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From Data Points to Probability Measures Risk Deviation Bound & Flexible SVMs

Data Points Dirac Measures Probability Measures Risk Deviation Bound: Given an arbitrary distributio® with finite variances?, a Lipschitz continuous functiof :
t R — R with constantCs, an arbitrary loss functiofi: R x R — R that is Lipschitz continuous in the second argumen
| \ | \ with constant’y, it follows, for anyy € R, that
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Flexible SVMs: Assume that the densities of distributidhand@Q areg..(-) andg.(-), wherex andz are the parameters
in the density family. Hence, we have

Potential applications Learning with noisy/uncertain exampless{ronomical/biological dafalLearning from groups
of samplespopulation genetics, group anomaly detection, and prebteréearning Learning under changing environ-

ments domain adaptation/generalizatjoharge-scale machine learninggta squashing K(P,Q) = < / k(Z,)g.(%) dz, / k(Z,)g5(3) d2> k(2 2), Standard Support Vector Machine _Flexible Support Vector Machine
Hilbert S Embeddi \ Kernels on Distribution h ) .
HDET pace Embe ng €Inels o IStHDULIONS wherek, Is a data-dependent p.d. kernel. Thatkig,depends not
The kernel mean map from a space of distributishsto | | For distributiondP, Q € &2, alinear kernel on &7 is only onz,z € &, but also on other parametersibfQ € &2. For -
a reproducing kernel Hilbert space (RKHB) example, IfP and@Q are Gaussian distributions and the kerhed a
K(P,Q) = {(up, po)y = //k(% 2)dP(z) dQ(z), Gaussian RBF kernel, then we have different Gaussian RBteler ¢ it
WP H, P / k(z, ) dP(z) . at each data point, I.e., the means of the distributionsf(geee).
* which can be approximated as Flexible SVM allows for data-dependent kernel functions, ér example, pointwise uncertainties.

The kernek Is said to becharacteristic if and only if the

mapy is injective, i.e., there is no loss of information. K(B,0) 1 >n: m:k(% ) mi P Q. Experimental Results

i=1 j=1 In the experiments, we primarily consider three differadrhing algorithms: 1ISVM trained on the means of the
- distributions is considered as a baseline algorithm (E}). (%) Augmented SVM (ASVM) is an SVM trained o
For some distributions and kernk| the kernelK (P, Q) augmented samples drawn according to the distributf@%™ , (cf. (@)). iii) SMM is our distribution-based methad

Representer Theorem
Given training examplesP;,y;) € £ x R, i =

1,...,m, astrictly monotonically increasing functiéh: | | has an analytic form. Assume tHat= N (m;, 3;): that is applied directly on the distributions.
i 2 .
0,+o0) — R, and a Ioss_ f_un_cyoré (P2 X R)m — Linear k(z,y) = (x, y): Ty
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admits a representation of the forfn= ) ;_, aiup, = Polynomial degree 2k(z,y) = ((z,y) + 1) Figure 1: The decision boundaries of SVM, € o5 & o ®laan ] O 4055, aeAlE P
S aiE.p, [k(x,-)] forsomea; € R, i =1 m Y J " o 2 | ASVM, and SMM on the synthetic dataset of & oL i 1 90 £ T
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The standard representer theorem is recovered as a specidPolynomial degree 3k (x,y) = (<a:3, ) 1T) ) 2. iy | : s G2 Pt dr——4  Figure 4: The computa-
case whei®; = ¢,,. Thus, our framework generalizes the K(P;,P;) = ((m;,m;) + 1)° + 6m,; X;X,m,; + : Number of virtual examples .
i iy 4L j iy 110 g Hrgiity g g : _ . tional cost on the USPS
machine learning framework on data points. Moreover 2 D (tr 3.3 Ty Ty ; | Figure 3: The comparison of SVM, ASVM, and SMM on .~ "« " 1, it
' ’ ({mi, my) + 1) (tr X% +my Xjm; + 1, i) Levek2 POLY eezrer | the USPS handwritten digits dataset. The virtual examples a2 o>° (top). The results

our framework is different from minimizing the functional of different approaches on

A nonlinear kernd can be defined as ~igure 2: The parameter sensitivity of em- generated according to three basic operations, nassalyng, natural scene categoriza-

pedding kernels and level-2 kernels. Thetrandation, androtation. The pseudo-samples are drawn from.

Py - 4:ﬁ’)mg ({x’“ Yi> | (x@) 21) + Q(Hf HH) (1) neatmaps depict the accuracy at different pathe distributions associated with the parameters of eaehaep tion using the 0ag-ol-word
K(P,Q) = s(up, po) = (2(up), @(1g))r - - - - - representation (bottom).
. . . rameter values. tion. We consider the linear SMM with Gaussian RBF kernel.
for the special case of the additive Iags8ntractable). It | N o | | -
is also different from minimizing the functional where  Is a positive definite kernel function o#(. The results demonstrate the benefits of distribution-basedpproach over sample-based approach.
For example< (P, Q) = exp (—||uz — po|3,/20°) and
My, FOM) L) + Q| fll0) 2 K@ Q)= (g j1)s + ).
whereM,; = E x| (loss of information) References
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