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Abstract

Many popular learning algorithms (E.g. Regression, Fourier-Transform based algo-
rithms, Kernel SVM and Kernel ridge regression) operate by reducing the problem to a
convex optimization problem over a vector space of functions. These methods offer the
currently best approach to several central problems such as learning half spaces and
learning DNF’s. In addition they are widely used in numerous application domains.
Despite their importance, there are still very few proof techniques to show limits on
the power of these algorithms.

We study the performance of this approach in the problem of (agnostically and
improperly) learning halfspaces with margin 4. Let D be a distribution over labeled
examples. The ~y-margin error of a hyperplane h is the probability of an example to
fall on the wrong side of h or at a distance < « from it. The y-margin error of the best
h is denoted Err (D). An a(y)-approximation algorithm receives v, e as input and,
using i.i.d. samples of D, outputs a classifier with error rate < a(v) Err, (D) + €. Such
an algorithm is efficient if it uses poly(%, %) samples and runs in time polynomial in
the sample size.

The best approximation ratio achievable by an efficient algorithm is O (11/(71/))
og(1/v

and is achieved using an algorithm from the above class. Our main result shows
that the approximation ratio of every efficient algorithm from this family must be

>0 (m), essentially matching the best known upper bound.

1 Introduction

Let X be some set and let D be a distribution on X x {£1}. The basic learning
task is, based on an i.i.d. sample, to find a function f : X — {+1} whose error,
Errpo-1(f) == Prxyyup (f(X) #Y), is as small as possible. A learning problem is defined
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by specifying a class H of competitors (i.e. H is a class of functions from X to {#1}). Given
such a class, the corresponding learning problem is to find f : X — {£1} whose error is
small relatively to the error of the best competitor in H. Ignoring computational aspects,
the celebrated PAC/VC theory essentially tells us that the best algorithm for every learning
problem is an Empirical Risk Minimizer (=ERM) — namely, one that returns the competitor
in H of least empirical error. Unfortunately, for many learning problems, implementing the
ERM paradigm is N P-hard and even N P-hard to approximate.

There is a very popular family of algorithms to cope with this hardness, which we collec-
tively call “the generalized linear family”. It proceeds as follows: fix some set W C R and
return a function of the form f(x) = sign(g(x) —b) where the pair (g,b) € W x R empirically
minimizes some convex objective function (called convez loss in the learning literature). In
order that such a method be useful, the set W should be “small” (to prevent overfitting)
and “nicely behaved” (to make the optimization problem computationally feasible). The
two main choices for such a set W are

e A (usually convex) subset of a finite dimensional space of functions (e.g. if X C R4
then W can be the space of all polynomials of degree < 17 and coefficients bounded
by d?). We refer to such algorithms as finite dimensional learners.

e A ball in a reproducing kernel Hilbet space. We refer to such algorithms as as kernel
based learners.

The generalized linear family has been applied extensively to tackle learning problems
(e (1950), (1991), (2001),
( ), ( ), ( ) — see section 1.4).
Their statistical charactersitics have been thoroughly studied as well ( , ,
, ). Moreover, the significance of this approach is by no means only
theoretical — algorithms from this family are widely used by practitioners.

In spite of all that, very few lower bounds are known on the performance of this family of
algorithms (i.e., theorems of the form “For every kernel-based/finite-dimensional algorithm
for the learning problem X, there exists a distribution under which the algorithm performs
poorly”). Such a lower bound must quantify over all possible choices of “small and nicely
behaved” sets W. In order to address this difficulty we need to employ several different
mathematical methods some of which are new in this domain. We make intensive use of
harmonic analysis on the sphere, reproducing kernel Hilbert spaces, orthogonal polynomials,
John’s Lemma as well as a new symmetrization technique.

Our lower bounds are established for the fundamental problem of learning large margin
halfsapces (to be defined precisely in Section 1.1). The best known efficient (in %) algorithm

for this problem ( , ) is a kernel based learner that achieves

an approximation ratio of % (We note, however, that this approximation ratio was
og(1/v

first obtained by ( , ) using a “boosting based” algorithm that does not

belong to the generalized linear family). The best known exact algorithm (that is, a(vy) = 1),

is also a kernel based learner and runs in time exp <@ (%/ log (%))) ( ,
).



Our main results show that kernel based learners cannot achieve better approxima-

. . 1//\/
tion ratio than € <—poly(log(1 )

we show that finite dimensional learners cannot achieve better approximation ratio than

), essentially matching the best known upper bound. Also,

Q (%). In addition we show that the running time of exact kernel based learners

as well as of exact finite dimensional learners must be exponential in (1/v)%W).

Next, we formulate the problem of learning large margin halfspaces and survey some rel-
evant background to motivate our definitions of kernel-based and finite dimensional learners
given in Section 2.

1.1 Learning large margin halfspaces

We view R? as a subspace of the Hilbert space H = ¢? corresponding to the first d coordinates.
Since the notion of margin is defined relative to a suitable scaling of the examples, we consider
throughout only distributions that are supported in the unit ball, B, of H. Also, all the
distributions we consider are supported in R? for some d < oco. We denote by S%! the unit
sphere of R

It will be convenient to use loss functions. A loss function is any function [ : R — [0, o).
Given a loss function [ and f : B — R, we denote Errp(f) = Eqy)~p((yf(x))). Two loss
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functions of particular importance are the 0 — 1 loss function, ly_1(x) = 0 - 0 and the
xr >

1 <
y-margin loss function, [, (z) = {O * =7 We use shorthands such as Errp -1 instead of
T >
Errpy, .
A halfspace, parameterized by w € B and b € R, is the classifier f(z) = sign(Ay,(z)),
where Ay p(x) := (w, z) + b. Given a distribution D over B x {£1}, the error rate of A, is

Errpo_1(Awp) = Pr (sign(Ayp(z)) #y) = Pr (yAyp(z) <0) .
(z,y)~D (@,y)~D

The v-margin error rate of A, is

Errp ,(App) = Pr (yAys(z) <7v) .
(z,y)~D
Note that if ||w| = 1 then |A,,(z)] is the distance of x from the separating hyperplane.
Therefore, the y-margin error rate is the probability of x to either be in the wrong side of
the hyperplane or to be at a distance of at most v from the hyperplane. The least v-margin
error rate of a halfspace classifier is denoted Err, (D) = min,epper Errp (Ayp).

A learning algorithm receives 7, € and can receive i.i.d. samples from D. The algorithm
should return a classifier (which need not be an affine function). We say that the algorithm
has approximation ratio a(7) if for every 7, e and for every distribution, it outputs (w.h.p.
over the ii.d. D-samples) a classifier with error rate < a(v)Err,(D) + €. An efficient
algorithm uses poly(1/v,1/¢) samples, runs in time polynomial in the size of the sample
and output a classifier f such that f(z) can be evaluated in time polynomial in the sample
size.

!The size of a vector x € H is taken to be the largest index j for which z; # 0.
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1.2 Kernel-SVM and kernel-based learners

The SVM paradigm, introduced by Vapnik is inspired by the idea of separation with margin.
For the reader’s convenience we first describe the basic (kernel-free) variant of SVM. It is
well known (e.g. ( )) that the affine function that minimizes the
empirical ~-margin error rate over an ii.d. sample of size poly(1/v,1/¢) has error rate
< Err,(D) + €. However, this minimization problem is NP-hard and even NP-hard to
approximate ( , , , ).

SVM deals with this hardness by replacing the margin loss with a convex surrogate loss,
in particular, the hinge 10ss* lyinge() = (1 — z)+. Note that for x € [-2,2],

lo-1(%) < linge(x/7) < (14 2/7)14(x) |

from which it easily follows that by solving

min Errp pinge (% AW,) st. weH beR, |w|g<1

w,b

we obtain an approximation ratio of a(y) = 14 2/~. It is more convenient to consider the

problem

mwigl Errp hinge (Awp) st. we H, beR, ||w|g<C, (1)
which is equivalent for C' = % The basic (kernel-free) variant of SVM essentially solves Prob-
lem (1), which can be approximated, up to an additive error of €, by an efficient algorithm
running on a sample of size poly(%, %)

Kernel-free SVM minimizes the hinge loss over the space of affine functionals of bounded
norm. The family of Kernel-SVM algorithms is obtained by replacing the space of affine
functionals with other, possibly much larger, spaces (e.g., a polynomial kernel of degree t
extends the repertoire of possible output functions from affine functionals to all polynomials
of degree at most t). This is accomplished by embedding B into the unit ball of another
Hilbert space on which we apply basic-SVM. Concretely, let ¢ : B — Bj, where By is the
unit ball of a Hilbert space H;. The embedding 1) need not be computed directly. Rather, it
is enough that we can efficiently compute the corresponding kernel, k(x,y) := (¥(x), ¥ (y)) u,
(this property, sometimes crucial, is called the kernel trick). It remains to solve the following
program

ri)ugl Errp hinge (Awp o) st. we Hy, beR, ||wly <C. (2)
This problem can be approximated, up to an additive error of €, using poly(C/e€) samples
and time as follows. Let (21,91), ..., (Zn, yn) be a sequence of ii.d. samples from D. Let D
be the empirical distribution over these examples. By a uniform convergence argument (e.g.
( : ), if n = Q(C?/€e?), then w.h.p. over the choice of examples we have®

E11D pinge (A — ErTp e (A <e/2.
beR,wegﬁlﬁqugc‘ 11D hinge (Awp © V) = Brrp piyge (Awp 0 ¥0) | < €/

2As usual, zy := max(z,0).
3 In fact, the uniform convergence argument holds for any L-Lipschitz surrogate, as long as the sample
size is Q(C?L%/€?).



Therefore, we can solve (2) w.r.t. D instead of w.r.t. D. It is easy to verify that there
exists a solution of the form w = > | a;1(x;) to the problem w.r.t. D for some real o;’s.
Therefore, we can optimize over o € R" instead of over w € H;. This yields the problem

' 1 n n n
ae%l,rl}eﬂ%ﬁ ; Ihinge (yj (; ak(z;, ;) + b)) s.t. Z ;o k(z, ;) < C.

1,j=1

In this formulation we use the kernel trick and access examples only via the kernel function.
This is a convex optimization problem on n+1 variables, which can be solved in time poly(n)
by standard methods (assuming that the kernel function can be evaluated efficiently). Recall
that n should be Q(C?/€e?) for the uniform convergence to hold. It therefore makes sense,
and we adopt this practice, to refer to C' as the time and sample complexity of program (2).
In particular, we prove lower bounds to all approximate solutions of program (2). In fact,
our results work with arbitrary (not just hinge loss) convex surrogate losses and arbitrary
(not just efficiently computable) kernels.

