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Machine Learning, 20, 273-297 (1995)
© 1995 Kluwer Academic Publishers, Boston. Manufactured in The Netherlands.

Support-Vector Networks
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Feldman, V., Guruswami, V., Raghavendra, P., & Wu, Y. (2012).
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Agnostic learning of monomials by halfspaces is hard. SIAM Journal on Computing, 41(6), 1558-1590.
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» logistic loss, hinge loss, etc.
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surrogate target
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Steinwart, |. (2007). How to compare different loss functions and their risks. Constructive Approximation, 26(2), 225-287 .



https://link.springer.com/article/10.1007/s00365-006-0662-3
https://link.springer.com/article/10.1007/s00365-006-0662-3
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(cf. [Steinwart 2007; Osokin+ 2017]
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Steinwart, . (2007). How to compare different loss functions and their risks. Constructive Approximation, 26(2), 225-287.

Osokin, A., Bach, F., & Lacoste-Julien, S. (2017).
On structured prediction theory with calibrated convex surrogate losses. In NeurlPS.



https://link.springer.com/article/10.1007/s00365-006-0662-3
https://link.springer.com/article/10.1007/s00365-006-0662-3
http://papers.nips.cc/paper/6634-on-structured-prediction-theory-with-calibrated-convex-surrogate-losses.pdf
http://papers.nips.cc/paper/6634-on-structured-prediction-theory-with-calibrated-convex-surrogate-losses.pdf
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hinge loss

Phinge(@) = max{0,1 — a}

A :
logistic loss \\
1 —
Prgl@) = In(1 + ¢ ~ 8
(I+e&e)ln(l4+e)+(1—-¢e)ln(l —¢)

| . 5(8) = .

squared loss
¢sq(a) = (1 - a)z
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[Bartlett+ 2006]
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hinge loss logistic loss squared loss
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P. L. Bartlett, M. I. Jordan, & J. D. McAuliffe. (2006).
Convexity, classification, and risk bounds. Journal of the American Statistical Association, 101(473), 138-156.



https://people.eecs.berkeley.edu/~wainwrig/stat241b/bartlettetal.pdf
https://people.eecs.berkeley.edu/~wainwrig/stat241b/bartlettetal.pdf
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Crammer-Singer loss [Crammer & Singer 2001]
1 — 2E| <— Y hinge loss®
g max (0,1 — T4 ““V smmEoveo )

Crammer-Singer lossi&0-1 lossic¥ U TEERI TRLY |
logistic lossDRITRFILIRE 5 EEHY

[Zhang 2004]

Crammer, K., & Singer, Y. (2001). On the algorithmic implementation of multiclass kernel-based vector machines.

Journal of machine learning research, 2(Dec), 265-292

Zhang, T. (2004). Statistical analysis of some multi-category large margin classification methods.

Journal of Machine Learning Research, 5(Oct), 1225-1251.
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http://www.jmlr.org/papers/volume2/crammer01a/crammer01a.pdf
http://www.jmlr.org/papers/volume2/crammer01a/crammer01a.pdf
http://www.jmlr.org/papers/volume5/zhang04b/zhang04b.pdf
http://www.jmlr.org/papers/volume5/zhang04b/zhang04b.pdf

IEXEIHZE D% < EiE

KSurrogate vs. Target loss pUFX) \
SHME Sk (target) IE&@ELH U IS U SRS 1
= XIEIEZL (surrogate) TEIR Y(X)
\_ : Y,
ver A i targetD&/MVEH A (— " )
BEIIRK {REFE B surrogate —fE73R
R(F) Hinge, Iogistictgk ENNEER
b $'(0) < 0 HEEMICHELD
\\
< 4]
R (f) 4 CS-loss (%1Ehinge loss) (&
’ BEEK TR |
h— cross-entropy (& EEH (FEHHE)
\_ g RS J
RIBIEXRDZ LN HER ICERAIEEIC |

19



SIS LD 0-1 lossTHRWE =

H. Bao and M. Sugiyama.
Calibrated Surrogate Maximization of Linear-fractional Utility in Binary
Classification. In AISTATS, 2020.
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https://arxiv.org/abs/1905.12511
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Weighted Accuracy

