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Abstract Recommendation system plays an important role in helping users find their personalized interested information
from the overwhelming data. In the recent years, as deep learning has shown its extraordinary performance in a wide vari-
ety of fields such as computer vision, it attracts more and more attention from the researchers in the field of recommenda-
tion systems. Many deep learning models such as graph neural networks have been applied into recommendation systems
and achieved state-of-the-art performance. However, existing methods have mainly focused on exploring how to design
the structures of recommendation systems with deep models, while few works have considered the optimization frame-
work and how to improve the efficiency of recommendation system in respect to it. Therefore, as the models become more
complex, it takes more and more time to train the models.

In this work, we manage to speed up the training process of large-scale graph recommendation models in respect to
the optimization phase. The most often used optimization framework for recommendation system is Bayesian personalized
ranking (BPR), which supposes that a targeted user has more preference on items he has interacted with than others, and
achieves it by maximizing the margin between the predicted interested scores and the uninterested ones. However, the bot-
tleneck of BPR exists in the inefficiency of model parameter learning, which massively limits industrial applications of
mainstream graph recommendation models as the computation resources are limited and users’ interest should be updated
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as fast as possible. The fundamental reason lies in the formulation of BPR: every pair of training tuple is transformed by a
non-liner activation function separately with only element-wise computation and no matrix or vector operation, which fails
to fully leverage GPUs’ speed-up ability as GPU is designed for fast parallel computing. Inspired by the fact that square
loss is more friendly for matrix operation when it is combined with recommendation tasks, we propose a fast and generic
learner: FGL, which has no sampling process and can be widely applied into modern graph recommendation models. After
a series of theoretical derivation, high-complexity terms in FGL can be effectively avoided, thus extensively accelerating
the model learning process. Extensive experiments were conducted on the classic model matrix factorization (MF) and
state-of-the-art graph neural network model LightGCN with four baseline datasets. Results shows that our optimization
method is faster than BPR by several magnitudes, while acquires comparable even better accuracy performance, which

indicates its potential of application in real-world in industrial tasks.

Key words recommendation system; graph neural networks; optimization framework; training efficiency
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5.1.1 BaE&LE

SEE AT T 4 Aok B B S H s 4k
Yelp2018, Amazon Book({#’5 iy Book), Amazon Of-
fice Products({iij 5 & Office), Amazon Cellphones and
Accessories(fii 5 4 Cellphones). JLARIPINIEH H
LightGCN LA, H -8 BB . h TR
FATH TTVEAE KA S50 T AL H, I s et 4
i 0] 7 VA R, BedT'] 55 38 HX Amazon 25045 45 1)
2T, AHBCT R 2 AN BRI SRR i A
e, AR P WA B O i AT 4 PR
T HAR A e R

Fz4 BUEESITEE
Table 4 Statistics of the datasets

BISEES P P R E il 5
Yelp2018 31668 38048 1561406 0.00130
Book 52643 91599 2984108 0.00062
Office 138728 136257 1111148 0.00006
Cellphones 241475 270452 1793308 0.00003

TN B AR BEAT R 2

(1) Yelp2018: %>k H 2018 FRAH) Yelp Chal-
lenge, AP AEUE . WINESER UAED N

(2) Book, Office, Cellphones: %i#5K H & 4 447
i LE Amazon review, 3 MR A T EE,
TR Fh, AR

TR, FATINAEEAS ) Dy A8
TREALPEIL 80%E N UIZREE, LA 20%1F il ikt .
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5.1.2 HRIAHE

AL LIS Al T HERE R e vh 48 i 1) [ A5 28
MF, F1 H 1 5 56 7 155 T K 5 B 25 1) 4k 7 1L 7Y
LightGCN:

(1) MEURERS TSP (0 ) ) R
i [ 00 I BE AL AR AR A B, R AE U R 5 e ATk
ATiAl

(2) LightGCNVIRERI hr | SRt LA 4R 1L — 41 )i
GEIH P A e, TSR B
Wi ) O UG ) B - A L A
WATEIGERE R, EERMEES LightGCN 12
BT N
5.1.3 PFHrTRRR

