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Abstract

Latent Factor Model (LFM) is one of the most widely used models in the recommendation system.
The core idea is to connect users’ interests and items through implicit features, obtain the objec-
tive function of users’ interests relationship for items, and then obtain the optimal solution by
Stochastic Gradient Descent, so as to make personalized recommendation for users. However, in
the process of calculation, the stochastic gradient descent method will cause the value of the ob-
jective function to oscillate violently and the accuracy is insufficient, so we choose Mini-Batch Gra-
dient Descent method to optimize the objective function, establish a model of personalized rec-
ommendation based on Mini-Batch Gradient Descent, reduce the randomness of the optimal solu-
tion of the objective function, and improve the accuracy and reduce the running time, so as to im-
prove the quality of personalized recommendation. The experimental data adopted Movielens
data set, Python as the tool, RMSE (root mean square error) and MAE (mean absolute error) as the
standard, and compared the experimental results of several algorithms, verifying that the perso-
nalized recommendation model based on Mini-Batch Gradient Descent can get better recommen-
dation effect.
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XA P TR ERE. ERTEIEFENEE TRESERBIRRBERG I HRE R, #
BER S, Bl Xt B iR BARALE R /N E R E T Rk, By ET/LERE T RERINME
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1. 5|18

EAMMAHEE T, BRI R — 2 ERE IR, 8 H P o R VF 2 e BT 2k
Tl HEREESHRIIG M, — PR B S0 2 TP 9, B R B T B30 A
. T AESEEREA — AN SR S A S R, AR A A T S NE R B A R 5L SVD (Singular
Value Decomposition), FLAEFERE AT LLAE Gt R I EEA T — 23 E. 7€ Netflix K3EFEH,
Simon Funk [ 1%} SVD J5¥E#HT 7 2itE, #FRN FunkSVD. FE R4 SVD i Hbres b, {8 BENL
BEEE TN AL HARRBOE B L, 5 BARAE 2 FaiE B LFM (Latent Factor Model).

e T SRS AR FE AN 1 A  dm h SR AR B T3 BB [2)4E & SR R p st AT T TR
T SR T SR o SRR O[3 B T B A S AL HE A T b, DARSAE SUBERLUN Bl 456
TEEAEE . FPAT N B R SR Tl A = 647 o B B SE DGR EE o IR B[4 7E 0 N ) BRI HE R R G
IR TE A, B TR B SRS RS b5 % B AR AR 45 G IR B0 R O P SR AR TR A0 53 1 N ) B R A IR 5 o
H 30 55 N [SFE BI04k 28 WX 2% 0 A HEFE T3, SR A BRAE SCBE R SR A2 9 FH 7 8 A2 D6 R AR AiE A 2 28
RV AE A T RFAE

TERRAE BRI IR N R e, SRR 455 N [6]46 1 — Fh A 3 1) 2k T 5 21 8 S LI HE B 1)1 2R 5
o B S ) B s MR 5 A R BT B SR KB R B B 0 & e (B 04T o it B, 1
TR SR L RO W0 . (B R T2 2] H LI R SR R AR R AR D I b, A B B
ARSI . FoRUT[718 T T BT RRE OB AN R R R AR B, W G R T AR I
PG IR A B B A I AT T O . (R R BRSSO P AT AR, 2 H P gy
B[ 8 ) — bR AR BB Mgtk , (X T — 28 TR F M 7, B AT 5 20 A —
REfRRAATARRE, X FBUE L RBHH FEIEMMENE SR RE S A e R . B AN(8]
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et Al R TR SO AL 5 AR IO R I HE T S0, R TN ARORE A B R i T R R S A R
BOR . RT3 R 55 5 A8 70 A ER 5 i i B ABE 3 I 7 R 5 5 RO 7 0, 2 Ak e ol
v 2 P T R A A o 0 0D AR [ 105 H T IR ) A B A R I R R, A
BT 7 v R R 3 B SRV R U (A8 B R S B B, S P RO R R R M A
(7 B 2 A2 17 45080 i i 2 ) A

FEX H AR R BOR MR RO RE o #0555 N[ 11 T [0 R RS A 55 RE TN A AE k2 31 D ik, 3R T
— AR TN E AR L 2] IR ST R BE TN 7V, A AL IR 55 T B30k R I 2812k i) RS 3 1A R 3R T T
Jing Li 55 A [12]04 R R AR e 6 vl it 1) 70 1 1) R b ) S R 2 B/ MK, A ATTSINZE TN ERE TS
BT R R AN 1) 8, BB A 1 THSRD AR ot SRVEVE REREAT T Ak . B 53 155 N (13145 H] BP Saliifil iR [
FATAEENGTTES, K BP FETh ZREL LT AR IR AR BT T XL 500, IR g RR Y
TEAEE ARG, RMBENNEEBEEE T BT USR] R A .

