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Adaptive High-order Rating Distance Recommendation Model Based on Newton Optimization

Z0OU Hai-tao,ZHENG Shang, WANG Qi, YU Hua-long and GAO Shang

School of Computer Science,Jiangsu University of Science and Technology,Zhenjiang,Jiangsu 212003, China
Abstract  Some existing recommendation algorithms introduce latent factor model to overcome the problems caused by data scar-
city,so as to provide more effective recommendations for users. In general, those methods construct an optimization function to
achieve the minimum rating error or maximum preference,etc, by integrating several polynomials with the corresponding parame-
ters to balance each part,and use stochastic gradient descent to solve this function. Nevertheless, the above mentioned models on-
ly consider the difference between the estimated and real ratings of the same user-item pair (i. e. ,the first-order rating distance) ,
and ignore the difference between the estimated and real ratings of the same user across different items (i. e. , the second-order
rating distance). Hence, high-order rating distance model, HoORaYs,with good accuracy in terms of item ranking and predictive
ratings which takes these two kinds of distances into account is proposed. Unfortunately, this model still has some flaws in adap-
tability and efficiency due to its manually setting parameters,its non-convergence. Aiming at improving the recommendation adap-
tability and efficiency,an adaptive high-order rating distance model which integrates a data scale sensitive function is proposed. It
utilizes Newton method to solve the convex optimization problem about rating distance. This method not only eliminates manually
setting parameters, but also accelerates the optimization function convergence speed. The proposed model has a solid theoretical
support. Experiments on three real datasets show that,it has good prediction accuracy and operation efficiency.

Keywords Recommender systems,Latent factor model, Newton method.Convex optimization. High-order rating distance
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Input: Training data Dy
Output: U,V
1. Randomly initialize U,V
2. Initialize @, = {0, }]",

Initialize @y =40, }_,
while not converged do
procedure STAGE1 //Fix V and update U
Initialize s=1

fori=1 to m do

Compute V u;

© 0 N o Ul e W

Compute H,,

10. 8, =H,'Vuy

11.  end for

12, if /(U—s+BOy,V)>L(U,V) then
13. s:%s

14.  goto STAGEI

15. end if

16.  endprocedure

17.  procedureSTAGE 2 //Fix U and update V
18. Initialize s=1

19. for j=1 to n do

20.  Compute V v;

21.  Compute H‘,‘

22. 8, =H, 'Vy

23.  end for

24, if AU, V=S« 0By)>L(U,V) then
25. s:%s

26. goto STAGE 2

27. end if

28.  endprocedure
29.  end while
30. return U,V
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Table 1 Results on MovielLenslm
Metrics HoO NLH NTH
MAE 0.743 0.745 0.753
RMSE 0.941 0.940 0.965
nDCG@10 0.795 0.796 0.791

2 2 MovieLens10m |- ) 525 45 51
Table 2 Results on Moviel.ens10m

Metrics HoO NLH NTH
MAE 0.711 0.714 0.702
RMSE 0.916 0.918 0.900
nDCG@10 0.798 0.796 0.785
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Table 3 Results on MovielLens20m
Metrics HoO NLH NTH
MAE 0.734 0.718 0.721
RMSE 0.944 0.932 0.926
nDCG@10 0.787 0.793 0.790
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Fig.5 Convergence comparison among HoORaYs,NLH and NTH

models
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