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Introduction

A

@ Binary classification with samples (x,y) € X x {1,—-1}

o Let f(x) the decision function

o Contingency table

sign(f(x)) =1 True Positives (TP) False Alarm (FA)
sign(f(x)) = —1 | Non Detection (ND) | True Negatives (TN)

o Two types of errors
o Type I: probability of false alarm (FA rate)
Pe(f)=P(f(x) > 0|y=-1)

o Type Il: Probability of non detection (ND rate)
Paa(f)=P(f(x) < 0| y=1)
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2\

o Need to control one kind of error
o Two ways
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o Need to control one kind of error
o Two ways

1 - Contingency table based objective functions

o Asymmetric costs

min CyPoa(f) + C-Pra(f)

o In practice, costs specification is complicated

o Precision or Recall (with k predicted positives) [Joachims, 2005]

b TP = TP
= — eCy = ——————
"k = TP L FA’ T TP+ ND
o F-measure 2Prec X Rec
"~ Prec + Rec

o Difficult optimization problem (polynomial time algorithm by
[Joachims, 2005])
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o Need to control one kind of error
o Two ways

2 - Probability constraints
@ Neyman-Pearson classifier

mfin Poa(f)

o Typical applications: surveillance, drug screening, medical diagnosis,

st. Pu(f)<a

(o : maximal false alarm rate)

signal detection against background, imbalanced classification
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+ Neyman-Pearson constraint
VP <a
v fa
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o Need to control one kind of error
o Two ways

2 - Probability constraints

@ g-value

mfin Pa(f) st Pgn(f) <g(l —Py(f)) (g <1:confidence level

v

Application: tandem mass spectrometry of proteins mixtures

o Peptides (pieces of proteins) spectrum matching

o Consider True Database 7 and Decoys Database
o Matching spectrum with fake peptides — true negative samples

o Matching spectrum with peptides in 7 — possibly positives

@ Assign confidently the positive labels, the negatives being sure

Gasso (LITIS, EA 4108) Neyman-Pearson classifiers 04/07/2011



o Need to control one kind of error

o Two ways

2 - Probability constraints
@ g-value
mfin Pa(f) st Pap(f) <qg(l —Py(f)) (g < 1:confidence level

ROC Curve and q-value constraint

9= Pfa/(1-Pnd)
et .0 el . 3 0
(') Accepted Matchings :
" o+ Constraint:P_<q(1-P_)
@ Assume g = 0.01 and ny = n_ ::.-'.
o Expecting TP = 1000 — FA < 10 B
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Adopted approach

Equivalence between formulations

Q Probability constraints
Search for the saddle point of the lagrangian £(f, A > 0)
o Neyman-Person: L(f,\) = Pya(f) + A (Pra(f) — @)
o g-value constraint: £(f,\) = (1 + Aq) Poa(f) + AP (f)

@ Asymmetric Costs (AC) classification: ming Cy P4(f) + C_ Py (f)

o Costs specification not easy (while dealing with surrogate convex Iosses
Problem involved by probability constraints
Find the appropriate costs asymmetry
Guide the search by checking the probability constraint I
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Empirical risk Neyman-Pearson formulation

The framework

o Dataset D=D, UD_
Di ={(xyi = 1)}, D-={(x,yi= -1},
o Neyman-Pearson problem

mfin P.a(f) subject to Pg(f) <a

Empirical probability errors (0 — 1 errors)
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Existing approaches

Generative approach [Kim et al., 2006]

o Linear classifier f(x) = (w,x) + b.

@ Assumptions: class-conditional distributions are Gaussian with means
p4 and covariances X

@ Solve Neyman-Pearson problem with

N b+w T [i N b+w " [I
Py=0|_ 2 HE ) P02 HE
VwTX w VwTE _w
®: cumulative distribution function of standard normal distribution
fri. and X4 are empirical estimations.

o Straightforward Kernelization

@ Drawbacks: lack of sparsity when kernelized; gaussian assumption too
restrictive

@ Relax Gaussian assumption: use instead of ®, Chebyshev bound
V() = [ul} /(1 + [u]2), [ul+ = max(0, u)

4
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Existing approaches

Discriminative approach:
2006, Davenport et al., 2010]

o minfey Qf)+ Cy Pra(f) + C_Pg(f)
o Q(f) = 1||f||2;: regularizer
o Convex surrogate of the 0-1 classification errors using hinge loss

Pra(f)=- 3= Hlif (), Pr(f)=-- 3 Hilyf(xi)
T ieD, ~ jeD_
with Hg(y,-f(x,-)) = max(O, 1-— y,'f(X,'))

o Find the appropriate costs C; and C_ to satisfy Neyman-Pearson
constraint = search in costs space (C1, C_)

o Because of convex surrogate, signification of the costs is lost
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Our proposals

Proposed solutions

@ Rely on discriminative approach

@ Deal directly with the non-convex probability constraint for
Neyman-Pearson

o Extension to g-value constraint
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Our proposals

A

Non-convex Neyman-Pearson classifier

o minfey Q(F) + CPy(f) subject to Pg(f) <
@ Non-convex approximation of the 0-1 errors