MR UL SCHR, T DA RN R B R T BE S O S (AL B, BE BRI R 12 AT, DUAeHER:
S5IR o BT DAAS SR AR R SO ) A b EAT SV A AR, sl ek E A R B A AR gt — 22
P VA MER L, RO RENLEERE FREYE, IR & T AL as o ) U ML RAR B T Bk U .

2. RIBXER

BB SRR LEM [14] (54 B AR BINBS &R AE, R -0 B PR 20 RERE R BRI HE RS
fIsfed, P RIS A AR ERAERGEEE, O FonPih 5 A RIS RHE 2 18 ORI, IXRE W] LA
K T VT I3 R B 25 GRVE > B A 4, ST P 6 AN B i AN R DR EE B T el TR R R R R R
M HRIBEAURE B2 N Bk, I8 2 JOS ORI FEM R RS P. O IS8, IS B ER AL A# .

U X TP R R tH 5 AT

Ii’w =50, ZZ’;:IPUKQM (D

Ry, ZFAFT U X 1904, K BB RS NEE. Py O 2B S HIOR T M &,

A Py AN O, AT LUE FI 45355 PR BORZEAT I 25
C= Z(U,I)eK(RUI B IéUl )2 + /1"1’1/”2 + ;“"QI "2 @

BRI Y (R~ Ry )| ARRILSAE RIS B (0322 P70, i/ igsg 2|p [ + 2], A
A T ML, 2 R IESUUACI T, 7B AR PR A 930 1931
B S B HLBG B R W SR MR ALK BRI, 956K 8 Puw 1 O 0 G 5 500 5 B T

ACE
E;’; = _2<RU1 - jéUI )QKI +2AR, (3)
aZCKI =-2 (RU - RU[ )PUK +220y, 4)
Hasid AR s ERI S, B ESHISE:
PUK :PUK+a((RU1_I’éUI)QKI_ﬂ’PUK) (5)
Oxr = O +a((RU1 _IQUI)PUK _;'“Q1<1) (6)
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3. MARmESRIREE X RE

Kb EOL T, P 2T 2 2R BE T H A SR ENZER, 2IBOFPYRFEH0BEREK.
Jr UL AE R SRR v in A\ i B[ 15 1R BRIX — 22 57
b, =pu+b, +b, (7

Hep, pReRTEE, b R MEDL, b 2T H B I
TR PE 7> 45 SON:

R, =u+b, +b +P,0, (8)
ERANTTEONF
C=Y (R~ (b, +5,+B,0)) +2[p, | +2)0, 2 ©)
FEE, SRS SE IR T, ARG RSO

O = O +a((Ryy = Ry ) P =201 (10)

Py = Py +a((Ru = Ry ) Oy = 2B ) (1)

b, =b,+a((Ry ~ Ry )-8, (12)

b= b, +a((Ry ~ Ry )= 25, (13)

4. PHEEBE TR

BRI VR A BENL T BB VR . U RS BE VR AN B B T BRI

Bl LA B T &7 (Stochastic Gradient Descent) & X T /AN S 85 #THH B R BB 2L, SR JEREG SR
ZH WTEABRR TR, (HRSUE R 2, IR E R AT A AR, BiES
B AR

& BBV (Batch Gradient Descent) & [ BT A #04 J5 55— IR KRR, ARG KRGS EH S
o MTET DR R SRR, (AREXRERSHN, HEEEGEIEE —E, S O EEEE,
THEEKR.

N T SRR TR A, KPR IE AT T RS SR T /NI E AR R PR (Mini-Batch Gradient
Decent), XFf 7 VAERHE HERBENL — NtEdE, XA — R L R E B T In), R REERSR
FNEEE, FEAK T USRS A, R R T A, I AT T .

5. BT ESE TREENMEEFRE

FEHG NN O B0 0 SO ) Bl b, NS BR T T RRERN . 20D Rl —
SERLER AR, 18X — R R IE [F Yo B R EE T 1), HU&”)TMM@SE%T .

FE A e 1 5 % % RMSE (root-mean-square error) LA M T2 4%t % % MAE (Mean Absolute
Deviation)o {5 BEFII P AR 4E0E A Ry, » 0 REISEBRF PR 8RR Ry, » N ORI BT 20406
(/4. RMSE 1H5E AR
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Z(RU[ - I’éUI )2

N

RMSE =
MAE i+ HAR:

MAE = —Z‘RU’ ]
N
PR E R AEBR )N, AR TN P R AR A
FEERREM T
HiN: EADK steps, 2% IR alpha, IERU{LEF Lambda, L& K/ batch_size
fiti: RMSE, MAE
a) & XA model:
€ X 4 R B A & bias_global
E SCH P i bias_user
E S B bias_item
JE SCH P AR 2 — AN E i i batch_bias_user, batch_bias_item
SE SCH P FTHLEZ HIRLE w_user, w_ite
o5 SE AL AR B (1) FH P A TG PR AL ZE kN batch_w_user, batch_ w_ite
b) & XA KPR cost:
B 1% (data loss)= tfnn.12_loss(tf.subtract(ESE, THMI{HE))
TE AR 2R (IR A 3T+ L2 % 111 77 20)= tf. multiply(regularizer , penalty)
119 R B (cost) = HPEihi g (data loss) + 1E A4 S (IE N4LIT*L2 &5 75 20)
B R BEJIIZR train_loss = tf. train. Gradient Descent Optimizer (% >]i*: learning rate= al-
pha).minimize (325 EEET cost)
c) WHEMNMIERIEBBEAL I, T IIZRA
d) THE 7R 1% Z RMSE = np.sqrt(np.mean(np.power(( B SHAE-FM{E), 2)) 1T F-FI4aX% % MAE
= abs(np.mean (FL S {E-TME))

