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Abstract

Kernel logistic regression, support vector machine and AdaBoost be-
long to modern statistical machine learning methods, c.f. Vapnik (1998),
Friedman, Hastie, and Tibshirani (2000), and Schélkopf and Smola (2002).
Such methods are useful in analyzing high dimensional complex data sets
and can fit even complicated dependency structures between variables in an
automatical way by using non-linear kernels.

Consider a training data set {(x;,y;) € RP x {—1,+1},i = 1,...,n}.
The goal is to learn from the training data set such that good predictions
7 = sign( f (z) + l;) can be made for the response y given a vector x, where
the function f and b are estimated from the training data set. Logistic
regression, which is a parametric model, is often used for this problem.
However, the classical maximum likelihood estimator in this model has two
serious drawbacks: it is non-robust and it does not exist for all data sets, see
Rousseeuw and Christmann (2003) for an alternative model and a robust
estimation method.

The assumption in statistical machine learning is much weaker, because
one assumes that the observations (x;, y;) from the training data set are inde-
pendent and identically generated from an underlying unknown distribution
[P for a pair of random variables (X;,Y;), where P is fully unspecified. The
quality of the predictor f(z;) + b is measured by some convex loss function
L(yi, f(x;) +b). Consider the following empirical regularized risk:
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where A > 0 is a small regularization parameter, H is a reproducing kernel
Hilbert space (RKHS) of a kernel k, and b is an unknown real-valued offset.
The decision function is sign( fn A+ an »). The choice of the kernel k enables
the above methods to efficiently estimate not only linear, but also non-
linear functions. Of special importance is the Gaussian radial basis function
(RBF) kernel given by k(z,2') = exp(—yl|lxz — 2'||?), v > 0, which is a
universal kernel on every compact subset of R%. Popular loss functions



depend on y and f+b via v = y(f(z)+0b). Some popular specifications of L
are: kernel logistic regression based on L(v) = In(1 + exp(—v)), AdaBoost
based on L(v) = exp(—wv), and the support vector machine based on L(v) =
max(1l — v,0).

Problem (1) can be interpreted as a stochastic approximation of the
minimization of the theoretical regularized risk defined by
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Robustness properties of such convex risk minimization methods have not
yet received much attention. Christmann and Steinwart (2003) showed that
F.R. Hampel’s influence function exists for some of these convex risk min-
imization methods provided that all explanatory variables x; belong to a
compact set X C RP,

In the present talk, it will be shown that the influence functions of a
broad class of convex risk minimization methods exist under much weaker
assumptions. Further, bounds on the influence function, J.W. Tukey’s sen-
sitivity curve and the maxbias will be given. Therefore, such convex risk
minimization methods have reasonable robustness properties.
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