Although we formulate our results for Problem (2), they apply as well to the following
commonly used formulation of the kernel SVM problem, where the constraint ||w||y, < C'is
replaced by a regularization term. Namely

. 1
weI;Ilf,%ER EHU}H%{l + Errp hinge (Aw,b © ) (3)

The optimum of program (3) is < 1 as shown by the zero solution w = 0,b = 0. Thus,
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if w,b is an approximate optimal solution, then —7* < O(1) = |w|/z, < O(C). This
observation makes it easy to modify our results on program (2) to apply to program (3).

1.3 Finite dimensional learners

The SVM algorithms embed the data in a (possibly infinite dimensional) Hilbert space,
and minimize the hinge loss over all affine functionals of bounded norm. The kernel trick
sometimes allows us to work in infinite dimensional Hilbert spaces. Even without it, we can
still embed the data in some R and minimize a convex loss over all affine functionals from
some set W C R™. For example, some algorithms do not constraint the affine functional,
while in the Lasso method ( ) ) the affine functional (represented as a vector
in R™) must have small L'-norm. We take m as a lower bound on the complexity of the
algorithm. Therefore, such an algorithm can be efficient only if the dimension is polynomial
in 1/4. This choice is justified, since without the kernel-trick we must work directly in R™.
Therefore, every algorithm must have time complexity 2(m). We prove lower bounds for
any approximate solution to a problem of the form

migl Errp; (Aypotp) st. weW CR™ beR | (4)

w,

where [ is some surrogate loss function (see formal definition in the next section) and
b: B - R™



It is not hard to see that for any m-dimensional space V' of functions over the ball, there
exists an embedding ¢ : B — R™ such that

{f+b:feVbeR}={Ay,p0¢:weR™ beR}

Hence, our lower bounds hold for any method that optimizes a surrogate loss over a set of
threshold functions induced by a subset of a finite dimensional space of functions.

1.4 Previous Results and Related Work

The problem of learning halfspaces and in particular large margin halfspaces is as old as the
field of machine learning, starting with the perceptron algorithm ( , ). Since
then it has been a fundamental challenge in machine learning and has inspired much of the
existing theory as well as many popular algorithms.

The generalized linear method has its roots in the work of Gauss and Legendre who used
the least squares method for astronomical computations. This method has played a key role
in modern statistics. Its first application in computational learning theory is in ( ,

) where it is shown that AC? functions are learnable in quasi-polynomial time w.r.t. the
uniform distribution. Subsequently, many authors have used the method to tackle various
learning problems. For example, ( ) derived the fastest algorithm
for learning DNF and ( ) used it to develop an algorithm for
decision trees. The main uses of the linear method in the problem of learning halfspaces
appear in the next paragraph. Needless to say we are unable here to offer a comprehensive
survey of its uses in computational learning theory in general.

The best currently known approximation ratios in the problem of learning large margin
halfspaces are due to ( , ) and ( : )
and achieve an approximation ratio of m. The algorithm of (

: ) is a kernel based learner, while ( , ) used a “boosting
based” approach (that does not belong to the generalized linear method). The fastest exact
algorithm is due to ( ) and runs it time exp (@ (% log (é))), and
is also a kernel based learner. Better running times can be achieved under distributional
assumptions. For data which is separable with margin v, i.e. Err,(D) = 0, the perceptron
algorithm (as well as SVM with a linear kernel) can find a classifier with error < e with time
and sample complexity < poly(1/v,1/e). ( ) gave a finite dimensional learner
which is the fastest known algorithm for learning halfspaces w.r.t. the uniform distribution
over S~ and the d-dimensional boolean cube (running in time d°/ E)4). They also designed
a finite dimensional learner of halfspaces w.r.t. log-concave distributions. ( )
extended these results from uniform to product distributions. In this work, we focus on
algorithms which work for any distribution and whose runtime is polynomial in both 1/v
and 1/e.

The problem of proper® learning of halfspaces in the non-separable case was shown to
be hard to approximate within any constant approximation factor ( , ,

4A proper learner must output a halfspace classifier. Here we consider improper learning where the learner
can output any classifier.



, ). It has been recently shown ( )
that improper learning under the margin assumption is also hard (under some cryptographic
assumptions). Namely, no polynomial time algorithm can achieve an approximation ratio of
a(vy) = 1. We emphasize that this is a far cry from what currently known algorithms can
accomplish.

( ) (see also ( )) addressed the performance of
methods that minimize a convex loss over the class of affine functional of bounded norm (in
our terminology, they considered the narrow class of finite dimensional learners that optimize
over the space of linear functionals). They showed that the best approximation ratio of such
methods is ©(1/7). Our results can be seen as a substantial generalization of their results.

The learning theory literature contains consistency results for learning with the so-called
universal kernels and well-calibrated surrogate loss functions. This includes the study of
asymptotic relations between surrogate convex loss functions and the 0-1 loss function
( , , , , , ). It is shown that
the approximation ratio of SVM with a universal kernel tends to 1 as the sample size grows.
Our result implies that this convergence is very slow, e.g., an exponentially large (in %)

sample is needed to make the error < 2 Err. (D).

2 Results

We first define the two families of algorithms to which our lower bounds apply. We start
with the class of surrogate loss functions. This class includes the most popular choices such
as the absolute loss |1 — x|, the squared loss (1 — z)?, the logistic loss log, (1 +e™*), the
hinge loss (1 — z), etc.

Definition 2.1 (Surrogate loss function) A functionl: R — R is called a surrogate loss
function if | is convexr and is bounded below by the 0-1 loss.

The first family of algorithms contains kernel based algorithms, such as kernel SVM. In the
definitions below we set the accuracy parameter € to be /7. Since our goal is to prove lower
bounds, this choice is without loss of generality, and is intended for the sake of simplifying
the theorems statements.

Definition 2.2 (Kernel based learner) Let [ : R — R be a surrogate loss function. A
kernel based learning algorithm, A, receives as input v € (0,1). It then selects C = Ca(7)
and an absolutely continuous feature mapping, ¥ = ¥ a(7y), which maps the original space H
into the new space Hy (see Section 1.2). The algorithm returns a function

A(y) € {Awpot:w e Hi,b €R, ||wlly, <C}
such that, with probability > 1 — exp(—1/7),
Errp (A(7y)) < inf{Errp;(Appo ) :w e Hi,b e R, ||lw||lg, <C}+ /7 -

We say that A is efficient if C'4(y) < poly(1/7).



Note that the definition of kernel based learner allows for any predefined convex surrogate
loss, not just the hinge loss. Namely, we consider the program

migl Errp; (Appo) st. we Hy, beR, ||w|g <C. (5)

We note that our results also hold if the kernel corresponds to ¢ is hard to compute.
The second family of learning algorithms involves an arbitrary feature mapping and
domain constraint on the vector w, as in program (4).

Definition 2.3 (Finite dimensional learner) Letl: R — R be some surrogate loss func-
tion. A finite dimensional learning algorithm, A, receives as input v € (0,1). It then selects
a continuous embedding 1 = 1 a(y) : B — R™ and a constraint set W = Wy(y) CR™. The
algorithm returns, with probability > 1 — exp(1/v), a function

A(y) e {Appop:w e W, beR}
such that
Errp (A(7)) < inf{Errp (Aypot)) : w e W,b € R} + /7 .,
We say that A is efficient if m = ma(y) < poly(1/7).

2.1 Main Results

We begin with a lower bound on the performance of efficient kernel-based algorithms.

Theorem 2.4 Let | be an arbitrary surrogate loss and let A be an efficient kernel-based
learner w.r.t. 1. Then, for every v > 0, there exists a distribution D on B such that, w.p.

> 1—exp(—1/7),
Errpo1(A(7Y))

1
Err,(D) <7 : poly(log(l/v))> '
Next we show that kernel-based learners that achieve constant approximation ratio must
suffer exponential (in the weak sense) complexity.

Theorem 2.5 Let | be an arbitrary surrogate loss and let A be an efficient kernel-based
learner w.r.t. | such that for every v > 0 and every distribution D on B, w.p. > 1/2,

Errp o1 (A(7y))
Err, (D)

<o(1).

Then, for some a >0, Cx(y) = Q (exp ((1/7)%)).
These two theorems follow from the following result.

Theorem 2.6 Let | be an arbitrary surrogate loss and let A be an efficient kernel-based
learner w.r.t. 1 for which C4(vy) = exp(o(y~2/7)). Then, for every v > 0, there exists a
distribution D on B such that, w.p. > 1 —exp(—1/7),

Errpo-1(A(7)) 1
Err, (D) =4 (’Y : POIY(IOg(CA(’Y))) '




It is shown in ( , ) that solving kernel SVM with a spe-

¥4/ log(1/7)

lows that our lower bound in Theorem 2.6 is essentially tight. Also, this theorem can
be viewed as a substantial generalization of ( , ,

cific kernel (i.e. a specific ¢) yields an approximation ratio of O <+) It fol-

)

), who give an approximation ratio of {2 (%) with no embedding (i.e., ¢ is the identity

map). Also relevant is ( , ), which shows that for a certain 1, and
Ca(y) = poly (exp ((1/7) - log (1/(7))), kernel SVM has approximation ratio of 1. Theorem
2.6 shows that for kernel-based learner to achieve a constant approximation ratio, C'4 must
be exponential in 1/7.

Next we give lower bounds on the performance of finite dimensional learners.

Theorem 2.7 Let | be a Lipschitz surrogate loss and let A be a finite dimensional learner
w.r.t. 1. Assume that ma(y) = exp(o(y~/%)). Then, for every v > 0, there exists a
distribution D on S41 x {£1} with d = O(log(ma(7)/7v)) such that, w.p. > 1 —exp(—1/7),

Errpo-1(A(7)) 1
Err, (D) = (ﬁpoly(log(mA(v)/v))) '

Corollary 2.8 Let [ be a Lipschitz surrogate loss and let A be a finite dimensional learner
w.r.t. 1. Then, for every v > 0, there exists a distribution D on S! x {+1} with
d = O(log(1/v)) such that, w.p. > 1 —exp(—1/7),

Errpo-1(A(7)) - Q( 1 )
Er, (D)  —  \/7ypoly(log(1/7))
Corollary 2.9 Let [ be a Lipschitz surrogate loss and let A be a finite dimensional learner

w.r.t. | such that for every v > 0 and every distribution D on B with d = w(log(1/7)) it
holds that w.p. > 1/2,

Errpo1(A(7y))
Err., (D) =0

Then, for some a >0, ma(y) = Q (exp ((1/7)%)).