Fowlkes-Mallows index WA wi TP +w,TN
cC =
eMT = T 1 w TP 4+ w,y TN + w3FP + w,FN
T P+ FP

F-measure

F 2TP
' 2TP+FP+FN
nced Error Rate
1 1
Jaccard in BER = ;FN + — ]Z'FP
Jac =
TP+ +FN Matthews Correlation Coefficient
P-TN—FP-FN
MCC =
Gower-Legendre index \/n(l (TP + FP)(TN £ EN)
GLI = TP+ TN

TP + a(FP + FN) + TN
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surrogate risk
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A

\@

\_ miE{thaESZ (Bl convex)

N

g fsurrogate utility

. SUERRROBE

2/

277

C R
EEE i
_ _J

target risk

Ry (f) = El¢y (Y[ (X))]
\_

ol

J:

A/,@»

\_ VEEEHES (5l concave) )

®\
[ k=g

Ktarget utility

agTP + byFP + ¢
U(F) = =2 0 0

AN

alTP + blFP + Cq

~

(o1

>/




Surrogate Utility
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surrogate loss
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Uy(f)
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Gurrogate Utility
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Uy(f) = aokp + byEn . T % _ / \

al[EP \ + bl[EN + Cq \/

>

"1 > k: concave / convex = quasi-concave

KCILIElSi -concave. (IE,E B (C Lj:) UJ?f)‘\U‘é:’)O)F';a*ﬂZ Concaveb
= /__J@BJ:J—I-jj_m %ﬁ_é_%) EE b\iééjm (/__@Ezf) R 5 73 L)

J\ /\ [Hazan+ NeurlPS2015]

Hazan, E., Levy, K., & Shalev-Shwartz, S. (2015). Beyond convexity: Stochastic quasi-convex optimization.
In Advances in Neural Information Processing Systems (pp. 1594-1602).
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Special Case: FIEDIZH
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EIE. ¢ NUTZ‘EITEE U, SEEH
» ¢ EFFAFEIEN
» ¢. convex

» dc e (0,1) s.T. sup,

I

m—+0 ¢ (m) > C hmm—> 0 ¢ (m)

EERIR ¢ OB Uy(f)
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_0m) = log(1 + e }o0m) | lim /(m) = =3, U

m—+0 2

lim ¢'(m) =

m——0 2
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ERBR: F(E

(F{-measure) Proposed Baselines
Dataset U-GD U-BFGS ERM W-ERM Plug-in
adult 0.617 (101)  0.660 (11) 0639 (51)  0.676 (18) _ 0.681 (9)
australian ~ 0.843 (41) 0.844 (45) 0.820 (123) 0.814 (116)  0.827 (51)
breast-cancer = 0.963 (31) 0.960 (32) 0.950 (37) 0.948 (44) 0.953 (40)
cod-rna 0.802 (231)  0.594 (4) 0927 (7) 0927 (6)  0.930 (2)
diabetes 0.834 (32) 0.828 (31) 0817 (50)  0.821 (40)  0.820 (42)
fourclass 0.638 (70) 0.638 (64) 0.601 (124) 0.591 (212)  0.618 (64)
german.numer  0.561 (102) 0.580 (74) 0.492 (188) 0.560 (107) 0.589 (73)
heart 0.796 (101) 0.802 (99) 0.792 (80) 0.764 (151)  0.764 (137)
ionosphere | 0.908 (49)  0.901 (43) 0.883 (104) 0.842 (217)  0.897 (54)
madelon 0.666 (19) 0.632 (67) 0.491 (293) 0.639 (110) 0.663 (24)
mushrooms 1.000 (1) 0.997 (7) 1.000 (1) 1.000 (2) 0.999 (4)
phishing 0.937 (29) 0.943 (7) 0.944 (8)  0.940 (12) 0.944 (8)
phoneme 0.648 (27) 0.559 (22) 0.530 (201) 0.616 (135)  0.633 (35)
skin nonskin 0.870 (3) 0.856 (4) 0.854 (7) 0.877 (8) 0.838 (5)
sonar 0.735 (95) 0.740 (91) 0.706 (121) 0.655 (189) 0.721 (113)
spambase 0.876 (27) 0.756 (61) 0.887 (42)  0.881 (58)  0.903 (18)
splice 0.785 (49)  0.799 (46) 0.785 (55)  0.771 (67)  0.801 (45)
w8a 0.297 (80)  0.284 (96)  0.735 (35) 0.742 (29) 0.745 (26)
(F1-measure is shown)
model: linear-in-parameter

