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[Abstract]

Dimensionality Reduction methods are used to generate embeddings of users or items in machine learning models for
personalized recommendation. Methods like SVD(singular valued decomposition) are hard to apply when big data is given in
industrial fields because of their time and space complexity, although their mathematical properties are well known. In such a
case, dimensionality reduction methods without models like random projection, which is fast and requires small space, are used.
In this paper, another fast dimensionality reduction method without a model is proposed, which is better than Random Projection
in cosine similarity preservation perspective. Experiments are performed with open datasets in personalized recommendation
domain. The results shows the proposed method is better than random projection in cosine similarity preservation and execution
time in all dimensions. A comparison between the proposed method and SVD, which creates a mkodel, is also performed. The
proposed method appears that it achieves the similar degrees of cosine similarity preservation to SVD when the dimension is

higher than some level and better execution time.
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Table 1. Datasets used in_experiments

Dataset User Item Review | Rating Range
Movielens[10] 943 1650 80000 [1,5]
Boardgamegeek[11]| 2000 16034 495845 [0, 10]
Jester[12] 2000 140 246573 [-10, 10]
Datafinti[ 13] 408 207 2605 [1,5]
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Table 2. Paired t-test compares relative ranking precision
between random projection and feature selection

=
S Wz

method
Dataset t-statistic p-value
Movielens 4.502203 0.001139
Boardgamegeek 5.012183 0.000237
Jester 8.936539 4.4665e-05
Datafinti 3.557947 0.009244
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Fig. 1. Comparisons of relative ranking precision between
random projection and feature selection method
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Table 3. Comparisons of execution time between random

projection and feature selection method (ms)
Dataset Random Projection Feature Selection
Movielens 0:00:05.221909 0:00:05.291127
Boardgamegeek 0:01:27.717332 0:00:55.108768
Jester 0:00:06.647170 0:00:06.832270
Datafinti 0:00:01.636178 0:00:01.412616
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Fig. 2. Comparisons of relative ranking precision between
singular value decomposition and feature selection
method
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Table 4. Paired t-test compares relative ranking precision
between singular value decomposition and feature

selection method
Dataset t-statistic p-value
Movielens -3.025611 0.012772
Boardgamegeek -3.804806 0.002187
Jester -3.525375 0.009657
Datafinti -1.056642 0.325771
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Table 5. Comparisons of execution time between singular
value decomposition and feature selection method (ms)
Dataset SVD

Feature Selection

Movielens 0:00:07.178936 0:00:06.314777

Boardgamegeek 0:02:18.422520 0:00:49.104610

Jester 0:00:06.882968 0:00:06.614407

Datafinti 0:00:01.774745 0:00:01.479170
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