2.2 Review of the proofs’ main ideas

To give the reader some idea of our arguments, we sketch some of the main ingredients of the
proof of Theorem 2.6. At the end of this section we sketch the idea of the proof of Theorem
2.7. We note, however, that the actual proofs are organized somewhat differently.

We will construct a distribution D over S x {1} (recall that R? is viewed as standardly
embedded in H = ¢?). Thus, we can assume that the program is formulated in terms of the
unit sphere, S C ¢2, and not the unit ball.

Fix an embedding ¢ and C' > 0. Denote by k : S x S — R the corresponding kernel
k(x,y) = (¥(x),¥(y))y, and consider the following set of functions over S

Hk:{/\,u’()O”LpZUEHl}.



Hy, is a Hilbert space with norm ||f||g, = inf{||v||m, : Avo ot = f}. The subscript k
indicates that Hj, is uniquely determined (as a Hilbert space) given the kernel k. With this
interpretation, program (5) is equivalent to the program

i 1. < .
fer%l’rbleRErrp,l (f+0b) st. ||fllm, <C (6)

For simplicity we focus on [ being the hinge-loss (the generalization to other surrogate loss
functions is rather technical).
The proof may be split into three steps:

1. We consider the one-dimensional problem of improperly learning halfspaces (i.e.
thresholds on the line) by optimizing the hinge loss over the space of univariate polyno-
mials of degree bounded by log(C'). We construct a distribution D over [—1,1] x {£1}
that is a convex combination of two distributions. One that is separable by a y-margin
halfspace and the other representing a tiny amount of noise. We show that each so-
lution of the problem of minimizing the hinge-loss w.r.t. D over the space of such
polynomials has the property that f(v) = f(—7).

2. We pull back the distribution D w.r.t. a direction e € S9! to a distribution over
S4=1 x {£1}. Let f be an approximate solution of program (6). We show that f takes
almost the same value on instances for which (x,e) = v and (x,e) = —v. This step
can be further broken into three substeps —

(a) First, we assume that the kernel is symmetric and f(x) depends only on (z,e€).
This substep uses a characterization of Hilbert spaces corresponding to symmetric
kernels, from which it follows that f has the form

flz) = Zanpd,n(@:a e)) .

Here P, are the d-dimensional Legendre polynomials and Y 2 a2 < C?. This
allows us to rely on the results for the one-dimensional case from step (1).

(b) By symmetrizing f, we relax the assumption that f depends only on (x,e).
(c) By averaging the kernel over the group of linear isometries on R?, we relax the

assumption that the kernel is symmetric.

3. Finally, we show that for the distribution from the previous step, if f is an approximate
solution to program (6) then f predicts the same value, 1, on instances for which
(x,e) =y and (x,e) = —v. This establishes our claim, as the constructed distribution
assigns the value —1 to instances for which (x,e) = —7.

We now expand on this brief description of the main steps.
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The one dimensional distribution

We define a distribution D on [—1, 1] as follows. Start with the distribution D; that takes the
values £(v, 1), where D;(v,1) = 0.7 and D;(—~,—1) = 0.3. Clearly, for this distribution,
the threshold 0 has zero error rate. To construct D, we perturb D; with “noise” as follows.
Let D = (1 — X\)D; + AD,, where D, is defined as follows. The probability of the labels is
uniform and independent of the instance and the marginal probability over the instances is
defined by the density function
0 if |x| > 1/8

pz) ﬁ if |z < 1/8
This choice of p simplifies our calculations due to its relation to Chebyshev polynomials.
However, other choices of p which are supported on a small interval around zero can also
work.

Note that the error rate of the threshold 0 on D is A\/2. We next show that each poly-
nomial f of degree K = log(C) that satisfies Errp pinge(f) < 1 must have f(y) =~ f(—7).
Indeed, if

1 > Eer,hinge(f) = (1 - >\) Eerl,hinge(f) + A EerQ,hinge(f)
then Errp, ninge(f) < % But,

Eerg,hing&!(f) = %/_ lhinge(f(x))p(x)dx + %/_ lhinge(_f(x))p(x)dx

1 1

>5[ b @Dplads

1

and using the convexity of lninge We obtain from Jensen’s inequality that

St [ 1@ lotoi
ey @lo(a)ds

I 1
> 5 [ 1F@lpe)ds = 51,

v

This shows that || f[|1,4, < 3. We next write f = S T, where {T;} are the orthonormal

polynomials corresponding to the measure dp. Since T} are related to Chebyshev polynomials
we can uniformly bound their ¢, norm, hence obtain that

302 = sy < ORIy < O (@) |

Based on the above, and using a bound on the derivatives of Chebyshev polynomials, we can
bound the derivative of the polynomial f

Pl < Ll <o (%)
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Hence, by choosing A\ = w(vK?) = w(ylog®(C)) we obtain

3
70 = £(=)] £ 29 max] ()] =0 (15 ) =of1)
as required.

Pulling back to the d — 1 dimensional sphere

Given the distribution D over [—1,1] x {&1} described before, and some e € S, we now
define a distribution D, on S~ x {41}. To sample from D,, we first sample (c, 3) from D
and (uniformly and independently) a vector z from the 1-codimensional sphere of S~ that
is orthogonal to e. The constructed point is (ae + 1 — a2z, ).

For any f € Hj, and a € [~1,1] define f(a) to be the expectation of f over the 1-
codimensional sphere {z € S9! : (x e) = a}. We will show that for any f € Hy, such that
£, < C and Exep,yuge(f) < 1, we have that |£(3) — f(—)| = o(1).

To do so, let us first assume that f is symmetric with respect to e, and hence can be

written as
o0
= Zanpd,n(<$7 6)) )
n=0

where «,, € R and Py, is the d-dimensional Legendre polynomial of degree n. Furthermore,
by a characterization of Hilbert spaces corresponding to symmetric kernels, it follows that
Sa? < C%

Since f is symmetric w.r.t. e we have,

= Z a,Pyn(a)
n=0

For |a| < 1/8, we have that |P;,(a)| tends to zero exponentially fast with both d and n.
Hence, if d is large enough then

log(C

Z o Pyn(a) =: f(a) .

Note that f is a polynomial of degree bounded by log(C). In addition, by construction,
Errp, hinge(f) = ErTp hinge(f) = Errp ninge(f). Hence, if 1 > Errp, pinge(f) then using the
previous subsection we conclude that |f(v) — f(—=7)| = o(1).

Symmetrization of f

In the above, we assumed that both the kernel function is symmetric and that f is symmetric
w.r.t. e. Our next step is to relax the latter assumption, while still assuming that the kernel
function is symmetric.

Let O(e) be the group of linear isometries that fix e, namely, O(e) = {A € O(d) : Ae = e}.
By assuming that k is a symmetric kernel, we have that for all A € O(e), the func-
tion g(z) = f(Az) is also in Hy. Furthermore, |g||lm, = |f| . and by the construc-
tion of D, we also have Errp, ninge(9) = Errp, ninge(f). Let Pef(z f@)( f(Az)dA be
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the symmetrization of f w.r.t. e On one hand, P.f € Hy, [|Peflm, < |flu,, and
Errp, hinge(Pef) < Errp, hinge(f). On the other hand, f = P.f. Since for P.f we have
already shown that |P.f(v) — P.f(—7)| = o(1), it follows that |f(v) — f(—7)| = o(1) as well.

Symmetrization of the kernel

Our final step is to remove the assumption that the kernel is symmetric. To do so, we first
symmetrize the kernel as follows. Recall that O(d) is the group of linear isometries of RY.
Define the following symmetric kernel:

ks(z,y) = / k(Az, Ay)dA .
0(d)
We show that the corresponding Hilbert space consists of functions of the form
fa)= [ gatanyia,
0(d)
where for every A f4 € Hj. Moreover,

113, < / 1fal% dA . (7)
0(d)

Let a be the maximal number such that

Ve € Sd_lzlfe € Hk s.t. ||fe||Hk < Cv Eere,hinge(fe) < 17 |f6(7) - fe(_7)| > Q.

Since Hy, is closed to negation, it follows that « satisfies

Ve € SY'3f, € Hy s.t. | felltr, < C, Errp,pinge(fe) <1, fe(y) = fe(=7) > o

Fix some v € S and define f € Hy, to be
f(z) = / fav(Azx)dA .
0(d)

By Equation (7) we have that ||f[/z, < C. It is also possible to show that for all A
Errp, hinge(fav © A) = Errp,, hinge(fas) < 1. Therefore, by the convexity of the loss,
Errp, ninge(f) < 1. Tt follows, by the previous sections, that | f(y) — f(—7)| = o(1). But, we
show that f(7) — f(—7) > a. It therefore follows that a = o(1), as required.

Concluding the proof

We have shown that for every kernel, there exists some direction e such that for all f € Hy
that satisfies || f||g, < C and Errp, ninge(f) < 1 we have that |f(7) — f(—7)| = o(1).

Next, consider f which is also an (approximated) optimal solution of program (2) with
respect to D.. Since Errp, pinge(0) = 1, we clearly have that Errp, pinge(f) < 1, hence
|f(7) — f(—=7)| = o(1). Next we show that f(—v) > 1/2, which will imply that f predicts
the label 1 for most instances on the 1 co-dimensional sphere such that (x,e) = —v. Hence,

13



its 0-1 error is close to 0.3(1—\) > 0.2 while Err., (D) = A\/2. By choosing A = O(y1og™!(C))

we obtain that the approximation ratio is {2 'ylog+'l(0)

It is therefore left to show that f(—v) > 1/2. Let a = f(y) ~ f(—7). On (1—)\)
fraction fraction of the distribution, the hinge-loss would be (on average and roughly)
0.3[1 4+ a]+ + 0.7[1 — a]4. This function is minimized for a = 1, which concludes our proof
since A is o(1).

