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TPR + TNR
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G-mean
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Class |mba|ance

Recall no. of positive objects predicted as positive
TPR= — :
total no. of positive objects
. no. of positive objects predicted as positive
Precision =

total no. of objects predicted as positive



Class IMBGIGV\CQ

F-measure

2 X Precision X Recall

Precision + Recall



OIGSS IW\EGIGV\CQ

Measure

Definition

References

A-Mean (AM)

G-Mean (GM)
H-Mean (HM)
Q-Mean (QM)
i

G-TP /PR

(TPR + TNR)/2

VTPR - TNR

2/(TIE’R + TI‘%IR)
| — ((FPR)2 + (FNR)?2)/2

2/(131}&(: T+ TPI’R)

VTPR - Prec

Chan & Stolfo (1998):
Powers et al. (2005);

Gu et al. (2009):

KDD Cup 2001 challenge
Kubat & Matwin (1997):
Daskalaki et al. (20006)
Kennedy et al. (2009)
Lawrence et al. (1998)
Lewis & Gale (1994)

Gu et al. (2009)
Daskalaki et al. (20006)




Bipartite Ranking

D oc | »g_&oﬂw‘&

Doc 2 \((OXQN M&

Doc 3 gﬁ\w\w&



Bipartite Ranking

Vew
Doc 1 Jo® Doc 2|

X
Doc 2 \“&Qﬂw\ Doc 22

Doc 3 | <do*™ 3



Bipartite Ranking

Doc | d@)lﬂ&

D ocC Z \‘(‘(&w\jw«'

Doc 3 gﬁ\oﬂ‘”&

New

DOC ZI

>

New
DOC 2 2

New
Doc 23

Ize|evanjt |YV€.I€.VGV\{
Dec| | > | Deel | P

Relevant > lvelevant ?
Doc | Doc 2 °

Paivr-wise Ranlcing

Aceurac Y



Bipartite Ranking




Biparjtijce. Ranlcing

{(iflp'yl),_ (1-'2,_3}2): L (ifN;'yN)} C (X « {:1})N

Document

—3>

= —_ﬂ

f: X =R

e

Pair-wise Ranking
Accuracy

—3>

ed]
Sore

1(({]0(1‘?') — f(lj)) (yi — yj) > O)



Biparjtijce. Ran'cing

{(Il’ Y1), (T2, y2), - (iI?N:'yN)} C (X X {::1})N

- e
Document | —> 1 f : X — R ‘""SZ&;Y
e

I —

Pair-wise Ranking
N N Accuracy

1((£) — £) (i =) > 0)

— 1.,
= + S ((F ) = faq)) (i = w5) = 0)




R Bipartite Ranking

TS Lo oo




Bipartite Ranking

1

Receiver Drem’cihg CLamo’mri%’civ Curve

p— ]

TS o O
TmRsri‘tive/-Rafw

D FAK% Rsitive Rate |



Bipartite Ranking

: X

f a) 7 ‘ Receiver Dloem’cihg CLamo’m'is’cio Curve,
v 8
\ % /
\ & /
N s,
A = Curve (RUC)
s W
X g

D fakse Rsitive Rate



Bipartite Ranking




Bipartite Ranking

\Q‘Q‘ﬁ\ Precision@K

1 K
7 Z L(ye = 1)
1=1




Bipartite Ranking

\Q‘QUC';\ Precision@K
1
7 Z; 1(y) = 1)

Average Precision

N
1
~ Z 1 y(K) = 1 Precision@K
> K=1



G’me an

Discounted Cumulative

Gain (DOG)

A

( 0-1 Classification Ervor

Jom

C/OS'IZ—Se.V\Si'IiiVQ EVYOY

F'W\QGSMV&

H'mean

Precision@k Average Precision  Q-mean

Mean Reaproca| Rank
(MRR)

Area Under the
ROC Curve (AUC)

'A'M’ Measure



PQYICOVW\ ance

MQGSU\VQS



PQYI{'\OYW\GV\CQ

Me asures




Hgoritims

Two Approaclqes
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Two Families of A‘gori{kms
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0.8 F-measure

0.k 2 X Precision x Recall
D4 Search over N+1 Precision + Recall
31 possible thresholds

)

Yu, N., Chai, K.M.A., Lee, W.S., and Chieu, H.L.Optimizing F-Measures: A Tale of Two Approaches. In ICML 2012
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Structural SVM
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Joachims, T. A Support Vector Method for Multivariate Performance Measures. In ICML, 2005.



