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Adaptive Parameters Updating Strategy of Context-aware Factorization Machines
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Abstract Context-aware factorization machine has been successfully applied in the context-aware recommendation sys-
tem. In the learning algorithm of factorization machines,alternating least-squares is a learning algorithm that fixes other
parameters just to find the optimal value of a single parameter,and the number of parameters and the sample size will
affect the computational complexity. However, when the number of features is large, the number of parameters increases
along with the increase of the number of features, resulting in high computational complexity. Even though some parame-
ters have achieved the optimal value, all parameters will be updated in each iteration. This paper mainly improved the
para-meters updating strategy of alternating least-squares. Adaptive error index was introduced into the parameter, Up-
dating the parameter or not is co-determined by the weights and the absolute error of parameters,so that each iteration
focuses on parameters whose last two iterative values change greatly. This strategy only updates parameters whose
adaptive errors are greater than the thresholds. It not only reduces the number of parameters that need to be updated, so
as to accelerate the algorithm convergence speed and shorten the operation time, but also the weight of parameters is de-
termined by the error, to correct the error. The results of experiments on Yahoo and Movielens data sets show that the
effect of the improved parameter updating strategy is better.
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1 BES£5H
Dataset #Users  #Items # Obse}wed Size(kB)
Entries
Yahoo 7642 106959 221367 31497
Movielens 7342 10681 1004399 65547
R2 EBUNTINERM N2(XO
Dataset Predictor Variables Complexity Nz(X)

Yahoo
Movielens

4006106
6650745

user, item, genres, directors, actors

user, item, time, title, genres
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Number of Iterations(k=8)
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250

Constant Threahold
Quumk Threshold
Tl

20
150
i N

50

Runtime per Iteration{in hours)

Movielens Yehoo

B2 3 FaE BUE R 3 T B 170 (] # Lk

A 2 AT, B S BUE B 77 B B TR [ R 2>, X 2
EA4AE M BREAX R, XMRE—BRERARER T
HBIE T R BUR R BB 47 iR B B R R M, PR
O AR S BER /D B BT S B AR AR
RTZRE, FESHFEEN, B AU-ALS B sk B BUR



iy ALS ik ISR R ER K, BT A SN EE
RLRZE/N T BE, TR MBI RAE. UM TRA
MBI SR EERE S ENRE, IERTEREEEHN
WBWSTHE. TR ®E, MRERKKREELD IR 4B
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U mEREN TS, BRERNETHEERE. A
18 4 R, (B F BRI E R RS L5
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1 9 S B9 O 2% - (EL7E S B 9 R a8 B o I AR 48 R AR
1 % .
4.3 EW_.@ITHELE

ZELR ISR L B 1,2,4,8,16,32,64,128, B{E
R 4507 B 1 (Quartile Threshold) B, 354t 20 3k ALS
1 AU-ALS 43+ BI4EF T Yahoo 1 Movielens 854 |, ¥
BUGEN BB T (A D M B, B SSIEE s 3
B3,

£ 3 BfTHE B (h)
Dataset Method k=1 k=2 k=4 k=38 k=16 k=32 k=64 k=128
Yahe ALS 5.04 10. 40 21.12 42, 85 83.13 167. 08 335. 26 675.53
00
B AU-ALS 4.34 8.68 17.03 34.90 61.56 101. 21 178. 54 390. 09
) ALS 10. 08 19. 49 40,77 82,54 164.1 326. 16 651, 36 1303. 8
Movielens
AU-ALS 8.75 14, 06 30.98 62. 52 120. 3 240. 39 399. 07 643, 31
B 3 ATLUBE] FEE £ ER RFSES E RIS, M Bb.
FIEMER T AU-ALS fEaf7aT AR BT ALS Mz T8, HHRIF AXFEHHTEEHMSHEARE—-SHY

Yahoo! Webscope dataset
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E 0
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k(#Iatent Dimensions)

(a) Yahoo ¥ g iR {Ta¢(E] A9 HuEE
. .
3
2
iz
g8
g8
s
Ev
w
g
§ 2 2 64 128

4 8 16
k(#latent Dimensions)

(b)Movielens $(HE4E B 1T} A6 L3
B3

4.4 XB=.FAFEREEE
FER IR RIR A T IR IR 22 (RMSE) , KRR N

Z (;(i) _y(i) )2
RMSE=A| ——F——

¥R IR E R RGPS T M) R H I Ay B B T
K TR a4, MR A3 5 R IR ZE A8/, U T B e

WP R k=22, BE T E F F 50 B0F 2 (Quartile
Threshold) , 43+ BlI7E Yahoo #l Movielens P # $tiE 4 b Xl
EBHFRIREHRTHE, TREIRWE 4 FiF).

F4 HITRRER

Dataset Method RMSE Runtime(in hours)
ALS 0.9845 114. 63
Yahoo
AU-ALS 0. 9891 84. 06
Movicl ALS 0. 8867 209. 08
o
VEERS  AU-ALS 08734 167. 52

HMF 4 ATLLE M, 7E ALS A1 AU-ALS B3 89 T30 0
HAHFHER T, AU-ALS BE:MS TR,

GEIR, ERRMFAHESE L AU-ALS B 3% M X
ALS wyiz470 (a4 B B, WA R 5 IR 2 WA —E K

BMENZEIBEENERRR. Bd5ASHMABENIRE
ain, AEH HENRERTRENRENSE. EHTES
LRI T BB NRE WRE/ NI SRERBRELL RS
B B ERIRERHSEIRBEZHEHVLS. FNEK
HBRREFERS T8, B0 TTaE. 8BTS
# ALS Bk fER/NRZE EEZBUS TRIFIMR, A E
BN TREEENSTHR, KERKRZE/ EHBGH
EERK, BREEEEMTNESL.
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