BERINZR 2 ), SFFRAH P, AT LA
ALENZREE b A2 B W) vk S V53, SR a4
53 H e BUET X e SHEY, Pk LR R N AL
Yo, A 00 ) UGB ), BIHERE RS
Hw R Top-N- P 45 B 244 ¥ 4 45 Ax R
Recall@N I NDCG@N'®, H:rf Recall@N H#% & T
FH P A DR AR B BR ) D5 A A LR HT N A7 I,
MANE &I AL B SLJS; 1T NDCG@N MY &
T ET N AL B IEBOGER ) S L, e
FEAFXS AL E R 25, BRI ) 5 HEAS SE AT
PRV BT . SEAG P NV Ry 20 AT 100, TF5T H AR

P e RRE, 0TI 0 FH P B3 45 2 A b .
514 HESHKRE

1A B SZIG AR AE TensorFlow 6 S28L. 76 %3
£E Yelp2018 F1 Book |, FI = R4 & ) ot 0 448 i 15 5
H 64; AP EHE 4 Office A1 Cellphones KA
K, HPo s 28 L5, B9 & n &
(R B 68 D 16, LARE G0 P AEAS 2 11 ) /o %) T~ BPR
eit, KA I ZRr)skRms, B/ (batch size)
10240 A TTIEAL ] Adam. 2% ) R4
SRR FH S T8 R 1) SR M I B L1, 2 31N
{0.001,0.01} Hhik £ R B 4 15 ¥R A L, 1E Wk,
I RE {7 e e e ey ik B R f U
1. FATITE FGL oI N T — N S5 o KERAE
IEFEARRIRCE, Zibihig o BUERNIZ KT 1, BkAE
W TR o W HE N {10,20,---,1008 o X T
LightGCN #&8, ANK—fehE, FHiERT 2 JZH 3
I
5.2 IEHELLE

AATKHEAT FGL 55 BPR #1K BEUIBCR LA,
h T RATRECRAIE EEER IR 28, A 11 5 56 78 7T AH
[Ff¥) GPU(GTX 1080Ti) EiEAT. FAHEANYAS A
(A 8 B, SR AN ) 1) P A A 2 ) L A & 2R e
INIERR 5 s

%5 BPR 5 FGL RUSE LLE
Table S Efficiency comparison between BPR and FGL

PAGIES Yelp2018 Book Office Cellphones

i ks TC NE T TC NE TT TC NE TT TC NE T
ME BPR 39s 460 50h 118 600  19.7h  46s 1910  24.4h  l64s 1770  80.lh
FGL 0.8s 900  12.0m  1.5s 100 25m  0.6s 3600 360m 1.0s 4500 125m
LightGCN BPR 157s 1300 56.7h  562s 460  71.8h  118s 1540  50.5h  3322s 1460  134.6h
2 layers FGL 0.8s 1800  24m 1.5s 500  12.5m  0.6s 1900 19m 1.0s 2500 41.7m
LightGCN BPR 222s 520 32.1h  831s 340  78.5h  140s 1240  482h 4155 940  108.4h
3 layers FGL 0.8s 1250 16.7m  1.5s 870  21.8m  0.6s 1400  140m  1.0s 1900  31.7m

(7 TC ARFIGEARIN ], NE S B IEAH, TT S VIR )5 s RAHD, m AR, h AR/

MW 5 A — BB R, 5L, AT RRHR
IEARHIIIZRA TR, M MF #5251 %) 2 )22 LightGCN
P33 JZ LightGCN, FfiA5 B 5 A2 RE 9 0, FGL
B EAR B T LT AAE, 1) BPR A CGE AR I (1)
K38 o L anfE £ 854 Yelp2018 I, KA BPR 4%
K eR%L, LightGCN 28N 2 )28 %) 3 )2, &Rk
IEACHI I B AN 157s B2 T 222s; 1fiRH FGL %
UCGEAR I R 4B AE 0.8s0 PHFMI AU MEJEAS ] (315
J7 AR Hb R X — L% . FGL Wi H 2 — RAH

FER LR PEIE S, LightGON it dh i 45 T B G AL M
25 () AR ER PR O R A, DRI R B A R 1
LightGCN [ TH A2 e P 1), Fr DA R AL 2 200
T, AR M GPU Rk RE . (H AR kTt
HAE BPR A4 TIRK &5, A
LightGCN JZ £ ()38 n, % GPU FIH ZAK T (1) ) 7
SR i, (R BPR AR EAC I I TR) £ Bt 2
AR DN DTS