Poa(f)= ny,f(x . Pa(f)=— Zem(x,

IE’D+ T ieD_

o Used approximation ¢ depends on the model family (kernel method,
deep network) and optimization algorithm

—0-1 loss
0.8 —Ramp loss
- - Sigmoid loss
0.6
0.4
0.2
91 -0.5 0 0.5 1
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Our proposals

Algorithms for Non-convex Neyman-Pearson classification

o Kernel machine (SVM)
o Ramp loss approximation
l(z) =max{0, 3 (1 —2z)} —max {0, =3 (1 +2)}

e Remark: non-convex and non-differentiable

o Batch learning for non-linear SVM: tool = DC programming

o Online learning for linear SVM (large scale datasets): tool = stochastic
gradient

o Deep network
o Sigmoid loss approximation /(z) = 1=
o Online learning with stochastic gradient

Primitive of the optimization algorithms

Unconstrained augmented lagrangian (Uzawa algorithm)
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General Algorithm

mingey Q(F) + CPpg(f) st. Pu(f) <a
o Augmented Lagrangian at iteration t

& A 1
LA(F. ) 2 0: M) = Q(F) + CPra(F) + A (Bra(F) — ) + - (A~ AP
o f fixed — force A to stay at the proximal of \;
A < max {0, At + v(Pa(f) — a)}

o A fixed = mingey La(f, \) = mingey L(F, N)
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General Algorithm

La(F A > 0;0) = QF) + CPra(f) + A (Pra(f) — @) + L (A = \o)? J

Algorithm 1 Uzawa Algorithm
Set initial value for A > 0. Pick small gain v > 0.
repeat
STEP 1: f «+ argminsq L(f, )
STEP 2 : X\ < max {0,)\ + v (Pp(f) — oz)}
until convergence

Trick: Use a inultiplicative update to keep A >0
A= A(1+4v (Psa(f) — @)
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Batch learning of Neyman-Pearson SVM

Algorithm derivation
o £=LFIZ+ CoXiep, (0if () + C-iep._ €yif(xi)) — Aa
with C, = C/ny, C_ = \/n_
o Ramp loss function ¢(z) = max {0, 3 (1 —z)} —max {0, —1 (1 + z)}
@ Step 1 of Uzawa Algorithm solves Non-convex Asymmetric Costs SVM

1

—0-1loss
—Ramp loss|

0.8
0.6
0.4

0.2

Issue: non-convexity and non-differentiability of the ramp loss

However, problem amenable to DC programming
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Batch learning of Neyman-Pearson SVM

Difference of Convex (DC) programming [Tao and An, 1998]

@ Non-convex (non-differentiable) problem
mein J1(9) - JQ(G)

J1 and J> are convex functions (1).

@ Solve iteratively the linearized convex problem

0t+1 = argmin J1((9) - (V@JQ(@t), 0 — 9t> (2)
0

o The objective function J;(0) — J>(f) decreases at each iteration as

N (0e41) + (Vot2(6:), 0r41)
—Jo(0¢41)

K(0e) + (Voo (0r),0r)  (2)

<
< —J(0:) + (Vo a(0:), 0041 — Or) (14
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Batch learning of Neyman-Pearson SVM

Applying DC to Non-convex Asymmetric Costs SVM
o L= 3|13+ CsDicp, Lyif (xi)) + C—Zfep (yif (xi))
o {(z) =max {0, 5 (1 —2)} —max {0, -5 (1 +2)} = l1(z) — la(2)

35 L@
0.8 3 NG
250",
0.6
2
0.4 15
1
02
05
0 0
o 05 0 05 1 o 05 0 05 1

o Decomposition of L(f,\) = L(f) — Jo(f)

A (f)

1
IR+ G alyif (x),

h(f)

> Gy la(yif(xi)) where G, €{Cy,C_}
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Batch learning of Neyman-Pearson SVM

Applying DC to Non-convex Asymmetric Costs SVM (cont'd)

o Convex linearized £

E—_l|f||H+ZCY.€1 yif +ZC (Veba(yife(xi), f = fe)n

o We obtain classical SVM-like problem

@ Solve the Non-convex Asymmetric Costs SVM with DC = solve
iteratively SVM-type problem
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Batch learning of Neyman-Pearson SVM

Applying DC to Non-convex Asymmetric Costs SVM (cont'd)

o Convex linearized £

ﬁ——HwaZCy.fl yif +Zc, (Vebayife (%)), F — fo)au

o We obtain classical SVM-like problem

@ Solve the Non-convex Asymmetric Costs SVM with DC = solve
iteratively SVM-type problem

Solving Non-Convex Neyman-Pearson problem

Q For ) fixed, solve Non-convex SVM with C; = C/ny, C_ = \/n_

@ Update \ according to Neyman-Pearson constraint satisfaction

y

Computation bulk for non-linear SVM l
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Remedies to computation bulk

Solution 1: speed-up trick

@ Update the Lagrange parameter A\ after each iteration of DC

@ Avoid solving many times Nonconvex SVM problem

Algorithm 2 Annealed Uzawa algorithm
repeat

eSet C; = C/nyand C_ = \/n_.
e Solve for one iteration of DC — f(x)

e Update A  A(1 4 v(Ps(f) — a))
until convergence.