6. EFREGR

ARARE KK Movielens ml-1m B8 (H ), KOS W DR HENTED . B
VRIS R InE 1 PR

Table 1. Movielens ml-1m dataset overview

%% 1. Movielens ml-1m #IE&EHT

Huddk VA ¢=| L7 gE! oE B

Movies-100k 3900 6040 1,000,000

Spyder (Python3.6){F N T H, KRFATB AT MR K 42 UL 8:2 1 B gl Rl 43N i i A5 AT B 4
B BT SO, 480 i B T BT SORE Y D K T /N B R B (AN PG HE A T = by vk is AT 45 TR
AT L. =Rkl fRanE 1. B 2. B3 B, BARERAIER S E(B0 1K), YhAkbRN RMSE Al
MAE F)14 .
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Figure 1. Latent factor mode
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Figure 2. Latent factor model based on bias
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Figure 3. Personalized recommendation model based on
Mini-Batch Gradient Descent
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Table 2. Experimental results of the three models)

2. ZMIERISIIRER

10 75 KR4 B SRR LFM 8 T B0 v AR BET /N A T B (M A AL R AR
A=0.05 A=0.05 A=0.0018
RMSE 0.956 0.920 0.903
MAE 0.782 0.728 0.714
Time 519.53 secs 569.47 secs 20.41 secs

I R AT DG =R N 2 R AR T T UGS TESRIR S IR, T LUE R R T 1R A
PARI) o ZECEBAR], X e —> T EARE LIS AW R B N HEZSH, R o 28 ERIE Y,
RA T Re FEUHI Nan HEF R X =M7775 8 RMSE. MAE {8, FET/NMEERE TR EL
HEAER Y EAR T RO, UL ALY (RORS W B2 AL T RO o[BI = Fh 7 VR LE IS AT I [A] b 25 e B A0t
b, 7EE HEIREMIZATH, LGRaIE OB TREEL) 519 FPIETR], 3900 (kB DR S OB B -3 0
THASH, BOERET, HRISITR WM T, FHEL 569 FPRUnTE . ik T/ 2B T i
A A MRS BB AT I A KR B b, R 20 7, PR HARTFEE 0.6 b, KKIERE Tis
TR0, T8 T,

BT /N AR BN B I HESE TR AL R 1) o — AN B S HUE R AL & K/ bateh size, W HE A HE
Mt ESHT DR m AL M RERCE, W S WE 2 IR 161RIEE cpu gpu MNAFER, I3RS
BRI ZRAa e R m IS AT . BB A FIR/N LR RBOAT 5250, X H 25 50 3% 3:

Table 3. Experimental results of operation in different batch sizes)

% 3. FEMLBAUSEITRBLER

HT MRS batch size batch size batch size batch size batch size
W ) T A 7 =64 =128 =512 =1024 =2048
O (a=10.0015) (a=10.0013) (a=10.0016) (a=10.0018) (=10.0001)
RMSE 0.930 0913 0.909 0.903 0.941
MAE 0.742 0.725 0.718 0.714 0.753
Time 182.55secs 90.83 secs 48.74 secs 20.41 secs 14.33 secs

HSEIG4E AT B 1, 4B B R0 batch size = 64 8L # T K batch size = 2048 IF}, AHHAEE 45 REAR
Ao 4 batch size = 1024 i}, 75%] RMSE =0.903, MAE =0.714 fftfE. b G %sk 7 4HitE
UL, A 2xfff RMSE F1 MAE {HIA B RAK, 38R REE . o0t T8 T b Esh N A AR HES
BRI B, N2 G B R DL R A T LR ), T8I 2GRS, RIS B AL E

FEISATI P DU, ERE K, BT A . B DASGHE 1 7E KRB AR T, AIBEHLES
FE R REARLG, A8 /MR (mini-batch) B % R B 7 TSR &, DR 2 84T R (], AT DA Bh R
ZRiEAL.

7. &g

FERSTE SURARL T, BT BEALER L T BRE G il B AR R R % AER R BRAE o), a8 F /b b B hs
JE T BEERT BARRBCHAT O, S BT/ AR AR E T BRI A HE AR Y, AR i ik s St
A e SRR EE DT ), k> T B AR BRI BN SRR G P, SRS HERA R, RN 4 T oK EsAT
] AER, el A R Hh R 214 B2 88 2 B0t /N DA 2 S Tl R AT A 15 4R 820 70
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