ERIZRI A E, FGL $d AL T BPR 2Kk
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Ui n] LURF N ZRid B 3 T LN = 2. BUAR FGL ik
1T 2 IRBURIEAR A RENL S, RN IEARFERT Al D,
AL S BN R R R . B anfE Bdis 4 Book I,
R = 219 LightGCN i, BPR 75 %% 78.5h A g
8%, 1M FGL X% 21.8min, Bl FGL #4IZx I 7] A
BORAE R T AE] 0.5h. AR KA P AAE
2 bz S, IR AT LIS 4518 FGL AHXT T

107

BPR 453 5k 3K it A B 415 SR Y11 03 JEE PO b K4 T
5.3 EMMELLE

LB T FGL Ml BPR [VIZACKE, 5 H
FGL 7E20% EHA B KM ATkt 5tk
PR LR, LABE FGL ORI TH
BEAT LIIRREHE FEUE R I A o MR O 26 B0
BETER 6 1,

% 6 BPR 5 FGL B9 EmMME L

Table 6 Recommendation accuracy comparison between BPR and FGL

wome w0 MF %ﬂgﬁ Liigq
EUNZER A BPR FGL BPR FGL BPR FGL

R@20 0.0528 0.0631(+19.5%) 0.0622 0.0644(+3.5%) 0.0639 0.0636(-0.4%)

Velp2018 0.00130 R@100 0.1675 0.1884(+12.4%) 0.1874 0.1934(+3.2%) 0.01918 0.1922(+0.2%)
N@20 0.0423 0.0520(+22.9%) 0.0504 0.0528(+4.7%) 0.0525 0.0522(-0.5%)

N@100 0.0821 0.0953(+16.0%) 0.0932 0.0976(+4.7%) 0.0964 0.0963(-0.1%)

R@20 0.0325 0.0363(+11.6%) 0.0411 0.0381(-7.2%) 0.0410 0.0379(-7.5%)

Book 0.00062 R@100 0.1051 0.1088(+3.5%) 0.1243 0.1160(~7.1%) 0.1233 0.1173(~4.8%)
N@20 0.0250 0.0288(+15.2%) 0.0315 0.0299(-5.0%) 0.0318 0.0294(-7.5%)

N@100 0.0499 0.0538(+7.8%) 0.0600 0.0567(~5.5%) 0.0608 0.0569(—6.4%)

R@20 0.0645 0.1135(+75.9%) 0.0841 0.1163(+38.2%) 0.0822 0.1164(+41.6%)
Office 0.00006 R@100 0.1472 0.1871(+27.1%) 0.1704 0.1905(+11.7%) 0.1665 0.1927(+15.7%)
N@20 0.0291 0.0701(+140.8%) 0.0424 0.0712(+67.9%) 0.0413 0.0730(+76.7%)
N@100 0.0446 0.0841(+88.5%) 0.0686 0.0856(+24.7%) 0.0663 0.0868(+30.9%)

R@20 0.0364 0.0605(+66.2%) 0.0520 0.0614(+18.0%) 0.0520 0.0611(+17.5%)

Cellphones 0.00003 R@100 0.1003 0.1272(+26.8%) 0.1239 0.1282(+3.4%) 0.1235 0.1273(+3.0%)
N@20 0.0148 0.0296(+100.0%) 0.0232 0.0307(+32.3%) 0.0234 0.0308(+31.6%)
N@100 0.0267 0.0420(+57.3%) 0.0364 0.0433(+18.9%) 0.0362 0.0447(+23.4%)

(V£: R@20 Jy Recall@20, R@100 4 Recall@100, N@20 3 NDCG@20, N@100 Jy NDCG@100)

M#E 6 FATLLEH FGL MEIAE Yelp2018 A
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AR X A E AR i, FUCR B T R A H
AT 10 ANCLEAZE W R, BSR4t
THREME R BATR AT LUE Y, IR AN Eicds A 58 0 B %5
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DRI AR PG 0 EUA B L IR R R
54 BSEMR
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Cellphones £ 4 IR ML HILEIE 1 e
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Figure 1 Performance of 2-layer LightGCN w.r.t.
different « on Yelp2018 and Cellphones
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