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Supervised Learning
« Find function from input space X to output space Y
h:X — {+1,-1}
such that thewis low.

Text Classification:

* F,-Score

« Precision/Recall Break-Even (PRBEP)
Medical Diagnosis:

* ROC Area
Information Retrieval:

* Precision at 10

Related Work

e Approach “Estimate Probabilities”
- E.g. [Platt, 2000] [Langford & Zadrozny, 2005] [Niculescu-
Mizil & Caruana, 2005]
— Potentially solve harder problem than required
* Approach “Optimize Substitute Loss, then Post-Process”
— E.g. [Lewis, 2001] [Yang, 2001] [Abe et al. 2004] [Caruana &
Niculescu-Mizil, 2004]
— Typically multi-step approach, cross-validation
e Approach “Directly Optimize Desired Loss”
— Linear cost models: e.g. [Morik et al., 1999] [Lin et al., 2002]

— ROC-Area: e.g. [Herbrich et al. 2000] [Rakotomamonjy, 2004]
[Cortes & Mohri, 2003] [Freund et al., 1998] [Yan et al., 2003]
[Ferri et al., 2002]

— F,-Score: difficult [Musicant et al. 2003]

Overview

* Formulation of Support Vector Machine for

— any loss function that can be computed from the contingency
table.
« Fl-score, Error Rate, Linear Cost Models, etc.
— any loss function that can be computed from contingency
tables with cardinality constraints.
« PRBEP, Prec@k, Rec@k, etc.
— ROC-Area
e Polynomial Time Algorithm
« Conventional classification SVM is special case
— New optimization problem
— New representation and (extremely sparse) support vectors

Optimizing F, -Score
» F, -score is non-linear function of example set

- F;-score: harmonic average of precision and recall
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— For example vector x,. Predict y,=1, if P(y,=1|x,)=0.4?
=>» Depends on other examples!
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Approach: Multivariate Prediction

* Training Data: S = ((x1.91). ... (Xn,yn)) ~ii.a Pr(x.v)
» Conventional Setting: learn & : X — {-1,+1}

RO(h) = [o‘ (h(x').y) dPr(x.y/)
s [ ‘
HOESS SEIUCHED!
i=1
« Multivariate Setting: learn & : X? — {—1,+1}"
RAFR) = [A(T:(xfl....,x':lx), (?,r;_....._a,i:r;)j] dPr(s"
9‘3(5) =A (E(xl ----- xn ). (g1 s T,‘Jr))
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then both settings are equivalent. =1




Multivariate Support Vector Machine

Approach: Linear Discriminant [Collins 2002] [Lafferty et al.
2002] [Taskar et al. 2004] [Tsochantaridis et al. 2004] etc.
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Multivariate SVM Optimization Problem

Approach: Structural SVM [Taskar et al. 04] [Tsochantaridis et al. 04]
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Theorem: At the solution, the training loss is
upper bounded by A (7, k(X)) < &.
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Multivariate SVM Generalizes
Classification SVM

Theorem: The solutions of the multivariate SVM with number
of errors as the loss function and an (unbiased) classification
SVM are equal.

Multivariate SVM optimizing Error Rate:
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Classification SVM (unTPiased):
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Sparse Approximation Algorithm for
Multivariate SVM

Approach: Sparse Approx. Structural SVM [Tsochantaridis et al. 04]
o Inputt x = {xq,...,xn}, 7 = (¥1,---,un}, Coe

e SePw+—0,£0

* REPEAT

Find most Violated
violated by more
constraint than ¢ ?

- compute § =argmazgey {AG,FI+w W EFY}

- IF (&G, T) - wIWEPVE) > £+«

- 5 SuwTUEPVEF] > Al F) — &)

« [w,£] < optimize SVM objective over S \

- ENDIF

« UNTIL & has not changed during iteration

Add constraint
to working set

Polynomial Convergence Bound

* Theorem [Tsochantaridis et al., 2004]: The sparse-
approximation algorithm finds a solution to the soft-margin
optimization problem after adding at most
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constraints to the working set S, so that the Kuhn-Tucker
conditions are fulfilled up to a precision €. The loss has to
be bounded ¢ < AG,#) < £, and R = max; ||x;||.

