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Prototype-based recommendation method with uniformity constraints and

importance balancing

CAO Yuxiang, LIAN Tao" , WANG Long, JING Xingbo, DOU Haocheng
(College of Artificial Intelligence, Taiyuan University of Technology, Jinzhong 030600, Shanxi, China)

Abstract ; Prototype-based recommendation algorithms can achieve explainable recommendations by learning a set of user prototypes
(or item prototypes) that represent typical preferences or common characteristics, as well as the association strength between users
(or items) and prototypes. However, existing algorithms overlook the differences between prototypes and the load balancing among
them, and hence cannot fully release the expressive power of the model. Therefore, a prototype-based recommendation method
ProtoMF++ with uniformity constraints and importance balancing is developed on top of ProtoMF. This method added uniformity
constraints between user prototypes (or item prototypes) and enhanced the differences between prototypes by minimizing the
logarithm of the average pairwise Gaussian potential between prototype representations. In addition, the load importance of each
prototype is defined as the total association strength between it and all users (or items) , and the coefficient of variation of their load
importance is minimized to realize importance balancing across different prototypes. Experiments are conducted on three benchmark
datasets, and the results show that ProtoMF++ outperforms existing prototype-based recommendation methods. For example, on the
Baby dataset, the values of HitRatio@ 10 and NDCG@ 10 increase by 4.74% and 10.64%, respectively.
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(TR A5, X F R IEAEA (u,it) VRIS SRAE n” A TREAS
23 EEHSEARSEEEENE
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X
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lbal:lga](a)-’-l:)al(ﬁ)o (17)
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2.4 RIULBHR

A4 Y ProtoMF+ A LAk B AREL 4G 3 #8455 20 (8) iy fErE i 28 (2K (11) h g3 A PR 2k LA
KA (17) i B E BRI AR

lours:lrec+)‘uniluni+)‘ballbal+/\L2 1e]?, (18)
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TEREZIWZEGR  ASGER T ZEPEE TR 3 > F 4 Beauty . Baby  Toys, iX B IEEE 4 AT 0
B 5 Z IR, ASCH S BB R R HEA T T LA TAL B KIS T 3.5 MUREAS A IE B KT 3.5 1)
WA, FFiHAT T 5 U (5-core filtering ) DL ABRACHIRBUE D ER 0 P 8l it . B R P B
2801 FITAE ) it i BRI ) B A THE R, R B — 1k SR n — A s B A, BUBCRE —As HAE R
UESE , AR HAE RIS, ARSI BN 2 iR,

F2 FAHEMEREESIHER

Table 2  Statistics of the preprocessed dataset

Btk P84 Yran 4 R 700) Wi/ %
Beauty 10 553 6 086 94 148 99.85
Baby 11 761 4731 92 823 99.83
Toys 11 268 7309 95 420 99.88

3.1.2 FEHIEAR

AR SOKE AR A P TR A — N H O i DL R BEATLRASE () 99 AR 28 .49 i e Bt 3 5 5% ) HE
G BT 10 AL 20 N S HEFE LG T P S8 A R F 4 H % (it ratio ) FH — k4745t B 113 45 ( normalized
discounted cumulative gain, NDCG )2 Fh$8 A P-4k #EF7 5 R A PERE
3.1.3 AZAER

ARSCEPELLT 5 )58 7 7k B A S R J LA B R A 7 52 5 LR

RBMF' " 2 L5 | AR P MR A ik . X et P LA B o L A Y %) i 44, 3 it
FHE—F P 5k S QP P 04T LT DA R i P A D -

ACF" ™ 15 a5 SC— 21 i it (RO DRI ) AR foft P ) — 200 i o P9 I ASL 4L e 7 L P R iy, O
BT A THERE

ECF™ ¥ 5 N P — 0 5 38 AR B P2 3 1 SRR, I ST A FH P/ 545 A R R B0 S B AR
SR AR FH P R st 1D ot A 12 SR i R B 1) 1) PN R TR

ProtoMFE"*' 43511 4 FFL P R0 il >0 200 AS [) A DR, R I 35 1 FH P/ 49 5 55 5% O TR 8 2 i) ) S B9 e 8
etz
3.14 Sy

h T BT FAR AR S0 — R ] Adam B30 2 S BRI SR 24 > SRS B8 40 501 51 52 Sk 0.003
F110.000 3, YIZHLIRK/NH 128, Ry e UL, 5286 s & P A b e A e BEAR S B d, =d, =64 FH P
J RN i SR AR AR ] B K=L=50, & & EREFEECH 100 48, WRIELE 10 SIFMHEin oA B2 10, wit
P RIS B IR AR LG X T2 AN BB (8 S8, AR SCHE SRR 138 3 AR 4 R F AT R 2 e Al &%
AMEAIAEMRAE A TERE
32 EEMRMEEELEB (BT 1)

33 M TAS OB S A AR HE R VR RE . BT A AL Y S DU RE AR DL RE 43 A AT AT
RIZE 58 R, i JG — PN RR A SO RUAR R T ULy st fg e, o tr R 45 2R T LU B DL F 2
518 (1) TEIEEMIRIT ProtoMF MR Bt AR AE P FN4) &t 9 3 3 1) 2 2] B R 3RO AH# T ACF
ATED) it — g2 > SR B R XA T AR AR 3R IR BB T . (2) AKSCHE Y ProtoMF++#EBU7E 3 A~
BnAE AR BRSO T AT SRR . A LL T IR LAY ProtoMF, 7€ Baby #i4ii4E I, HitRatio@ 10 #2 7+
T 4.74% ,NDCG@ 10 £+ T 10.64% , X ULHH 7 A ST G AN 0 359 ) PR 451 ¢ TV e Lk 4 A 2k pe it — 20 T ok
RS FRIREE ST, N T HR A SRS v () S PR HE R |