Structural SVM for Multivariate
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Structural SVM for Multivariate
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Joint Feature Map
o(input, output) — R?
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Structural SVM for Multivariate

PQVICOYMGV\CQ MQGSMV&S

()Oil’\{ Fea{ure Map Discriminant

w' ¢(input, output) — R

Function

T -y [argmax w' é(x, W)]‘W

s

Maximum over an
exponentially large set
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Structural SVM for Multivariate
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|npu{3 Training set S
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Output
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Structural SVM for Multivariate
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E.g.: F-measure Opjcimizajcion
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Structural SVM for Multivariate
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E.g.: F-measure Opjcimizajcion
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loss A\
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Cu{{ing‘plar\e Procedure

Repeat:

min %\wﬁ e 1. Solve OP for a subset of
it o constraints.

vrell: [wl (6(S, 7)—o(S, 7)) > Almr)—¢ 2. Add the most violated

Utraint.



Structural SVM for Multivariate
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Converges in
Cu{{ing‘plane. Proce,dure. constant number

of iterations

Repeat:

min %\wﬁ e 1. Solve OP for a subset of
o constraints.

vrell: (w' (o(S. m°) —o(S, 1) > Am.7")~& 2. Add the most violated
constraint.
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F-measure
PBREP O(N?) Joachims (2005);
Precision@K
AUC Joachims (2005, 2006);
Partial AUC O(N log N) Narasimhan & Agarwal
Pos@Top (2013 a,b)
Average Precision O(N?) Yue et al. (2007)
Discounted Cumulative Gain (DCG) * O(NKk) Chakrabarti et al. (2008)
Mean Reciprocal Rank (MRR) * O(N log N + k?)  Chakrabarti et al. (2008)

" performance measure truncated to top ‘k’ positions
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Can be implemented in
O((m+n) log (m+n)) time
complexity

e e

: Inputs: S =(54,5-), a, B, w
: Fori=1....,m do
Optimize over r; € {0,...,ja — 1}:
RO {l{w rE . <0y, Ge{l,....ja—1}
(T 0, JE{das---, n}
Optimize over r; € {ja }:
2 _ 1, j&e{1,..., Ja}
4, ()w 0, j€{ja+1,...,n}
Optimize over r; € {ja +1,...,n}:
(1, je{l,....ja+1}
) lw' 'z, <1), je€{ja+2,.... ig}
LN P ll':'?_[-‘TI;I_:I,}_:I” <nf—jg), Jj=Jjs+1
1(w'el, <0), je{js+2...,n}

term inside sum over i in

k = argmax Eq. (4) evaluated at ﬂ'l-:k:'

ke{1,2,3} {
=T,

End For

: Output: 7

Partial AUC

Optimize rows
independently

R |RL|=r]O
R R | R
(@l ol Nol o)
OO | O]k
R |, |O]O

H. Narasimhan and S. Agarwal. A Structural SVM Based Approach for Optimizing Partial AUC.
ICML, 2013.
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Experimental Results

e Baseline Methods:
— Full AUC Optimization (Joachims, 2005)

1 1

Vs

True Positive Rate
True Positive Rate

0 1 0 o 1

False Positive Rate False Positive Rate

— Asymmetric SVM (Wu et al., 2008)
— Boosting Style Method (Komori & Eguchi, 2010)
— Greedy Heuristic Method (Ricamato & Tortorella, 2011)
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Experimental Results
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Drug Discovery

50 active compounds / 2092 inactive compounds

Partial AUC
in [0, 0.1]
SVMpAUC 65.25
SVM-AUC 62.64
ASVM 63.80
PAUCBoost 43.89
Greedy Heuristic 8.33
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Experimental Results

Protein-Protein Interaction Prediction
~3x103 interacting pairs / ~2x10° non-interacting pairs

Partial AUC
. in [0, 0.1]
SVMpAUC 51.79
SVM-AUC 39.72
Interval [0, 0.1] ASVM 44.51
. B ) PAUCBoOSst 48.65
False Positive Rate Greedy Heuristic 47.33
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Breast Cancer Detection

~600 malignant ROIs / ~10° benign ROIs

Partial AUC in
[0.2s, 0.35]
SVMpAUC 51.44
SVM-AUC 50.50
PAUCBoost 48.06
Greedy Heuristic 46.99
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Experimental Results
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Run Time Analysis

Cutting-plane Method
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Time taken per iteration

Total number of iterations
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ImProved Formulation

* Characterize the Structural SVM Objective

Narasimhan, H. and Agarwal, S. “SVM_pAUC*tight: A new support vector method for
optimizing partial AUC based on a tight convex upper bound”, KDD 2013.