ARGMAX for Contingency Table

* Problem: N
~ argmax {AG,7) +wT> v}
yell -1 i=
* Key Insight:
— Only n? different
contingency tables exist.
— ARGMAX for each table
easy to compute via
sorting.
— Time O(n?)
« Applies to:
— Errorrate, F,, Prec@k,
Rec@k, PRBEP, etc.

1 Input: X=G@g,--. Xn), T= Q1. ), IV
2 @, @wg — sort{i i =1} by w'x;
3 @iy SOMEHE =1} by wx,
4 forac|o,..., #pos| do

&
7:
&
9: b #neg—d
[o: set y;,)l,. ~¥ntol
L set Y, .., Yn O —1
'/‘ﬁ'n Y
f2: v Aa,b,ed) + wT T uixg
1L3: if » is the largest so far then
fi4: F e (V1)
15: end if

6:  end for
7: end for

i8: return{y*)




ARGMAX for ROC-Area

¢ Problem:

n
- argmax {AGF+wTY uix}
pell-yn =t

¢ Key Insight:

— ROC Area is proportional
to “swapped pairs”

— Loss decomposes linearly
over pairs

— Find argmax via sort in
time O(n log n)

- Represent n? pairs as

n
W(X,5)= Y ex; with =
i=1

[Lo:

e@® N DO RWNR

for ic{i: y=—1} do s; + 0.25+wix;

(*1,--..rn} « sort {1,...,n} by s;
sp = #pos, sp =0
forie {1,...,n} do
if y, > 0 then
oy« (F#neg 2sn)
spesp—1
else
or, — (—#pos +2 5p)
Snesp+1
end if
end for

: return{es.. .., cn)

Experiment: Generalization Performance

« Experiment Setup
— Macro-average over all classes in dataset
— Baseline: classification SVM with linear cost model
— Select C and cost ratio j via 2/3 — 1/3 holdout test
— Two-tailed Wilcoxon (**=95%, *=90%)
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Dataset Method I FREBEP  Recgs;, ROCArea
Reuters (90 classes) SVME L, 62.0 68.2 TE.3 99.1
Examples: 9603/3299 |SVM.., 56.1 65.7 7.2 98.6
Features: 27658 win/flose | (51,/20)** (16/8)** (14/8) (43/33)*
Arxiv (14 classes) sSVME | 568 58.4 73.3 92.8
Examples: 1168/32487 [SVM.., 49.6 57.9 74.4 92.7
Features: 13525 win/lose | (9/5)* (2/4)  (1/13)** (8/6)
Optdigits (10 classes) |SVMZ | 92.5 927 98.4 99.4
Examples: 3823/1707 |SVM,,, a91.5 915 987 0.4
Features: 64 winflose | (8/2)% {5/1)*% {1/5) (6/4)
Covertype (7 classes) | SWMZ 738 72.1 93,1 94,6
Examples: 1000/2000 |SVM.., 3.9 710 94,7 94,1
Features: 54 win flose {3/4) (5/2) {2/5) (4/3)

Experiment: Unbalanced Classes in Reuters
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Categories (binned by frequency)

Experiment: Number of SV

Wqp o~

Corollary: For error rate as the loss function, the hard-margin
solution after the first iteration is equal to Rocchio Algorithm.
2 Xpos = 3. Xneg

{posiypos=1}  {negiyneg——1}

Features: 54

Dataset Method | F; FPRBEP Retgy, ROCArea Err

Reuters (90 classes) SVME | 62.0 450 463 5.1 86.3

Examples: 9603/3299 [SVMa, 371.4
Features: 27658 | |
Arxiv (14 classes) SVME 1205 434 453 268 177.7|
Examples: 1168/32487 |SVM.., 645.3
Features: 13525

Optdigits (10 classes) [SVME 1196 146 140 39 25.0

Examples: 3823/1797 |SVM., 556.9
Features: G4

Covertype (7 classes) [SVMED 125 120 9.4 5.0 17.1

Examples: 1000/2000 [SVM.., 3728

Conclusions

» Generalization of SVM to multivariate loss functions
— Classification SVMs are special case

* Polynomial time training algorithms for
— any loss function based on contingency table.

- ROC-Area.

« New representation of SVM optimization problem
— Support Vectors represent vector of classifications

— Can be extremely sparse
» Future work

— Other performance measures, other methods (e.g. boosting)
— Faster training algorithm exploiting special structure