# 3 HRLITIREREERE L

Table 3 Comparison of the recommendation performance with baseline methods

EEIIE S IR RBMF ACF ECF ProtoMF ProtoMF++ HAXETE %
HitRatio@ 10 03054 04074 03854 04570 0.477 1 4407
HitRatio@ 20 0.418 7 0.558 1 04614  0.5958 0.613 3 2,94

Beauty  \ncGe 10 0.174 9 0.231 6 0.196 6 0.281 5 0.288 8 2.59°*

NDCG@ 20 0.203 6 0.269 6 0.273 5 0.315 6 0.319 4 1.20"
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3(%k)

by PN R RBMF ACF ECF ProtoMF ProtoMF++ FAXTR T/ %
HitRatio@ 10 0.314 7 03215 0.316 4 0.388 1 0.406 5 4747
HitRatio@ 20 0.446 5 0.481 0 0.472 6 0.534 5 0.546 2 219"

Baby NDCG@ 10 0.177 1 0.164 2 0.180 6 0.205 9 0.227 8 10.64"""
NDCG@ 20 0.210 4 0.204 3 0.220 6 0.252 5 0.265 6 5197
HitRatio@ 10 0.228 6 0325 5 0.300 4 0.385 9 0.414 0 720"
HitRatio@ 20 0.349 0 0.455 4 0.401 0 0.552 7 0.570 7 3.06"

Toys NDCG@ 10 0.120 9 0.208 1 0.188 0 0.233 1 0.245 1 514"
NDCG@ 20 0.151 3 0.229 3 0.190 8 0.256 8 0.282 9 10,15

1 : % ProtoMF++ 7l ProtoMF #4710 ¥ 5 & il 58 FEC X ¢ #3% , “p<0.05, " "p<0.01, **"p<0.001,
3.3 HBLAAEE(19]RE 2)
3.3.1 HEkEmER

AN S A R R B I AR R A T I A S, 25 AR AR 4 B AT DS B LI 458 . (1) IR
LBRE TR AR B IR B () 4 S PR G BT B MR R A TR, X UE B T R I A O 0 T R T
WeAESCR A AT ZAA BTR 5 (2) A0SR 25 B S AL (R 4 A PR 2% | A OR FR PR I M 2k A P e R R
W1, ik 7R 1 R 22 8] 7 22 S Pt TR BRAHE A AIOR 2O %

%4 ProtoMF++%i 4N A BRI Bl 52 56
Table 4 Ablation study on additional constraints of ProtoMF++

T A F MR =N Beauty Baby Toys
B HitRatio@ 10 0.456 8 0.393 7 0.405 6
Lt NDCG@ 10 0.281 6 0.220 7 0.241 3
HitRatio@ 10 0.450 0 0.378 3 0.393 6
RIRIT2ITE NDCG@ 10 0.270 2 02120 0.2330
HitRatio@ 10 0.477 1 0.406 5 0.414 0
ProtoMF++ NDCG@ 10 0.288 8 0.227 8 0.245 1

3.3.2 M HMY RIERHS

A/NATTE Toys B4 L ilbAT T 5250, 455 4 1& 2 iR . 2347 ProtoMF LA K 4 it Ji 26 it fin 443 53 4 24 3R
J&i ProtoMF++ 2% 2] ) it S 8 2 [ (R R 85 o A, BARSEIS S B AN 1 Se i B 4 il SR AU AL 50, 53]
YL RIS 225 B A9 b I B 20 ) 5 5 AR5 0 TR0 S Y T HR e 5 A A ot i 8 22 ] IR TR 5
() e/ IME ; B 2l an 8l 2 BT s AR ZR L, 2B 45 10 i D L 5 S il ) ot S B A B B 0 A, H BT 2 ]
ProtoMF++ 12 (1) ) i SR B 45 & v B A R B 5 B e 19 o5 — N R L 22 (e R s AR b e Kk, BRI &,
ProtoMF Fi449) ity JEL %1 22 0] fie/INEE 25 A48 (6K 1.398 7,75 244 0.004 2 1fij ProtoME++ [ 4 & J5L 4 27 Ja] £ /]
FEES PS5 1.479 5, 17258 0.002 6, [RIIL , B IS 5P 29 80 R ke 1 DR U 7R 3 A 23 (] v 0 A7 1 32
SIRRIE WK T R IR Z [ 252 5%

1.7

161

. l %
1:3 F T

1.2

Prot(;MF Protoll\/IF++
B2 &AW RS B ) it R 2 [ B g A
Fig.2 The distribution of distance between each item prototype and the nearest item prototype
3.3.3  ERMMHTIE R AT
A/NYTAE Toys Xdlatk b ibAT 7528 45 RN 3 s, & 3(a) JE7s T ProtoMF 43 2 50 497 i i
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T4 B0 2R AR A, P 3 (b) Js 1t e B A 10 G S5 ProtoMIF++4% 2 1Y) 50 A~ i Ji L ) £ 20
B, ATLOER R R T 3 (a) & 3(b) a8 I 2 A G 8 S B8 4 , BI04 A D 28 55 4 B )
S ORISR A
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Fig.3 The distribution of load importance of each item prototype
3.4 SHEHBMES(EE3)
3.41 RAEFJHEMR R
AU/NFTTE[0.001,10 175 N A1 H BRC(18) BB ZSEL A, , WEE ProtoMF++HTEREAS AL, 2551 4
Bl 4 iR, LA FEAR R AR I BEE RS E A, B R HEFEMERE Y R 2 DTG FRER E H
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Fig.4 Variation of the recommendation performance with respect to the uniformity loss coefficient A
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Table 5 The most relevant items for the 10th or 20th item prototype in the Toys dataset
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