ImProved Formulation

* Characterize the Structural SVM Objective
* Better Formulation: Tighter Approximation

Narasimhan, H. and Agarwal, S. “SVM_pAUC*tight: A new support vector method for
optimizing partial AUC based on a tight convex upper bound”, KDD 2013.



ImProved Formulation

* Characterize the Structural SVM Objective
* Better Formulation: Tighter Approximation

— Improved Accuracy
— Better Run-time Guarantee

Narasimhan, H. and Agarwal, S. “SVM_pAUC*tight: A new support vector method for
optimizing partial AUC based on a tight convex upper bound”, KDD 2013.
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P = P(y — 1) departs significantly from 0.0

Standard Classification Ervor ll-suited
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Measure

Definition

References

A-Mean (AM)

G-Mean (GM)
H-Mean (HM)
Q-Mean (QM)
Fq

(TPR + TNR)/2

Vv TPR - TNR

2/(tpr + TNR)
I — ((FPR)? 4 (FNR)2)/2

2/(131:!-8(3 T TI}’R)

Chan & Stolfo (1998):
Powers et al. (2005);

Gu et al. (2009):

KDD Cup 2001 challenge
Kubat & Matwin (1997):
Daskalaki et al. (2006)
Kennedy et al. (2009)
Lawrence et al. (1998)
Lewis & Gale (1994)

Gu et al. (2009)

G-TP/PR V' TPR - Prec Daskalaki et al. (2006)
AUC-ROC Area under ROC curve Ling et al. (1998)
AUC-PR Area under precision-recall curve Davis & Goadrich (2006)

Liu & Chawla (2011)
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G-TP/PR V' TPR - Prec Daskalaki et al. (2006)
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Liu & Chawla (2011)




C/IGSS IW\EGIGV\CQ

AM-regret

regrets [h] = sup  AMp[h] — AMplh]
h:X—{+£1}

AM-consistency

regret " [hg] 50



C/IGSS |mba|ance

AM-regret

regrety [h] = sup AMplh] — AMp|h]
h:X—{+£1}

AM-consistency

regret " [hg] 50

Under mild conditions on the underlying distribution and
under certain assumptions on the surrogate loss minimized,
Plug-in approach and Balanced ERM are AM-consistent.

Menon, A., Narasimhan, H., Agarwal, S. and Chawla, S. “On the statistical consistency of
algorithms for binary classification under class imbalance ”, ICML 2013.
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Loss ((y, f) Plug-in  Balanced ERM
Logistic In(1+ e~ %)) v v
Exponential eyl v v
Square (1 —yf)? v Vv
Sq. Hinge  ((1-yf)4)? v v
Hinge (1—yf)+ X v

Menon, A., Narasimhan, H., Agarwal, S. and Chawla, S. “On the statistical consistency of
algorithms for binary classification under class imbalance ”, ICML 2013.
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Q-mean

H-mean

G-mean

AM-
measure

Accuracy

Menon, A., Narasimhan, H., Agarwal, S. and Chawla, S. “On the
statistical consistency of algorithms for binary classification
under class imbalance ”, ICML 2013.
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measure

Accuracy

Menon, A., Narasimhan, H., Agarwal, S. and Chawla, S. “On the
statistical consistency of algorithms for binary classification
under class imbalance ”, ICML 2013.
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Binary Class Probability

Estimation
Bipartite Binary
Ranking => Classification

Narasimhan, H. and Agarwal, S. “On the relationship between binary classification, bipartite
ranking, and binary class probability estimation”. In NIPS 2013. To appear.
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Narasimhan, H. and Agarwal, S. “On the relationship between binary classification, bipartite
ranking, and binary class probability estimation”. In NIPS 2013. To appear.
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* Designing statistical consistent algorithms for
multivariate performance measures

* Online algorithms for optimizing multivariate
performance measures

e Structural SVM approach:
— Conditions for statistical consistency
— Understanding upper bound optimized
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WHAT'S FREAKING US OUT HERE IS THAT WE'VE
FOUND A CORRELATION BETWEEN OWNINC CATS
AND BEINC STRUCK BY LICRATNING
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