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D-25 High-Dimensional Feature Selection
by Feature-Wise Kernelized Lasso
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&%—'5& (HSIC Lasso):
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min, 2 vee(E) — [vec(K M), .., vee(K e + Al

s.t. ap,...,aq >0 EKHZETILDAL(http://www.ibis.t.u-tokyo.ac.jp/ryotat/dal/ )& {5 FH

Matlab code: http://www.kecl.ntt.co.jp/icl/ls/members/myamada/software/HSICLasso.zip
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d(t +1)~ arg max{f[ P(ﬁ(i), 1(1) | 9)}P(9)
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A Machine Learning Method for
Entity Resolution using Crowdsourcing

Jingjing Wang, Satoshi Oyama, Masahito Kurihara (Hokkaido University)

Hisashi Kashima (The University of Tokyo)

® We propose a supervised learning method for entity resolution
using labeled data obtained by crowdsourcing.

¢ Our method learns an accurate entity resolution model from a set
of inaccurate identification results given by crowd workers.

........................ . A Yes.
J.Smith James Crowdsourcing @ A C
) & A
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€® We extend Locality Preserving Projections (LPPs) to learn a low-
dimensional projection that projects data objects for the same
entity close to each other in a latent space.

€ We introduce regularization to simultaneously learn the true
projection matrix and workers’ projection matrices from the
identification labels given by crowd workers.

Workers’ labels Workers’ models
(Adjacency matrices) (Projection matrices)
A w

A Learning w2

' Regularization

A w

€ The machine learning problem reduces to a single generalized
eigenvalue problem.

# Once the true model is obtained, we can use it to predict the
identity relations among unknown data.

True model ~ True labels
Prediction

w() » A
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