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Abstract

Matrix Factorization (MF) is a widely used and classic algorithm in recommender system. It is a
recommendation algorithm based on user behavior. It is widely known that matrix factorization
algorithm is a good recommendation algorithm. In the Netflix prize algorithm competition, it has
made great achievements, there are many applications of matrix factorization to win the cham-
pionship team; matrix factorization can effectively solve the problem of film score prediction.
Traditional recommendation models usually use off-line training method to calculate the predic-
tion coefficients of all training data. In practice, there are always some new users in the scene that
can’t be found in the training set. But we have a record of his historical behavior. How do we rate
the user? The simplest method is to combine the new user’s data with the old data set and perform
matrix decomposition again. But the cost of calculation is too high, and the time requirement is too
high. For the new user’s movie score prediction how to solve this problem, after comparative
analysis and experiments, it is found that the incremental matrix decomposition algorithm can
help us solve the problem of new user’s movie score prediction. This paper will specifically elabo-
rate how to reduce the time of new user’s movie score prediction by means of incremental update,
and effectively solve the problem of new user’s entering the system, the problem of data fast up-
dating after the unification. Whenever there are new data and new user products, the system can
train them quickly, so that the model can be applied in real time and the user experience can be
optimized.
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Figure 1. Graphic of matrix decomposition algorithm
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Table 1. User Item matrix examples
52 1. User Item %Bf%Scf5)

User #E [
Rl FiltE NE
M1 0.996798 0.38562772 1.1989608
2 -1.2222522 1.3462118 —0.13543855
M3 2.0693302 0.15576078 0.14011484
R/ 4 1.2987686 0.54423344 1.7259812
HF5 0.82122266 0.15917483 1.3019549
6 0.95715284 0.7609615 1.2366726
M7 0.800499 1.4115356 0.31377858
Hir 8 0.8802036 0.18794502 0.23110229
9 0.96255916 0.3179829 1.080837
Item %4
HANTE IR F R (GA=Riyrs HEZA
el 1.514824 0.7324305 0.80080956 0.42376563
Jal 0.71127015 0.7247593 0.8379608 0.8447053
ENE 0.7630977 1.0970819 0.5928742 0.8099476

DR D PP i) R it [ ) N AR S5 T T 2, I DAE AT 2t PP R R b A 2 i, I SR R A 3
AURETS B F EREAS B TU PR 23 1 VROMEBROR, SRR P BRI S K AT RE TR, % A A5 A
L. NI 2 g3 7 LR PR R AN SRR AR A 45 R, AT e MO TP R, IR 2,

Table 2. Prediction scoring matrix

2. AT EERE

HA AT IR F R (GA=Riyis HEZA
i lal 6.7394266 5.640459 5.5524774 2.9836497
2 6.1560307 4.85246 5.750779 1.8784995
M3 8.823769 5.6828885 6.458826 2.8309512
Hra 5.6513176 5.0451264 4.848589 2.4187038
5 8.564197 6.746207 7.1328883 3.6082907
FF 6 6.3516283 4502749 5.6876373 3.8123322
AT 5.697568 3.98661 4.98732 3.5189338
8 5.7896385 4461133 5.3040524 4048918
HF9 5.7319975 4.8657384 5.9837894 4261621
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Table 3. Mark data

5= 3. Mark %12
users 2176
movies 9155
ratings 524,667
42 TWHE
STIAEE WL 4.,
Table 4. Experimental environment
Fz 4. KWINE
SLEREREY it B 15 5
BERS macOS 10.15.6
HAE 8GB
MFETE Python 3.7.4

4.3. SEWEER

A g PR B I R] (Update: Time) A1 7 1] 2 (Recal )/ R S256 PEAN 67 . Hirh Recall@N e
FE N M AR . SEIG 45 R L% 5.

Table 5. Experimental result
5. KWER

AE/TES fwit] Recall Update Time (ms)
B i 0.142 111,539
Mark Movies 500 K
TR ) R 0.133 119
HE R R 0.132 310,680
Movie Lens 1 M
Tl B B A 0.126 133
FERE SR 0.178 21680
Movie Tweetings 100 K
1l B B 5 1 0.142 43
A Recall Update Time(ms)
R iR 0.142 111,539
B iR 0.133 119
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