The proof of Theorem 2.7

To prove Theorem 2.7, we prove, using John’s Lemma ( , ), that for every em-
bedding 1 : S9! — B, we can construct a kernel £ : S9! x S971 — R and a probability
measure py over S¢! with the following properties: If f is an approximate solution of pro-
gram (4), where v fraction of the distribution D is perturbed by uy, then || f||z < O (m : )

1.5
S
Using this, we adapt the proof as sketched above to prove Theorem 2.7.

3 Additional Results

Low dimensional distributions. It is of interest to examine Theorem 2.6 when D is
supported on BY for d small. We show that for d = O(log(1/7)), the approximation ratio is

Q (W) . Most commonly used kernels (e.g., the polynomial, RBF, and Hyperbolic

tangent kernels, as well as the kernel used in ( : )) are symmetric.
Namely, for all unit vectors z,y € B, k(z,y) := (¢(x),¥(y))n, depends only on (x,y)y.
For symmetric kernels, we show that even with the restriction that d = O(log(1/7)), the

1 . .
m). However, the result for symmetric kernels is

only proved for (idealized) algorithms that return the exact solution of program (5).

approximation ratio is still €2 <

Theorem 3.1 Let A be a kernel-based learner corresponding to a Lipschitz surrogate. As-
sume that Ca(y) = exp(o(y~Y®)). Then, for every v > 0, there ezists a distribution D on
B2, for d = O(log(Ca(7)/7)), such that, w.p. > 1 —exp(—1/7),

Errp -1 (A(7)) 1
Err, (D) ¢ (ﬁ-poly(log(CA(v))> '

Theorem 3.2 Assume that C = exp(o(y~7)) and v is continuous and symmetric. For
every v > 0, there exists a distribution D on B¢, for d = O(log(C)) and a solution to

program (5) whose 0-1-error is §) (ﬁ) - Err, (D).

7 poly(log

The integrality gap. In bounding the approximation ratio, we considered a predefined
loss [. We believe that similar bounds hold as well for algorithms that can choose [ according
to 7. However, at the moment, we only know to lower bound the integrality gap, as defined
below.

If we let I depend on ~, we should redefine the complexity of Program (5) to be C' - L,
where L is the Lipschitz constant of [. (See the discussion following Program (5)). The (7y-
)integrality gap of program (5) and (4) is defined as the worst case, over all possible choices
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of D, of the ratio between the optimum of the program, running on the input v, to Err, (D).
We note that Errp o (f) < Errp,(f) for every convex surrogate {. Thus, the integrality gap
always upper bounds the approximation ratio. Moreover, this fact establishes most (if not
all) guarantees for algorithms that solve Program (5) or Program (4).

We denote by 0, f the right derivative of the real function f. Note that 0, f always exists
for f convex. Also, Vo € R, |0, f(x)| < L if f is L-Lipschitz. We prove:

Theorem 3.3 Assume that C' = exp (0(7’2/7)) and 1 is continuous. For every vy > 0, there
exists a distribution D on B%, for d = O(log(C)) such that the optimum of Program (5) is

1
Q (woly(log(cwml(on))) - Erry (D).

1

Thus Program (5) has itegrality gap € <m

). For Program (4) we prove a similar
lower bound:

Theorem 3.4 Let m,d,y such that d = w(log(m/v)) and m = exp (o(y~%7)). There
exist a distribution D on S91 x {&1} such that the optimum of Program (}) is

1
{2 (—'y poly(log(m/w>)> - Err, (D).

4 Conclusion

We prove impossibility results for the family of generalized linear methods in the task of
learning large margin halfspaces. Some of our lower bounds nearly match the best known
upper bounds and we conjecture that the rest of our bounds can be improved as well to
match the best known upper bounds. As we describe next, our work leaves much for future
research.

First, regarding the task of learning large margin halfspaces, our analysis suggests that if
better approximation ratios are at all possible then they would require methods other than
optimizing a convex surrogate over a regularized linear class of classifiers.

Second, similar to the problem of learning large margin halfsapces, for many learning
problems the best known algorithms belong to the generalized linear family. Understanding
the limits of the generalized linear method for these problems is therefore of particular interest
and might indicate where is the line discriminating between feasibility and infeasibility for
these problems. We believe that our techniques will prove useful in proving lower bounds on
the performance of generalized linear methods for these and other learning problems. E.g.,
our techniques yield lower bounds on the performance of generalized linear algorithms that
learn halfspaces over the boolean cube {£1}™: it can be shown that these methods cannot
achieve approximation ratios better than (/n) even if the algorithm competes only with
halfspaces defined by vectors in {£1}". These ideas will be elaborated on in a long version
of this manuscript.

Third, while our results indicate the limitations of generalized linear methods, it is an
empirical fact that these methods perform very well in practice. Therefore, it is of great
interest to find conditions on distributions that hold in practice, under which these methods
guaranteed to perform well. We note that learning halfspaces under distributional assump-
tions, has already been addressed to a certain degree. For example, ( , ,
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, ) show positive results under several assumptions on the marginal distribution
(namely, they assume that the distribution is either uniform, log-concave or a product distri-
bution). There is still much to do here, specifically in search of better runtimes. Currently
these results yield a runtime which is exponential in poly(1/¢), where € is the excess error of
the learnt hypothesis.

There are several limitations of our analysis that deserve further work. In our work the
surrogate loss is fixed in advance. However we believe that similar results hold even if the loss
depends on . This belief is supported by our results about the integrality gap. As explained
in Section 6, this is a subtle issue that is related to questions about sample complexity. Also,
we refer to C' as the complexity of Program (3) since the analysis of uniform convergence
requires a sample of size poly(C) in order to solve the problem based on a finite sample.
Our results do not rule out the possibility of choosing C' that is exponentially large in 1/+
and still using a polynomial sample. We believe that this approach is doomed to fail due to
over-fitting. Finally, in view of Theorems 3.3 and 3.4, we believe that, as in Theorem 2.6,

the lower bound in Theorems 2.7 and 3.1 can be improved to depend on % rather than on

1

L.
5 Proofs

5.1 Background and Notation

Here we introduce some notations and terminology to be used throughout. The L” norm
corresponding to a measure p is denoted || - ||, ,. Also, N={1,2,...} and Ny = {0,1,2,...}.

5.1.1 Reproducing Kernel Hilbert Spaces

All the theorems we quote here are standard and can be found, e.g., in Chapter 2 of ( ,
). Let H be a Hilbert space of functions from a set S to C. Note that H consists of
functions and not of equivalence classes of functions. We say that H is a reproducing kernel
Hilbert space (RKHS for short) if, for every x € S, the linear functional f — f(z) is bounded.
A function k : Sx S — Cis a reproducing kernel (or just a kernel) if, for every x4, ..., z, €
S, the matrix {k(z;, z;) }1<ij<n is positive semi-definite.
Kernels and RKHSs are essentially synonymous:

Theorem 5.1 1. For every kernel k there exists a unique RKHS Hy, such that for every
y €S, k(y) € Hy and Vf € H, f(y) = (f(),k(-,y)) -

2. A Hilbert space H C C° is a RKHS if and only if there exists a kernel k: S x S — R
such that H = Hy.

3. For every kernel k, span{k(-,y)},es = Hy. Moreover,

<Z%‘k('=l‘z’)vZﬁz’k('ayi»m: > aiBik(y;, )

1<i,j,<n
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4. If the kernel k : S x S — R takes only real values, then Hy := {Re(f) : f € Hy} C Hy.
Moreover, HX is a real Hilbert space with the inner product induced from Hj,.

5. For every kernel k, convergence in Hjy implies point-wise convergence. If
SUp,cg k(z,x) < oo then this convergence is uniform.

There is also a tight connection between embeddings of S into a Hilbert space and RKHSs.

Theorem 5.2 A function k : S x S — R is a kernel iff there exists a mapping ¢ : S — H
to some real Hilbert space for which k(z,y) = (6(y), ¢(x))y. Also,

Hk:{ﬂ,iUEH}

Where f,(x) = (v,¢(x))g. The mapping v — f,, restricted to span(¢(S)), is a Hilbert space
1somorphism.

A kernel k : S x S — R is called normalized if sup,cg k(x,x) = 1. Also,

Theorem 5.3 Let k: S x S — R be a kernel and let {f,}22, be an orthonormal basis of a
Hy.. Then, k(z,y) = > 02 fo(€)fa(y)-

5.1.2 Unitary Representations of Compact Groups

Proofs of the results stated here can be found in ( , ), chapter 5. Let G be a
compact group. A wunitary representation (or just a representation) of G is a group homo-
morphism p : G — U(H) where U(H) is the class of unitary operators over a Hilbert space
H, such that, for every v € H, the mapping a — p(a)v is continuous.

We say that a closed subspace M C H is invariant (to p) if for every a € G,v € M,
p(a)v € M. We note that if M is invariant then so is M*. We denote by p|y : G — U(M)
the restriction of p to M. That is, Va € G, p|am(a) = p(a)|r. We say that p: G — U(H) is
reducible if H = M @ M+ such that M, M+ are both non zero closed and invariant subspaces
of H. A basic result is that every representation of a compact group is a sum of irreducible
representation.

Theorem 5.4 Let p : G — U(H) be a representation of a compact group G. Then, H =
@nerHy, where every H,, is invariant to p and p|y, is irreducible.

We shall also use the following Lemma.

Lemma 5.5 Let G be a compact group, V a finite dimensional vector space and let p : G —
GL(V) be a continuous homomorphism of groups (here, GL(V') is the group of invertible
linear operators over V). Then,

1. There exists an inner product on V. making p a unitary representation.

2. Moreover, if V has no non-trivial invariant subspaces (here a subspace U C 'V is called
invariant if, Va € G, f € U, p(a)f € U) then this inner product is unique up to scalar
multiple.
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5.1.3 Harmonic Analysis on the Sphere

All the results stated here can be found in ( , ), chapters 1 and
2. Denote by O(d) the group of unitary operators over R? and by dA the uniform
probability measure over O(d) (that is, dA is the unique probability measure satisfying
Jow f(AAA = [o [(AB)A = [, f(BA)dA for every B € O(d) and every integrable
function f : @(d) — C). Denote by dx = dz4_; the Lebesgue (area) measure over S~ and
let L?(S971) := L*(S% !, dz). Given a measurable set Z C S9! we sometime denote its
Lebesgue measure by |Z|. Also, denote dm = the Lebesgue measure, normalized to be
a probability measure.

For every n € Ny, we denote by Y¢ the linear space of d-variables harmonic (i.e., satisfying
Ap = 0) homogeneous polynomials of degree n. It holds that

d+n—1 d+n—3 2n+d—2)(n+d—3)!
d—1 >_( d—1 )Z nl(d — 2)! (8)

BT

Mm:&mW%:(

Denote by Py, : L2(S471) — Y? the orthogonal projection onto Y¢.
We denote by p: O(d) — U(L*(S%!)) the unitary representation defined by

p(A)f=foA™

We say that a closed subspace M C L*(S971) is invariant if it is invariant w.r.t. p (that is,
Vfe M,A e O(d), foA € M). We say that an invariant space M is primitive if p|y is
irreducible.

