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Property 2: Reduced to convex optimization

Empirical Risk and Unbiased Estimator

Empirical Risk Minimization

Introduction

o , o , Theorem If /¢ satisfies £(z) — /(—z) = —z, then the optimization of ESU7g(f)
Pairwise Data in Classification

with the classifier

Supervised Classification Supervised classification = Minimize misclassification rate flx) = qub(m) + b \
.. . ()]
Explicit labels might be difficult to obtain... Classification Risk Empirical Risk L _
(e g volitics religion racial issue) N P and the L2 regularization becomes iqugr:d
9 ’ ’ . A~ 1 convex. B " Logistic ’
i wise Information Ren(f) = E [lo1(yf(x))] aereeess Bpn(f) = - Zfo_l(yi f(x;)) 5 Double-Hinge
@ .=1 1
mitigate data collection cost unbiased .Z Example R Y S
= "Which person do you share the same two people share Hisic ot labeled data Squ.ar.ed loss, Double-hinge loss, : 10 1
property”?” (easier to answer) the same property SU Unbiased Risk Estimator Logistic loss m

cf. randomized response technique

o _ O A A Rpno(f) =E[l(yf(x))] SU classification can be made computationally efficient with unique solution
Training Data in Hand — /A A Empirical risk can be accessed via SU data
. : / / / . - ' IC ' 0
S(imilar) data pairs {(xsa,xh )}, ~p(@ @ |y=y =+1Vy =y =-1) : unbiased (without explicitly labeled data!) EXperI ments
U(nlabeled) data points {xy ;i }:.2 ~ p(x) : . | ) e
ﬁSU’g(f) - Z Ls,elf(@s.1) + Ls.el/(@5,0)) ! Z Luo(f(xui)) Setting - linear-in-input model + {squared, double-hinge} loss
Related Work: Semi-su per\/iged C\ustering ns .4 2 nu T « regularization parameter €{10-1, 104, 10-"} (chosen by cross-validation)

carme alace Risk of similar data Risk of unlabeled data  #of S data = # of U data = 500

Clustering with « true class-prior = 0.7
«  Similar pair (must-link) = same class - OQ"C : 4 R R A o ) | ) _
«  Dissimilar pair (cannot-link) = different class % NN T =ply=+1) n_=ply=-1) ns=ni+7Z [ :loss function Baselines
Problem oY/ Lso(z) 2 LD H22) p (o) & T+ T lm2) * DML SERACH . o Diyle . _
JAY SO o, 1 U.£\<) = 2m, — 1 clustering w/ semi-supervised metric clustering by matrix completion
Strong assumption on datasets . - ~ learning +  |MSAT(linear)
different cl - -
e.g., cluster assumption, manifold assumption e e e 3SMIC information maximization +

Property 1: Estimation Error - 0 asymptotically

regularization making similar data close
(implemented with logit model)

semi-supervised clustering

Estimation Error Bound with information maximization
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Our Target
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Semi-supervised Result
o _ Clustering 3 Estimation error of risk S data #U data SU(proposed) Baselines

@3 s .9 of empirical minimizer Dataset Dim | Squared Double-hinge] KM ITML SERAPH 3SMIC  DIMC  IMSAT(linear)

C o 'S © . adult 123 | 645(1.2) [845(08) | 58.1(1.1) 579(1.1) 66.5(1.7) 585(1.3) 63.7(1.2) 69.8(0.9)

_g - Q g 4 Assumptions: h banana 2 |675(1.2) 682(1.2) | 543(0.7) 54.8(0.7) 55.0(1.1) 619(1.2) 64.3(1.0)0 [69.8(0.9)

=+ O O O JF : model class satisfying dR € Ry s.t. [[f|lc < R (Vf € F) and cod-rna 8 ) 828(1.3) 71.0(09) | 63.1(1.1) 62.8(1.0) 625(14) 56.6(1.2) 63.8(1.1)  69.1(0.9)

o @ = = higgs 28 §55.1(1.1) [69.3(0.9) ) 66.4(1.6) 66.6(1.3) 63.4(1.1) 57009 650(1.1) [69.7(1.4)

- = Rademacher complexity 9(F:n, u) < Cr (Vi) for a constant Cx ijcnnl 22 1 655(1.3) (73.6(0.9) | 546(0.9) 558(0.7) 59.8(1.2) 589(1.3) 66.2(22) 685 (l.1)

T /n magic 10 § 66.0(2.0) [69.0(1.3) | 539(0.6) 54.5(0.7) 55.0(09) 59.1(1.4) 63.1(1.1) | 70.0(1.1)

¢ is p-Lipschitz phishing 68 § 750(1.4) 91.3(0.6) | 644(1.0) 61.9(1.1) 624(1.1) 60.1(1.3) 648(1.4)  69.4(0.8)

\_ ) phoneme 5 [ 67.8(1.5) 70.8(1.0) | 652(0.9) 66.7(14) 69.1(1.4) 61.3(1.1) 645(1.2)  69.2(1.1)

o o o _ spambase 57 f 69.7(1.4) 855(0.5) | 60.1(1.8) 54.4(1.1) 65.4(1.8) 61.5(1.3) 63.6(1.3)  70.5(1.1)

Do classification from weak supervision (here pairwise information) . _ _ _ susy 18 § 59.8(1.3) (748(1.2) | 556(0.7) 55.4(09) 58.0(L0) 57.1(1.2) 652(1.0)  70.4(1.2)

without strong assumptions Estimation error converges to zero in the optimal parametric rate w8a 300 f 62.1(1.5) 86.5(0.6) | 71.0(0.8) 69.5(1.5) 0.0(0.0) 605(1.5) 65020  70.2(1.2)

w/o strong assumption waveform 21 | 77.8(1.3) [87.0(0.5) | 56.1(0.8) 54.8(0.7) 56.5(0.9) 56.5(0.9) 65.0(0.9)  69.7(1.1)