surrogate loss: ¢(m) = max{log(l + e ™),log(1 + e 3)}
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H. Bao, C. Scott, and M. Sugiyama.
Calibrated Surrogate Losses for Adversarially Robust Classification.
In COLT, 2020.
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[Goodfellow+ 2015; Eykholt+ 2018]

e e
CE A R
+.007 x £ :"Q:fa“ﬁ e
- mﬁ«?»;g‘{*: R

. - T +
x sign(V,J (0, x, y)) esign(VJ (0, z, y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

Goodfellow, 1. J., Shlens, J., & Szegedy, C. (2015). Explaining and harnessing adversarial examples. In ICLR, 2015.

Eykholt, K., Evtimoy, |., Fernandes, E., Li, B., Rahmati, A., Xiao, C., ... & Song, D. (2018). Robust physical-world attacks on
deep learning visual classification. In CVPR, 2018.
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( penalized!
HED 0-1 loss TRIAEE > TWe 5
1 1f sien(f(x sign
f0 Gy f) = { gn(f(x)) # sign(y)
\ O otherwise J
KI:II\‘Z N7& O-1 loss THEBES /A ADFEET D5 \
1 fdA eB s.t.sien(f(x + A sign
£y, f) = { = By(7) st sign(f(x + A)) # sign(y)
K 0O otherwise J

By(y) = {x € R?| |Ix|l, < 7}: y-ball
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R8s F.o={x=0"x|0|,=1)

no penalty penalized! /
0" x
() .
O'x >y O'x <y

O/XA M7 O-1 loss
L if3A€B() fc+8) <0 = 1{yf(x) <y} := ¢,(3f(x))

O otherwise

Cxp, )= {
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0-1 risk &/t

Ry, (f) = E | (Xf(X))]

~

O-1 loss ¢y (@) = 1{a < 0}

Do

~

O\ MR Z({E5 48
y-robust O-1 risk D &/J\t,

Ry (f) = E | ,(2f00)]

40

(%: ML DIRRF DIHE)

~

robust O-1 loss ¢, (a) = 1{a <y}
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Robust risk R, (w) = El¢,(Y(w'X))] DIEZR/IME (&K%

Tayloria il +tRDO&mIME
A [Shaham+ 2018; etc.] [Wong & Kolter 2018; etc.]

>

>
BB DT D &/IED FROEIMEDIE U WEAD
IFUWEEEL &FRS AL NI RSN TULVARL

Shaham, U., Yamada, Y., & Negahban, S. (2018).
Understanding adversarial training: Increasing local stability of supervised models through robust optimization. Neurocomputing, 195-204

Wong, E., & Kolter, Z. (2018,). Provable Defenses against Adversarial Examples via the Convex Outer Adversarial Polytope
In International Conference on Machine Learning (pp. 5286-5295).
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surrogate risk
= E[¢(Y(w'X))]

\ REBEHLEH (Bl convex)
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@ A
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- ( robust 0/1 risk )

Ry (w) = E[¢,(Y w'X))] | | ,
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HED 0-1 loss O/VA M O-1 loss
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+y
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0 y(w'x) O] 7 y(w'x)
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BEMLEKEIEL DA ramp loss ©

Ramp loss

, l—a
P(a) = chp[o,l] < > >

Shifted ramp loss

1—a+ﬁ>
2

$p(a) = clipyg |, (

—1—|—.,B 1+4 «a

calibration function

assume 0 < f<1—y
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Ramp loss
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