Theorem 5.6 1. L*(S%71) = @ Y9,
2. The primitive finite dimensional subspaces of L?(S%™1) are exactly {Y3}°,.

Lemma 5.7 Fiz an orthonormal basis Y,*., 1 < j < Ny, to Y¢. For every x € St it

n,j?
holds that
Nd n

Nan
Z‘ Z_de1’

5.1.4 Legendre and Chebyshev Polynomials

The results stated here can be found at ( , ). Fix d > 2. The d
dimensional Legendre polynomials are the sequence of polynomials over [—1, ] defined by
the recursion formula

Fon(r) = 2:++dd 54$Pd" () + P spd” 2(2)

Pioy=1, Pji(z) ==
We shall make use of the following properties of the Legendre polynomials.

Proposition 5.8 1. For every d > 2, the sequence {Py,} is orthogonal basis of the
Hilbert space L? ([—1, 1], (1 - xz)%da’).
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2. For every n,d, ||Pin|leo = 1.

The Chebyshev polynomials of the first kind are defined as T, := P,,. The Chebyshev
polynomials of the second kind are the polynomials over [—1,1] defined by the recursion
formula

Up(z) = 22U, (z) — Up—a(x)
Up=1, Uy(z) =2z

We shall make use of the following properties of the Chebyshev polynomials.
Proposition 5.9 1. For everyn > 1, T = nU,_;.
2. ||Unl|lo =n + 1.

Given a measure u over [—1, 1], the orthogonal polynomials corresponding to u are the se-

quence of polynomials obtained upon the Gram-Schmidt procedure applied to 1, z, 2%, 23, . . ..

We note that the 1,274, v/2Ts, /2T, . . . are the orthogonal polynomials corresponding to

the probability measure dy = m/%

5.1.5 Bochner Integral and Bochner Spaces

Proofs and elaborations on the material appearing in this section can be found in (

, ). Let (X, m, u) be a measure space and let H be a Hilbert space. A function
f: X — H is (Bochner) measurable if there exits a sequence of function f, : X — H such
that

e For almost every x € X, f(z) = lim, 00 frn().

e The range of every f, is countable and, for every v € H, f~!(v) is measurable.

A measurable function f : X — H is (Bochner) integrable if there exists a sequence of simple
measurable functions (in the usual sense) s,, such that limy, o [y ||f(2) = s (2)||zdp(z) = 0.
We define the integral of f to be [, fdu = lim, . [ s,dp, where the integral of a simple
function s = > | 14,0, A € myv; € His [ sdu = >0 u(Aj)v;.

Define by L*(X, H) the Kolmogorov quotient (by equality almost everywhere) of all
measurable functions f : X — H such that [, || f||5dp < oo.

Theorem 5.10 L*(X,H) in a Hilbert space w.r.t. the inner product (f,g)rz2x.my =
Jx (f(2), g(x)) ndp(z)

5.2 Symmetric Kernels and Symmetrization

In this section we concern symmetric kernels. Fix d > 2 and let k : S%! x S = R be a
continuous positive definite kernel. We say that k is symmetric if

VA€ O(d),x,y € S, k(Az, Ay) = k(z,y)

In other words, k(x,y) depends only on (x,y)re. A RKHS is called symmetric if its repro-
ducing kernel is symmetric. The next theorem characterize symmetric RKHSs. We note
that Theorems of the same spirit have already been proved (e.g. ( : )
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Theorem 5.11 Let k: S x S9!t — R be a normalized, symmetric and continuous kernel.
Then,

1. The group O(d) acts on Hy. That is, for every A € O(d) and every f € Hy if holds
that f o A € Hy and ||fll, = |If o All,.

2. The mapping p : Q(d) — U(H},) defined by p(A)f = foA™1 is a unitary representation.
3. The space H}, consists of continuous functions.

4. The decomposition of p into a sum of irreducible representation is H = @,e/Ye for
some set I C Ny. Moreover,

Vf.g€ He, (f,9)m, = Zai@d,nf, Pang) r2(sd-1

nel

Where {an }ner are positive numbers.

5. It holds that 3, o) gian® = 1.

Proof Let f € Hy, A € O(d). To prove part 1, assume first that

Va € Sd717 f(‘r> = Zalk(‘rayl) (9)
i=1
For some y1,...,y, € S% ' and ay,...,a, € C. We have, since k is symmetric, that

foAlx) = Zaik<A$ayi)
i=1
= Zaik(A_le,A_lyi)
i=1

= Z aik(z, A y;)
i=1

Thus, by Theorem 5.1, f o A € Hy. Moreover, it holds that

IfoAlll, = Z a;ak(A™ Y, Ay
1<ij<n

= > aak(yu) = |If13,
1<ij<n

Thus, part 1 holds for function f € Hy of the form (9). For general f € Hy, by Theorem 5.1,
there is a sequence f,, € Hy, of functions of the from (9) that converges to f in Hy. From what
we have shown for functions of the form (9) if follows that || f, — fi||lm, = || fnoA— fmoAl|n,,
thus f,, o A is a Cauchy sequence, hence, has a limit ¢ € Hy. By Theorem 5.1, convergence
in Hj, entails point wise convergence, thus, g = f o A. Finally,

111, = T ||l = T [[f 0 All, = [1F © All,
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We proceed to part 2. It is not hard to check that p is group homomorphism, so it
only remains to validate that for every f € H the mapping A — p(A)f is continuous. Let
e >0 and let A € O(d). We must show that there exists a neighbourhood U of A such that
VBeU, ||[foA™ — foB™ |y, <e Choose g(-) = >, a;k(-,y;) such that ||lg — f||u, <
By part 1, it holds that

IfoA™ —foB Hu, < [[foA —goA |y +lgo A —go By, +llgo B = fo B |,

= |If —gllm +llgo A™ = go B Hm, +Ilg — fllm,

€ _ _ €
< gHllge A —go Bl + 3

Thus, it is enough to find a neighbourhood U of A such that VB € U, ||[goA™' —go B~ ||y, <
. However,

lgo A —go BT %, = llgo A7, +lgo B[, — 2Re

(O auh(y) o A7 3 aik( ) 0 BT

=1

<Z ai Ayz Z az Byz

i=1

Z OéiC_Kjk(Byj, Ayz)

i,j=1

— 2|lgo A7'|[%, —2Re

— 9flgo A7|[%, — Re

Since k is continuous, the last expres-
sion tends to 2[lg o A7![|3;, — Re [szzl aidjk:(ij,Ayi)} = [lgoA—go Al =0as
B — A. Thus, there exists a neighbourhood U such that VB € U, |[goA™" —goB7 ||y, < §
as required.

To see part 3, note that every function in Hy is a limit in Hj of functions of the form
(9). Since k is continuous, every function in Hy is a limit in Hj, of continuous functions.
However, by Theorem 5.1, every function is in fact a uniform limit of continuous function,
thus — continuous itself.

We proceed to part 4. By Theorem 5.4 Hy, = @®;¢;V; where each Vj is a finite dimensional
space that is invariant to p. By Theorem 5.6 each V; must be Y,, for some n, thus, H =
®nerYe. By the uniqueness part in Lemma 5.5 and Theorem 5.6, the restriction of (-, )z, to
each Y¢, n € I equals to (-, ) 2(sa- 1y up to scalar multiple, proving the formula for (-, ),

Finally, to see equation part 5, note that if for every n € I, {Yn(f ;}jelN,,,) in an orthonormal
basis of Y& w.rt. (-, -)z2(ga-1) then {iygj}nel,jE[Nd,n} is an orthogonal basis of H. By
Theorem 5.3 and Lemma 5.7, it follows that, for every z € S%1,

Ndn
N,
-2 2 d,n a=2
1 =k(z,z) ga E (x)):E |Sd1|"
nel 7=1 nel

21



Symmetrization

Let k : S9! x S9! — R be a normalized continuous kernel. We define its symmetrization
by

Vo,y € ST ky(x,y) =/ k(Az, Ay)dA
0(d)

Theorem 5.12 1. k, is symmetric continuous kernel with sup,cga— ks(x, ) < 1.
2. For every ® € L*(Q(d), Hy,) define ® : S41 — C by ®(x) = f@(d) O(A)(Axz)dA. Then
Hy, ={®: @ € L*(O(d), Hy)}
Moreover, for every ® € L*(O(d), Hy), ||®||a,. < ||®||r2(0(a),H,)-

Proof Part 1. follows readily from the definition. We proceed to part 2. Define ¢ : St —
L*(O(d), Hi) by

¢(x)(A)(-) = k(Az, )
Note that

(O(2), 60)) 2 0@mny) = / (6(2)(4), By)(A)

Thus, the Theorem follows from Theorem 5.1.1

5.3 Lemma 5.16 and its proof
Lemma 5.13 For everyn > 0,d > 5 and t € [—1,1] it holds that

n %
— + 2t
’<n+d—2+ H) }

a—2

| Pyn(t)] Smin{r(%) [n( 4 } >

va 1—#)

Moreover, if ——5— + 2[t| < 1 we also have

& i
1Pon®] < (| ] (m JF2|75|)

i=1
Finally, there exist constants EE > 0 and 0 < r,s < 1 such that for every K > 0,d > 5 and
t e [—%, %} we have

> |Pyn(t)| < Erf + Es*

n=K
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Proof In (Atkinson and Han, 2012) it is shown that |Py,(t)] < —F(\/%;) [ - }T We

shall prove, by induction on & that

Pt < || TT (73— +20)

=1

Whenever —2— + 2[t| < 1. For n = 0,1 it follows from the fact that P;o = 1 and
P;i(t) = t. Let n > 1. By the induction hypothesis and the recursion formula for the
Legendre polynomials we have

2n+d—4 n—
Pl < el -l b,
Pan(®)] < S It Pana (D] + ——— == Pan—2(t)]
n—1
< APy s ()] + ————|Py
< 20t Pan s (O] + | Pa )
< ol f[ ] ) (o
- \: n+d—3 Lt \i+d—2

— n—2 .
n—1 7
< 2t 2t _ — + 2/t
— H\g( +||) T (s v o)
n—1 n n2 1
< s S 49
= \/(2|t|+n+d—3) (2|t|+n+d—2) H(i+d—2+ |t|)

