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Abstract

Recommendation systems are one of the most essential tools for e-commerce
intelligence. These systems with different types of data filtering methods are
able to offer the best recommendations from a multitude of selectable items.
Collaborative Filtering is the most widely used method of filtering data to
make recommendations. One of the advanced models for predicting ratings
in the Collaborative Filtering is the Singular Value Decomposing (SVD). In
this paper, an optimized model of the film recommending system based on
the SVD method is developed, which while reducing the dimensions of the
matrices and the volume of computations and memory, and with iteration
replacement method, has appropriate accuracy compared with other
methods. For this research, a set of 100k Movie Lens datasets and Python
programming have been used. Evaluation of error rate with root mean square
error (RMSE) and mean absolute error (MAE) value shows a good
improvement over similar methods in other references.
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"test’ "train' ‘data’

movield rating userld movield rating userld userild movield rating
50022 16820 35 3220 2052 278310 35 180 0 1 1 40
25564 S0BTZ0 40 1770 11738 165.0 50 7.0 1 1 3 40
87281 551180 45 5620 45865 318.0 45 3190 2 1 [ 40
2083 472000 30 180 51918 950 50 3370 3 1 a7 50
51265 74380 30 330 57780 SGETTS.0 40 3800 4 1 50 50
11962 065880 35 730 4788 12240 4.0 290 100831 610 166534 40
80284 Ti535.0 40 5050 58227 20850 30 380 100832 610 168248 50
55867 54180 35 3690 38745 12750 40 2660 100833 610 168250 50
17707 47770 10 1110 28875 65650 40 1590 100834 610 168252 5.0
38038 26920 45 D2R00 45348 254410 20 2380 100835 610 170875 30

15863 rows = 3 columns 63451 rows x 3 columns 100836 rows = 3 columns

ONESCISLING, [ L9 Sl Eela OS2 o) a0 (S2

Slpodd o polhe (5 peT Canliis S5) g 2k palie a s gy Jlesl b
5 s Sl e 5 S0ke Hdo e AT o Cowds (A) K8 Oy gt Cd Sl
Solie (A) JSK8 55 o /VFTAY 5 o /AFFAY Sl asle Cu o o e 405 Sla
Lok o305 2L RATING sl b sily slie s RATING_HAT sl b o i

1. RMSE (Root Mean Square Error)
2. MAE (Mean Absolute Error)
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movield rating userld rating_hat

50022 1682.0 35 3220 3.83
25564 50872.0 40 1770 3.84
87281 55118.0 45 5620 4.04

2083 47200.0 3.0 18.0 31
51265  7438.0 30 3310 3.82
11962 96588.0 3.5 730 3.59
80284 71535.0 40 5060 3.83
55967 5418.0 3.5 3690 3.82
17707 94777.0 10 110 3.85
38039 26920 45 2600 3.94

15863 rows = 4 columns
iteration= 1 k= 598 mae_error= 8.73212 rmse_error= 8.94482

s s o o R o o R R 0 o R
tims(s)= 504.09

SVD 5y, dlesl s A IS
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MAE Vs. Iteration RMSE Vs. Iteration
0925
0710 0920
0705 0915
£ £
w 0700 5 0910
= =
=
0695 0905
0690 0900
2 4 6 8 10 2 4 6 8 10
k :Number of Iteration Number of Iteration

IS sl 4 s MAE s RMSE @ s jls gad MY IS

user_id= 250 user_id= 10

oy S Wt Ty sl et

rating title rating title
movield movield
1041 459 Secrets & Lles (1996) 89904 473 The Artist (2011)
89904 464 The Antist (2011) 12710 470 Back to the Future (1985)
104 461 Streetcar Named Desire. A (1951) 1212 470 Third Man, The (1949)
451 452 Guess Wno's Coming 10 Dinner (1967) 487 a0 Fugtive, The (1933)
1209 450 Once Upona Time in the West (C'era una volta 1041 469 Secrets & Lies (1996)
2360 446 Celebration, The (Fesien) (1598) 1207 463 To Kill 2 Mockingbird (1952)
n7s 442 Paths of Glory (1957) 1250 459 Bndge on the River Kwal, The (1957)
308 442 Tivee Cokrs: Red (Trois coulewrs: Rouge) (1994) 1204 459 Lawrence of Arabia (1962)
2329 440 Amenican History X (1998) 104 455 Streescar Named Desire. A (1951)
3429 428 Creature Comfons (1989) 1223 451 Grand Day Cut with Wallace and Grome, A (1989)
912 437 Casablanca (1942) 197 449 Princess Bnde, The (1987)
821 437 Schindlers List (1993) 1209 449 Once Upon a Time in the West (C'era una volta
904 435 Rear Window (1954) 3089 448 Bicycie Thieves (a k3 The Bicyce Thief) (a
1213 4% Gooactellas (1990) 1284 447 Big Skeep, The (1945)
68559 434 Dark Knight, The (2008) 2380 445 Celebration, The (Festen) (1998)
1221 4% Goctather. Part I, The (1974) 1234 445 Sting, The (1973)
45 43 In the Name of the Father (1933) 20 444 Star Wars: Episode IV - A New Hope (1977)
858 a3 Godfather. The (1972) 2318 243 Happiness (1936)
883 433 Silence of the Lambs, The (1991) 178 443 Paths of Giory (1957)
w43 Fomest Gup {1964) 1262 443 Great Escape. The (1963)
3083 433 AllAbout My Mother (Todo sobre mi madre) (1999) 2420 441 Creature Comfons (1989)

Tﬁ'_’ 1*ML-E'L'L‘$L*})"5LS|,#J-’~’_;"JF“J£-5

1. Iterated Truncated Singular Value Decomposition (ITSVD)
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