 9 0.538 3 0.5519 0.5310 0.533 8 0.538 5

BERAE ARSI W I TR TR F R L BT & BV B0 K 3 SR A R OGO B 6 R
ER R HT TR T, KHB 23 1) % )7 AEREAT W SEI L B35 48 B U7 BEAT 2 000 0 7 o AR G A% 8 v R IR R 5
KA g B AW SEAT 1) B DA P RS A AR 22 R ARG TR SRR R N RS TR B S R AT BT Th gk
56 AN 7 T BL LCDM compre B8 i ) recall i WA ST 5 925 BE W% 4 21 52 22 5 1™ (i 4 AR UL J5C (4 78 . LR 4,
TP ERR A WG BT 75 EARSE B R AR, I R F P 23R BT B 52 A 5 o AR A BB HE
15 WY S 5 A B 06 A R0 4 R D) B R IR A S5 45 R BRSO T i E NDCG A KR B2 T, U
LCDMeompie FE % 5 AE M 3 FT ™ 8 55 AT AR BB 402 (A 5% PO e iy, 20 R 00 6 P (1) KT AP AR S 10 75 ¥ 56 E 08 6
T B S B3 S5 P g P e SR AR, S 25 D0 AL 6 _E I E R e

5 HiLS5RE

FEAHEAR UK, B 124 1 P % 8 5 ) SRR Tl o ) 19D 5K 2R RE 6 — 20 35 B SR TH L R B AR SCHR LR ¥ A F A
P BLAE 7 A 0 (LCDM), RE 5 M 28 5 2 AR v AR 5 SR A2 OB H O, T 0 D e b A A% AN 52 5 45 2 7 5515 3
A e 2 TR () EL A 5% R AT i T3 A5 SR B v 1 XU Y % 0 L B 08 [ BN S R ELRR R i AR T B AE R
B S b 20 09 T bR AL B 0RO BRI O A M HERE SR AR FOSC R AR B RS T B IR T ROR, AT & 2k
e 6] 1) PRI BB oy, DLt — B AU HERE R GE R L.
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