=1
- i
= S 1T
g<¢+d—2+ ||)
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=

Now, every K, K > 0 such that <K+d 5+ 2|t|) < 1, we have

o < $ s e
Pl < 3 (gt o) 4 2 |
n=K n=K +d-2 n=K+1 ﬁ n(l —t )
K z 3 o0 d—1 d=2
K 2 INE 4 2
< Z( +2|t|) + Yy 2 { 2]
o +d— ol Voo n(l—1¢?)
> K 5T (4 4 1z & i3
< Z( +2[t|> + 2 2} S o
n=K +d- \/E (1 — ) n=K+1
K
_K —|—2|t|> : (e=t) 1 8 % oo
< _\Etd2 . ()[4 S
- 3 VT |1 —12)] .
1—(K+d 2+2]t|) n=K+1
K
(—f K —|—2|t|> ’ d-1y 7 1957 oo
A ) re 4 9 ey,
B 2 Vo (=2 I3

[_( 2
1 (7 + 21t

: £
K
(s +21]) r
-+
K 2
1 (i + 20)

(We limit ourselves to d > 5 to guarantee the convergence of S n=“2".) In particular, if
t] < § and K = d — 2, we have,

S R o
i-m] &

~—

S

i| o) 1 3\Z T(%)[ 407 17 d—2
Pd,n t S - 1 (_) + |: :| _
— EE 4 Voo [(d—2) 4
g 1 (3)§+6F(%)[407}22
-\ (%)% 4 VT (d—2)
1 (3)2+ 6 { 4.07 }22 o <d—2>22
1_@)% 4 7 | (d—2) 2\ 2
1 3\ ¢ 1077
- ) () 2l
1— (%)5 4 2e
O
Lemma 5.14 Let p be a probability measure on [—1,1] and let py, p1, . . . be the corresponding

orthogonal polynomials. Then, for every f € span{py,...,px_1} we have

1/l < VEIIfIL - max |[pilloc

0<i<K-1

24



Here, all LP norms are w.r.t. p.
Proof Write f = Zfigl a;p; and denote M = maxo<i<x—1 ||pi||s- We have

1A < Il (1]l
< |Ifllx

< |1l
= [Iflli- M-I fll.VE
O
Lemma 5.15 Let d > 5 and let f : [—=1,1] — R be a continuous function whose expansion

in the basis of d-dimensional Legendre polynomials is

f = Z anPd,n
n=0

Denote C' = sup,, |a,|. Let pu be the probability measure on [—1,1] whose density function is
0 || >
w(z) = 8 z| <

Then, for every K € N, % >y >0,

|~ Col—=

[F(7) = F=] 329K || flly + (329K>° +2) - C- B (7" + 57)
Here, E,r and s are the constants from Lemma 5.185.

Proof Let f = 35" o, Py,. We have || f]l1, < ||fliu+11f = fllooy- Define g : [~1,1] — R

by g(x) = f(%) and denote by d\ = m/%. Write,

Where T, are the Chebyshev polynomials. By Lemma 5.14 it holds that, for every 0 < n <
K—1,
18a] < V2||g]l2n < 2VK||gllix = 2VE]| |14

Now,
K-1

g/ = Z ﬁannfl

n=1
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Where U,, are the Chebyshev polynomials of the second kind. Thus,

K-1 K-1
19/ lsor < D 1Bl n - NUnalloon = D 18kl - n* < 2VK]| fl1 - K
n=1 n=1

Finally, by Lemma 5.13,

1f(7) = F(=9)] 19(87) — g(=8W)| + 2/1f = Fllso

329K - [ Flli + 2/ = Fllsoys

B2vK* - (|| flli 4+ 11 = Flloo) + 201 = Fllsow
327K3'5 : ||f||1,u + (327[(3'5 + 2) |f = JFHOO’M

327K | fllp + 329K°° +2) - E-C - (¥ + %)

IAIACIAIAIA

|

For e € S ! we define the group O(e) := {4 € O(d) : Ae = e}. If H;, be a symmetric
RKHS and e € S9! we define Symmetrization around e. This is the operator P, : H, — Hj,
which is the projection on the subspace {f € Hk VA E (O)( ) foA= f}. It is not hard
to see that (P.f)(x f{x (2 e)=(.)} f(z f© x)dA. Since P.f is a convex

combination of the functlons { f o A} aco(e), it follows that if R : H, — R is a convex
functional then R(P.f) < f@(e) R(f o A)dA.

Lemma 5.16 (main) There exists a probability measure p on [—1,1] with the following
properties. For every continuous and normalized kernel k : ST x S9! — R and C > 0,
there exists e € ST! such that, for every f € Hy with ||f||n, <C, K €N and 0 < v < %

‘/ f= f‘ < 329K || fllipe + (329K*P +2) - E-C - (" + 5%
{wx(z.e {a:{z.e)=—)
< 329K ||fllip +10- B K> C - (rF 4 )

The integrals are w.r.t. the uniform probability over {x : (x,e) = v} and {z : (z,e) = —v}
and E,r,s are the constants from Lemma 5.15.

Proof Suppose first that & is symmetric. Let p be the distribution over [—1,1] whose

density function is
0 |z| >
wiz) =4 __ s lz| <

my/ 1—(8x)2

We can assume that f is O(e)-invariant. Otherwise, we can replace f with P, f, which does
not change the Lh.s. and does not increase the r.h.s. This assumption yields (see (
, ), pages 17-18)

0ol 0ol

= anPua((e, 7))
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The L*(S%1)-norm of the map = — Py, ({z,€)) is |§Z:| (e.g. ( , ),

Sd 1
i =30 Bt

nel

page 71). Therefore,

where {a, },e; are the numbers corresponding to Hy, from Theorem 5.11. In particular (since
also forn € I, o, = 0),

Napn
|Oén|2 |Sd 1| an, ||f||k— Hf“k:

Write
g(t) = [f(te), t € [-1,1]

By Lemma 5.15,
9(7) = g(=)| < 329K - || fllip + (329K +2) - E-C - (r" + 57

Finally, f{x:me):ﬂ f=yq0), f{x:@ce — f = g(—~) since f is O(e)-invariant. The Lemma
follows.

We proceed to the general case where k is not necessarily symmetric. Assume by way of
contradiction that for every e € S9!, there exists a function f. such that

/ fom / fo > 327Kl + (329K +2) |1 fll -C- (5 +5%) (10)
{z:(z,e)=7} {z:(z,e)=—n}

For convenience we normalize, so L.h.s. equals 1. Fix a vector ey € S%'. Define ® €
(I)(A) = fA@o

and let f € Hy, be the function

fx) = / L B (A = /  FralAn)ia

Now, it holds that

/ FrolAnaads — [ Faos (Az)dAdz
{z:(z,e0)=—7} JO(d)

S Ay
{a:(z,e0)=7} {z:(z,e0)=—} {a:(z,e0)=7
L.

/ fAeo (Az)dx — / fae,(Az)dxdA
{z:(z,e0)= {z:(z,e0)=—~}

_ / Do~ / Faeo(@)dd A
O(d) J{z:(x,Aeg)= {z:(z,Aeo)=—7}

I
—_
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On the other hand

1l = /
Sdl
< / / Faes (A2)| dteg (2)dA
0(d) J §d-1
< / / |fAeo (33‘)’ d:uAeo (.Q?)dA
0(d) J a1

= / ||fA€O||17HAeO dA
0(d)

/ F Am)dA' ey (@)

Moreover, by Theorem 5.12,

1B, < 10l = | sl dd < C°
0(d)
Since the Lemma is already proved for symmetric kernels, it follows that
1 < 32’)’K3'5 . HfHLueo + (327[(3.5 + 2) . E-C - (TK + Sd)

< S [l A+ (2K +2) B O (K 4 )
O(d)

/ B2YK™ || facolltyine, + (B327K*° +2) - E-C - (" + 57)dA
0(d)

Thus, for some A € O(d)
1< 329K°7 ||fAeo||LuAeo + (327—[{3'5 + 2) E-C- (" )

Contradicting Equation (10).

5.4 Proofs of the main Theorems

We are now ready to prove Theorems 2.6 and 3.2. We only consider distributions that
supported on the unit sphere, and we can therefore assume that the problem is formulated
it terms of the unit sphere and not the unit ball. Also, we reformulate program (5) as
follows: Given [ : R — R a convex surrogate, a constant C' > 0 and a continuous kernel
k:S® x §%° — R with sup, g k(x,2) < 1, we want to solve

min  Errp; (f +b)
st. feH,beR (11)
|l < C
We can assume that 0,1(0) < 0, for otherwise the approximation ratio is co. To see that,
let the distribution D be concentrated on a single point on the sphere and always return the

label 1. Of course, Err, (D) = 0. However, if 0;1(0) > 0, it is bot hard to see that if f,b is
the solution of program (11), then f(z) + b < 0, so that Errg_;(f +b) = 1.
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Lemma 5.17 Let | be a surrogate loss, i a probability measure on S and f € C(S%1).
Let [i be the probability measure on ST x {41} which is the product measure of u and the
uniform distribution on {£1}. Then

2

1 < mEﬂ“ﬂ,l(f)

Proof By Jansen’s inequaliy, it holds that

Errpi(f) = Ey~ally- f(2))
_ %E(wwu F(@) + U~ f(x))

> SEaeal(—1f@))
> S~y (0]

It follows that I (—||f||1,.) < 2Errz;(f). By the convexity of [, it follows that for every
e R, I(z) >1(0)+z-041(0) =1(0) —x - |0:1(0)| > —x - |0+1(0)|. Thus,

2
1, < mEffﬂ,l(f)

5.4.1 Theorems 2.6 and 3.2

We will need Levy’s measure concentration Lemma (e.g., ( , ))-
Let f : X — Y be an absolutely continuous map between metric spaces. We define its
modulus of continuity as

Ve > 0, wy(e) = sup{d(f(x), f(y)) : z,y € X,d(x,y) <€}

Theorem 5.18 (Levy’s Lemma) There exists a constant n > 0 such that for every con-
tinuous function f: STt — R,

Pr(|f —Ef| > ws(€)) < exp (—nde?)
Here, both probability and expectation are w.r.t. the uniform distribution.

