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ABSTRACT

In this paper, we explore using different sources of information to describe
sneakers based on which we predict the popularity of sneakers. In particular, we utilize
Multiple Kernel Learning (MKL) techniques to train a popularity prediction model
consisting of multiple pre-computed kernels that were suited to their own feature space.
We further evaluate two regression models: support vector regression (SVR) and MKL
to predict a popularity score from several features. In the experiment, we collected
1913 sneakers images from Sole Collector for building a dataset for both training the
model and evaluating the prediction accuracy of the approach. We show that a late
fusion method (i.e. MKL) has a better performance than an early fusion method (i.e.
SVR) in predicting the popularity of sneakers. The pre-computed kernels have better

result than radial basis function kernel generally.

Keywords: Support Vector Regression; Multiple Kernel Learning; Sneakers;

Popularity;
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n Jordan Flight Runner

SHOWING 179 RELEASES MAY 2014

— ~

Black/Infrared 23-Dark Concord

ntroducing, the Jordan Flight Runner. This is the first
running shoe from, Jordan Brand. They come in a black,
infrared 23 and dark concord colorway. Featuring a black-
based upper with infrared 23 and concord purple accents
sitting on a white sole. A general release, look out for them
at select Jordan Brand accounts worldwide in early May of
2014, Retail is set at, $110.
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Know: Air Jordan 1l
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Mike Air Raid

Fresh Out The Box |
Ronnie Fieg x Asics "Kith
Football Equipment”

WVIEW MORE AT:
COMPLEX.COMITV

Style Code: 631606-033

Nike Sonic Flight Black/Purple
Vhite-Tour Yellow

Venom

82 NOT 64%

This Nike Sonic Flightis known as the "Lakers" edition.
nspired by the time Gary Payton spent playing in Los

FR

TAKE FREE ONLINE COURSES

VIEW THE LATEST COURSES

AT EDX.ORG >>

Angeles. They come |n_a b\acqu. purple venom, white anFI TOP DISCUSSIONS
tour yellow colorway. Featuring a black-based upper with

purple, white and yellow accents. A general release, look
out for these at select Nike accounts worldwide in early
May of 2014, Retail is set at, $140.
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