Classification from Pairwise Similarity and Unlabeled Data
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Abstract

Supervised classification requires vast amount of
labeled data, which is costly. In order to mitigate this
bottleneck, we proposed a classification problem

where only pairwise similarity (two examples belong . Setting
to the same class) and unlabeled data points are 1ruiticy ~ (@) - linear-in-input model with squared loss
needed. o

regularization parameter {101, 104, 10-7}
(chosen by cross-validation)

 # of S data =200

« # of U data € {200, 400, 800, 1600}

true class-prior = {0.1, 0.4, 0.7}

Unbiased Risk Estimator

Rpno(f) =E[l(yf(x))] misclassification rate of f
N .

Introduction
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(e.qg., politics, religion, opinion on racial issue) _ Y, e "

= “Which person do you share the same belief as?”

Related Work:
Semi-supervised Clustering;

same class

Comparison with Baselines
Setting

Prop. 1: Error > 0O asym ptotica\ly * loss: squared / double-hinge loss
« # of S data = # of U data = 500

Y Empirical risk can be minimized
without explicitly labeled data

=3 Estimation Error Bound . true class-prior = 0.7
Clustering with go O/ =\ R(f) R(f*) O 1 1 « (model, regularization are the same with the above)
« Similar pair (must-link) O LN A — = U, | .
. Dissimilar pair (cannot-ink)  \ 0,/ “A V2ng  /hu Baselines
AN Estimation error of risk 4S data « SERAPHI[3]
Problem terent ol of empirical minimizer f clustering with semi-supervised metric learning
4 ) « 3SMIC[4]

Strong assumption on datasets
e.g., cluster assumption, manifold assumption

Goal of This Work

Def. (Rademacher complexity): For function class H, . . .
' vl semi-supervised clustering

with information maximization
* DirtyIMCI[5]
clustering by matrix completion

1
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where o = (oy,...,0,) are Rademaher variables

Assumption: Results

F satisfies the following assumption:
S JR € Rog st. ||fllee < R (Vf € F) SU(proposed) Baselines
O Cr Dataset Squared  Double-hinge SERAPH  3SMIC DIMC
- R(F;n, p) < 7 (Vi) (Cz: constant) adult 663 (1.2) 84.5(0.8) 665 (1.7) 585(1.3) 63.7(1.2)
c " banana ~ 64.1(1.7) 682(1.2) 55.0(1.1) 61.9(1.2) 64.3(1.0)
@ \where p 1s Lipschitz constant of 7 y cod-rna  82.5(1.1) 71.0(09)  625(1.4) 56.6(1.2) 63.8(1.1)
@ higes  54.9(1.6) 69.3(0.9) 63.4(1.1) 57.0(0.9) 65.0(L.1)
O - : ijennl  682(1.3) 73.6(0.9)  59.8(1.2) 589(1.3) 662 (22)
% % Estimation error converges to O magic 659 (L5) 69.0(1.3) 550(0.9) 59.1(1.4) 63.1(LI)
- - - - phishing 752 (1.3)  91.3(0.6) 62.4(1.1) 60.1(1.3) 64.8(1.4)
-c33 in the optimal rate(2) w/o stro ng assumption phoneme =~ 68.0 (1.4)  70.8(1.0) 69.1(1.4) 61.3(1.1) 64.5(1.2)
— . spambase  69.5 (1.3) 85.5 (0.5) 654 (1.8) 61.5(1.3) 63.6(1.3)
o Pro P. 2: Reduced to susy | 607(1.0) 748(12) 58.0(L0) 57.1(1.2) 652(1.0)
- L . w8a  60.5(1.2)  86.5(0.6) N/A  60.5(1.5) 65.0(2.0)

convex optimization waveform 78.6 (1.6)  87.0(0.5)  56.5(0.9) 56.5(0.9) 65.0(0.9)

Classification accuracies for each dataset (with standard errors).
Bold-faces are outperforming methods chosen by 5% t-test.

Theorem If / satisfies ((z) — l(—2) = —=z
then the optimization of fisu,g(f) with the classifier

flx)=w'¢(x)+b

and the L2 reqgularization becomes convex.

utilize pairwise information

% Classify data using pairwise information
w/0 strong assumption
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Empirical Risk Minimization

Supervised classification = Minimize misclassification rate =

Classification Risk Rpx(f) = E [€o.1(yf(x))] 1

A 1 S ST
unblasead 0

Empirical Risk — Ren(f) = = - fo1 (s (@)
1=1

2] Mendelson, S. Lower bounds for the empirical minimization
algorithm. IEEE Transactions on Information Theory, 2008.

[3] Niu, G., Dai, B., Yamada, M., and Sugiyama, M. Information-
theoretic semi-supervised metric learning via entropy
regularization. In ICML, 2012.

! ,[,)1 : [4] Calandriello, D., Niu, G., and Sugiyama, M. Semi-
supervised information-maximization clustering. Neural

Networks, 2014.

% Computationally efficient to optimize
/ Unigue global optimum
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