We note that wfo, < wy-w, and that wy,(€) = ||v|| - €. Thus, if ¢ : S*° — H; is an absolutely
continuous embedding such that k(x,y) = (¥(x),¥(y))n,, then for every v € Hy, it holds
that wa, jop < [|V]|H, - wy. Suppose now that f € Hy with || f||z, < C. Let v € Hy such that
f=Apov and ||v||g, = ||fllm, < C. It follows from Levi’s Lemma that

Pr(lf —Ef| > C-wy(e) < Pr(|f —Ef] > wy(e)) < exp (—nde?) (12)

Again, when both probability and expectation are w.r.t. the uniform distribution over S9!,
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Proof (of Theorems 2.6 and 3.2) Let 5 > a > 0 such that I(«a) > {(5). Choose 0 < 0 < 1
large enough so that (1—0)I(—f) +60l(83) < l(c). Define probability measures p', u?, p over
[—1,1] x {£1} as follows.

:UJI((_’% _1)) =1- ‘97 :u1<<77 1)) =0

The measure p? is the product of uniform{+1} and the measure on [—1, 1] whose density

function is
@) {0 |z| >
w\r) = 8
- ° xl <
7w/ 1—(8z)? ‘ ’ o
Finally, u = (1 — A)u! + Ap? for A > 0, which will be chosen later.
Let e € ST! be the vector from Lemma 5.16. The distribution D is the pullback of u
w.r.t. e. By considering the affine functional A., it holds that Err, (D) < A.
Let g be the solution returned by the algorithm. With probability > 1 — exp(—1/7),
g = [+ b, where f,bis a solution to program (11) with C' = C4(v) and with an additive
error < /7. Since the value of the zero solution for program (11) is (0), it follows that

1(0) + /vy = Erri(g) = (1 = X) Errp(9) + AErr,2,(g)

00| 0o|—

Thus, Err,2;(g) < M < @. Combining Lemma 5.17 and Lemma 5.16 is follows that

1281 K35
‘/ g_/ g‘§M+10~K3‘5'E'C‘(TK+Sd)
{z:(z,e)=7} {z:(z,e)=—~} |a+l(0)|/\

By choosing K = O(log(C)), A = © (YK>%) = © (7log®*(C)) and d = O(log(C)), we can
make the last bound < &. We claim that /. (e (me)=—my 9 > 5. To see that, note that otherwise

Sty 9 < 0 thus,
E@y~ol((f(z) +b)y) = E@y~nll9(z)y)
> 00-N- [ i)
fastae) =}

(1 —A)-1 (/{Mm@:ﬂ g(x)dx)

> 0-l(a)- (1=X)=0-1(x)+0(1)

v

This contradict the optimality of f,b, as for f' = 0,0 = [ it holds that

Ewy~pl((f(2) +0)y) < M(=B)+ (1 =A)- (L= 0)I(=B) +6-1(8B))
= (1=0)U(=p)+0-1(pB)+0(1)

We can conclude now the proof of Theorem 2.6. By choosing d large enough
and using Equation (12), we can guarantee that g|(s.(se)——y} 1S very concentrated
around its expectation. In particular, if (x,y) are sampled according to D, then w.p.
>05-(1—-0)-(1—X)=Q(1), it holds that yg(z) < 0. Thus, Errpo_1(g) = (1), while
Err, (D) < A= O (ypoly(log(C)))
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To conclude the proof of Theorem 3.2, we note that we can assume that g is O(e)-
invariant. Otherwise, we can replace it with P.f + b. This does not increase ||f||n, nor
Errp,(f +b), thus, the solution P, f + b is optimal as well. Now, it follows that g|{z:(z.e)=—}
is constant and we finish as before.

5.4.2 Theorem 3.1

Let L be the Lipschitz constant of I. Let 8 > « > 0 such that [(a)) > [(f). Choose 0 < § < 1
large enough so that (1—0)I(—8)+01(B) < 0l(«). First, define probability measures u', u?, pu?
and p over [—1, 1] x {£1} as follows.

pH(v,1) =0, pl(—y,-1)=1-16

©(=y,1) =1
The measure p? is the product of uniform{+1} and the measure over [—1, 1] whose density
function is
0 x| > &
w(x) = 8 |x’ <1
7/ 1—(8z)2 -8

Finally, g = (1 — Ay — Ao) b + Aop? + Azp® with Ag, A3 > 0 to be chosen later.

Now, let e € S9! be the vector from Lemma 5.16. The distribution D is the pullback of
p w.r.t. e. By considering the affine functional A, , it holds that Err, (D) < A3 + As.

Let g be the solution returned by the algorithm. With probability > 1 — exp(—1/7),
g = f+0b, where f,b is a solution to program (11) with C' = C4(y) and with an additive
error < /7. As in the proof of Theorem 2.6, it holds that

1281 K35
‘/ g—/ g'§M+1O'K3'5-E-C~(rK+sd) (13)
{z:(z,e)=7} {z:(z,e)=—~} |a+l(0)|>\3

Denote the last bound by €. It holds that
Errpi(g) = (1 = A2 = A3)El(yg(2)) + AeBp2l(yg () + AsE,zl(yg(x)) (14)

Now, denote § = f{r:@c o= Y- It holds that

Balo(e) = 0f @)+ (-0) [ i)

( 7}
- G'Z(A~< >—}g)+(1_0)'l<_/{~< >—}g) 1)
S 0 U6) 4 (1 8)-1(—8) — Le S

Thus,
Errpi(g) > (1= —=A3)(0-1(0) + (1 —0) - I(—=6)) — Le + AoE,2l(yg(x))
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However, by considering the constant solution 9, it follows that

Brioi(g) < (L= = X)(6I0) + (1 — ) 1(=0)) + o+ 1(6) + sz ((6) + [(~5) + /7

< (L= Do = M) 1(0) + (1= 0) - U=0)) + Ao - 1(6) + Ag - U(=3]) + /7
Thus,
Le A
Bireie) < 5o+ 100)+ 2-lo) + 4 (16
L-1(0)128yK35 10 L- K% o A3 Nl
= + CE-C-(r® 4 5%+ 1) + —I(—]9]) + —
9,10 Aos X () 0) + RN+

Now, relying on the assumption that « - log®(C) = o(1), it is possible to choose Ay =

O (VAK*) =0 (yAlog*(0)), A3 = /7, K = O(log(C /7)), and d = ©(log(C/7)) such that

the bound in Equation (13), L"éfl)gﬁzg? + 10f\(23‘5 CE-C- (K +5%), Ay, A3 and 42 are all o(1).

Since the bound in Equation (13) is o(1), it follows, as in the proof of Theorem 2.6, that
1(6) <1(%) and consequently, 0 < ¢ < §. From equations (14) and (15), it follows that

L€—|— Errp ;i (9) L€+ 21(0)
U=[0]) = 1(=8) < — == < ——==2 = 0(1)

It now follows from Equation (16) that

By Markov’s inequality,

Thus, if (z,y) are chosen according to u?, then w.p. > Z(O)lzg)(%) —o(1), l(g(x)) < 1(0) =

g(z) > 0. Since the marginal distributions of p! and 1? are the same, it follows that, if (x,y)

are chosen according to D, then w.p. > (% — 0(1)) (1=X—XA3)- (1 =0) =Q(1),

yg(z) < 0. Thus, Errpo_1(g) = Q(1) while Err, (D) < Xy + A3 = O (/7 poly(log(C))).

5.4.3 The integrality gap — Theorem 3.3
Our first step is a reduction to the hinge loss. Let a = 0,1(0). Define

1 < L
- {3t

o/w
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it is not hard to see that [* is a convex surrogate satisfying Vz, I*(z) < I(z) and 0,.0*(0) =
0.+1(0). Thus, if we substitute [ with [*, we just decrease the integrality gap, hence can
assume that [ = [*. Now, we note that if we consider program (11) with { = [* the inegrality
gap of coincides with what we get by replacing C' with |a| - C' and [* with the hinge loss.
To see that, note that for every f € Hy,b € R, Errp«(f +b) = Errp ninge(|a] - f + |a] - b),
thus, minimizing Errp « over all functions f € Hy that satisfy ||f||m, < C is equivalent to
minimizing Errp pinge over all functions f € Hj that satisty ||f||g, < |a| - C. Thus, it is
enough to prove the Theorem for | = lpinge.

Next, we show that we can assume that the embedding is symmetric (i.e., correspond to
a symmetric kernel). As the integrality gap is at least as large as the approximation ratio,
using Theorem 3.2 this will complete our argument. (The reduction to the hinge loss yields
bounds with universal constants in the asymptotic terms).

Let v > 0 and let D be a distribution on S%* x {#1}. Tt is enough to find (a possibly
different) distribution D; with the same ~-margin error as D, for which the optimum of
program (11) (with [ = lpinge) is not smaller than the optimum of the program

min  Errp pinge (f + 0)
st. fe€H,, beR (17)
flm, <C

Denote the optimal value of program (17) by « and assume, towards contradiction, that
whenever Err.,(D;) = Err, (D), the optimum of program (11) is strictly less then a.

For every A € O(d), let Dy, be the distribution of the r.v. (Az,y) € S x {£1},
where (z,y) ~ D. Since clearly Err,(D4) = Err, (D), there exist f4 € Hy and by € R
such that ||fa||g, < C and Errp, ninge(94) < «, where g4 := fa + ba. Define f € Hy, by

) = [ow fa(Az)dA and let b= [  badA and g = f+b. By Theorem 5.12, || f|[m,, < C.

Finally, for | = lyinge,

Errp hinge(9) = Ewy~nl(yg(z))

E (. y)~pl(YEa~0(@)94(Ax))
Eqy) NDEAN(O) @ (yga(Azx))

E 0@ E@y)~pl(yga(Ax))

= Eivwo@E@y~pil(yga(z)) <

IN

Contrary to the assumption that « is the optimum of program (17).