Solution 2: online learning

o However, non-linear kernel SVM case is challenging

@ Focus on linear SVM and deep architecture

Gasso (LITIS, EA 4108)
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Online learning of Neyman-Pearson SVM

Algorithm derivation
o Model f(x) = (w,x) + b
o Reformulation of Neyman-Pearson problem
min ﬁ||W||2 + L Z ((yif(xi)) st 1 Z ((yif(xi)) <
fo2 ny . b n_. -
IGD+ i€D_
o Lagrangian

n

20 = 23 (SEIWIR + a3 ()~ Xa)

i=1

with the coefficients a; =

n/ny YieDy
An/n_ Vi€ D_
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Online learning of Neyman-Pearson SVM

Algorithm 3 Stochastic algorithm
Initialize A\, w, b.
repeat
Pick a random training example (x¢, y;)
Update w and b in the following ways

W (l — ’yt)\c)W — ’)’tatvwe(ytf(xt))
b <+ b—aVul(yef(xe))

If ye = —1, set
A< max (0, A + v (U(ye, f(x¢)) — @)

until convergence

@ 7, v learning rates

o Neyman-Pearson constraint being related to negative samples, update
of A occurs if the current sample has a negative label
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Straightforward Extensions

@ Online algorithm for deep network

@ Batch and online algorithms for g-value constraint

min Q(f)+ CPy(f) sublect to P(f) < q(1 = Pra(f)
€

o Use the lagrangian

L(FA) = Qf)+ CPoa(f)+ A (ﬁfa(f) —q(1- ﬁnd(f)))
Q(f) 4 (C 4+ Aq) Poa(f) + APsa(f) — Aq
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Performances evaluation
A

Dataset #features ny n_
Spambase 57 2788 1813
GammaTelescope 10 12332 6633
Covertype 54 211840 20510
RCV1-V2 47152 684494 119920

Compared methods

o Batch Neyman-Pearson (NP-SVM) : requires specification of (Cy, o)
@ Online Neyman-Pearson(ONP-SVM) : requires specification of (A¢,)
o Convex Asymmetric Costs SVM (AC-SVM) : triplet (C4, C_,0)

o Generative approach (GEN) : only o is needed

Validation criterion

Jval = I/:\:'nd + max(O, II:\,fa - Oé)/Oé
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Performances evaluation of proposed algorithms

Results for nonlinear SVM model }
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Performances evaluation of proposed algorithms

Results for linear SVM model J

spambase
spambase spambase 35 P
0.4
—~30
035l |——ONP-svM 5
—=BNP-SVM £ 25
031 |.e.ac-svMm 2
0.25| -4-GEN = 20)
1] c
= o
a =
0.2 g 15|
0.15| 2
01 3 10
TR O 4
0.05| .
AL Shie e e
001005 01 02 04 001005 01 02 03 04 001005 0.1 02 03 04
Target Pfa Target Pfa Target Pfa
MagicGammaTelescope . MagicGammaTelescope MagicGammaTelescope
0.4
0.9
0.35| —ONP-SVM 08 ——ONP-SVM =
03 ~==BNP-SVM —S-BNP-SVM £
-9-AC-SVM 07 -o-AC-SVWM >
0.25| -4-GEN 06 T [foGEN £
o =z 5
£ 2 . s
a T os 2
8
0.4 5
.3 g
o 03 8
- 02
0.1
04 001005 0.1 04 001005 0.1

025
Target Pfa
04/07/2011 20 / 22

025
Target Pfa




Performances evaluation of proposed algorithms

Results for linear SVM model J!
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Performances evaluation of proposed algorithms

Results for linear SVM model }

Table: Performances on test set (19700 positives and 3449 negatives) of RCV1-V2
for different values of a. Top row: left) o = 0.1%, right) o = 0.5%. Bottom
Row: left) o = 5% and right) o = 10%. Performances are percentages of errors.

ONP-SVM  AC-SVM ONP-SVM AC-SVM
P 0.029 0 Ps 0.31 0.145
Pod 76.8 93.26 Pog 60 59.35

ONP-SVM AC-SVM ONP-SVM AC-SVM
P 4.69 5.01 P 10 8.3
P.q 11.84 9.53 (= 4.63 7.9

Online NP-SVM (ONP-SVM) is in average 6 times faster than Convex
Asymmetric Cost SVM (AC-SVM)
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Conclusion

™

@ Batch and online approaches to tackle NP classification problem
o Framework can be extended to address g-value optimization problem

o Perspective: derive an efficient extension for online kernel learning

g-value optimization results

o Peptides-spectrum matching verification

o Goal: identify consistently true positive matchings

o Models investigated : non-linear SVM (qSVMOpt), deep network
(qNNOpt)

Table: Number of true positives correctly identified (over 34852).

q qRanker qSVMOpt gNNOpt
0.0025 4449 4947 5005
0.01 5462 5666 5707
0.1 7473 7954 7491
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That's all folks

Questions ?
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