5.4.4 Finite dimension - Theorems 2.7 and 3.4

Let V C C(S71) be the linear space {A, 01 : v € R™ b € R} and denote W = {A, 0 :
v e W,b € R}. We note that dim(V) < m + 1. Instead of program (4) we consider the
equivalent formulation

min  Errp, (f)

st.  feWw (18)
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Lemma 5.19 (John’s Lemma) ( ) ) Let V' be an m-dimensional real vector
space and let K be a full-dimensional 0-symmetric compact convex set. Then there exists an
wner product on 'V so that K is contained in the unit ball, and contains the ball around 0
of radius \/—%

Lemma 5.20 Let | be a convex surrogate and let V. C C(S%1) an m-dimensional vector
space. There exists a continuous kernel k : S x S — R with sup,cga—1 k(x,z) < 1 such
that H, =V as a vector space and there exists a probability measure iy such that

2m!o

VeV, [Iflla, < 0.(0)] Brryy i (f)

Proof Let 1 : S%! — V* be the evaluation operator. It maps each x € S9! to the linear
functional f € V — f(x). We claim that

1. ) is continuous,
2. aff(p (ST U —y(ST1)) = V¥,
3. V={v" ot 0™ € V*}

Proof of 1: We need to show that v (z,) — ¢ () if z,, — x. Since V* is finite dimensional, it
suffices to show that ¢ (x,,)(f) — ¥(z)(f) for every f € V', which follows from the continuity
of f.
Proof of 2: Note that 0 € U = aff(1)(S471) U —(S971)), so U is a linear space. Now, define
T:U* — V via T(u*) = u* o1p. We claim that T is onto, whence dim(U) = dim(U*) =
dim(V') = dim(V*), so that U = V*. Indeed, for f € V, let u} € U* be the functional
wi(u) = u(f). Now, T(uj)(z) = w5 ((x)) = $(x)(f) = f(x), thus T(u}) = /.
Proof of 3: From U = V* it follows that U* = V** so that the mapping T : V** — V is
onto, showing that V = {v*™* o4 : v** € V**}.

Let us apply John’s Lemma to K = conv(¢(S4 1) U—(S971)). Tt yields an inner product

on V* with K contained in the unit ball and containing the ball around 0 with radius \/L%

Let k be the kernel k(x,y) = (¥(x),¥(y)). Since v is continuous, k is continuous as well.
By Theorem 5.1.1 and since T is onto, it follows that, as a vector space, V = Hy. Since K
is contained in the unit ball, it follows that sup,cge—1 k(x,2) < 1. It remains to prove the
existence of the measure .

Let e,...,e,, € V* be an orthonormal basis.  For every ¢ € [m], choose
(@hyi), - (@) € 5970 x {&1} and AL AP > 0 such that Y74 A = 1 and
e = 20y My (a]). Define py(a,1) = pn(], —1) = =

Let f € V. By Theorem 5.1.1 there exists v € V* such that f = A,go ¢ and ||f||m, =
l|v||v«. It follows that, for a = 0,1(0),

34



m m+1 )\J
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Proof (of Theorem 2.7) Let L be the Lipschitz constant of I. Let 8 > « > 0 such that
l(a) > I(B). Choose 0 < 6 < 1 large enough so that (1 — 8)I(—p) + 0l(5) < Ol(«). First,
define probability measures p', pu2, 43 and p over [—1,1] x {£1} as follows.

p(v,1) =0, p'(=y,-1)=1-90

pA(=,1) =1
The measure p? is the product of uniform{+1} and the measure over [—1, 1] whose density
function is
0 x| > &
R P
w1/ 1—(8x)2 =3

Let k, un be the distribution and kernel from Lemma 5.20. Now, let e € S%~! be the vector
from Lemma 5.16. We define the distribution D corresponding to the measure

= (1= Xy — A3 = An)pe + Aopt? + Aspt + Avpen

By considering the affine functional A., it holds that Err, (D) < A3 + A2 + Ay
Let g be the solution returned by the algorithm. With probability > 1 — exp(—1/7),
g = [+ b, where f,b is a solution to program (18) with an additive error < /7.
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Denote ||g||x, = C. By Lemma 5.20, it holds that

2m1.5
< ——E
© = ) )

2m!* Err,,(g)

<

|3+ O Av
ml5
. [0)
|@+ O)] Aw
As in the proof of Theorem 2.6, it holds that

1281 K35
‘/ g—/ g'§M+10'K3'5-E-C~(TK+sd) (19)
{z:(z,e)=7} {z:(z,e)=—~} |a+l(0)|/\3

Denote the last bound by €. It holds that

Errp(g) = (1= A2 = A3 = A)Eul(yg(2)) + AB,2l(yg(2)) + AsEyal (yg () + AnEpyl(yg ()
(20)
Now, denote § = f{r:@ o= Y- It holds that

E,.l(yg(r)) = 6 /{ RO / I(—g(2))

{a:(z,e)=—7}

/{x:<x,e>:w} g) t-0) (_ /{x:<x,e>=’Y} g) (21)

> 0-1(6) + (1—0) - 1(—0) — Le

v
S
S 7 N

Thus,
Errp,(g) > (1=A—= X3 = An)(0-1(0) + (1 =0)-1(=0)) — Le + ME, 2l (yg(7))

However, by considering the constant solution 9, it follows that

Brioi(g) < (1= = Aw)(a- 1) + (1= 0) -(=8)) + da-1(5) + (ha + Aw)g (1) + H(=5) + /7
< (1= De—Ag— A0 108) + (1 —0) - 1(—=3)) + Ao - 1(8) + (g + Aw) - L(—|8]) + /7
Thus,
Bineile) < o+ 10) + 22N g)) + 3 (22
< Léﬁ??é;ﬁ’li 1O‘LA;K' CELC 05 4 s 4 1(0) + A‘”’“ANJW( 13])

NOW, relying on the assumption that v - log®(C) = o(1), it is possible to choose Ay =
O (V7K*) = 0 (y7log'(C)), A =~V K = 0(log(C/7)), Aw = 7 and d = ©(log(C/7))
such that the bound in Equatlon (19), LLOLBYKEZ | 10K35 CE-C-(r® +5%), Ay, A3, Ay and

|011(0)| A2 As
A3 AN+
A2

are all o(1).
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Since the bound in Equation (19) is o(1), it follows, as in the proof of Theorem 2.6, that
1(6) <1(%) and consequently, 0 < ¢ < 4. From equations (20) and (21), it follows that

Le + Errp ;(g) Le + 21(0)
=) = 1(=0) <~ R < PP B gy

It now follows from Equation (22) that

By Markov’s inequality,

Thus, if (z,y) are chosen according to p?, then w.p. > Z(O)ié)(%) —o(1), l(g(x)) < 1(0) =

g(z) > 0. Since the marginal distributions of ! and p? are the same, it follows that, if (x,y)

are chosen according to D, then w.p. > <l(0)l(é)(‘§) - 0(1)) (1=Xa=A3=An)-(1-0) = Q(1),

yg(z) < 0. Thus, Errpg_1(g) = Q(1) while Err, (D) < A+ A3+Ay = O (/7 poly(log(C))) =
O (v poly(log(m/7))).

a

Proof (of Theorem 3.4) As in the proof of Theorem 3.3, we can assume w.l.o.g. that
| = lpinge- Let k, un be the measure and the kernel from Lemma 5.20. Let C = 2m!'? /7.
By (the proof of) Theorem 3.3, there exists a probability measure ji over S¢~! x {£1} such
that for every f € Hj with ||f||g, < C it holds that Erry,(f) = Q(1) but Err, (1) =
O(v - poly(log(C))). Consider the distribution p = (1 — v)i + ypun. It still holds that
Err, (1) = O(7 - poly(log(C))) = O(7 - poly(log(m/~))). Let f be an optimal for program
(18). We have that 1 > Err,;(f) > v - Err,,(f). By Lemma 5.20, ||f||n, < C. Thus,
Erni(f) = (1—7) Brre(f) = 0(1)

|

6 Choosing a surrogate according to the margin

The purpose of this section is to demonstrate the subtleties relating to the possibility of
choosing a convex surrogate [ according to the margin v. Let £ : B x B — R be the kernel

1
k(z,y) = ——F——
( ) 1- %<ZE, y>H
and let ¢» : B — H; be a corresponding embedding (i.e., k(z,y) = (¢¥(z),¥(y))n,). In
( : ) it has been shown that the solution f,b to Program (2), with

C = C(y) = poly(exp(1/~v - log(1/7))) and the embedding v, satisfies
Erthinge(f +0) < Err, (D) + v .
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Consequently, every approximated solution to the Program with an additive error of at most
v will have a 0-1 loss bounded by Err., (D) + 2.
For every ~, define a 1-Lipschitz convex surrogate by

L(x) = 11—z r<1/C(7)
U 1—-1/C(y) z>1/C(y)

Claim 1 A function g : B — R is a solutions to Program (5) with | = 1,, C =1 and the
embedding 1, if and only if C(v) - g is a solutions to Program (2) with C' = C(v) and the
embedding .

We postpone the proof to the end of the section. We note that Program (5) with [ = [,
C = 1 and the embedding 1), have a complexity of 1, according to our conventions. Moreover,
by Claim 1, the optimal solution to it has a 0-1 error of at most Err, (D) + . Thus, if A is
an algorithm that is only obligated to return an approximated solution to Program (5) with
l =1,, C =1 and the embedding ¢, we cannot lower bound its approximation ratio. In
particular, our Theorems regarding the approximation ratio are no longer true, as currently
stated, if the algorithms are allowed to choose the surrogate according to . One might be
tempted to think that by the above construction (i.e. taking ¢ as our embedding, choosing
C' =1 and [ = l,, and approximate the program upon a sample of size poly(1/v)), we have
actually gave l-approximation algorithm. The crux of the matter is that algorithms that
approximate the program according to a finite sample of size poly(1/7) are only guaranteed
to find a solution with an additive error of poly(y). For the loss [, such an additive error
is meaningless: Since for every function f, Errp, (f) > 1 —1/C(7), the 0 solution has an
additive error of poly(v). Therefore, we cannot argue that the solution returned by the
algorithm will have a small 0-1 error. Indeed we anticipate that the algorithm we have
described will suffer from serious over-fitting.

To summarize, we note that the lower bounds we have proved, relies on the fact that the
optimal solutions of the programs we considered are very bad. For the algorithm we sketched
above, the optimal solution is very good. However, guaranties on approximated solutions
obtained from a polynomial sample are meaningless. We conclude that lower bounds for
such algorithms will have to involve over-fitting arguments, which are out of the scope of the
paper.

Proof (of claim 1) Define

Y 1
0 o)

Since I (z) = C(v) - (Iy(x) — (1 - ﬁ)), it follows that the solutions to Program (5) with
[ =105, C =1 and ¢ coincide with the solutions with [ = [,, C'=1 and 9. Now, we note
that, for every function f: B — R,

Errp,lz(f) = Errp ninge (C(7) - f)

Thus, w, b minimizes EerJ;(Aw,b o 1) under the restriction that ||w| < 1 if and only if
C(7v) - w,C(vy) - b minimizes Errp pinge(Awp © ¥) under the restriction that |w|| < C(y).

|
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