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Abstract

Information theoretic learning is a learning paradigm that uses con-
cepts of entropies and divergences from information theory. A variety
of signal processing and machine learning methods fall into this frame-
work. Minimum error entropy principle is a typical one amongst them.
In this paper, we study a kernel version of minimum error entropy
methods that can be used to find nonlinear structures in the data. We
show that the kernel minimum error entropy can be implemented by
kernel based gradient descent algorithms with or without regulariza-
tion. Convergence rates for both algorithms are deduced.

1 Introduction

Information theoretical learning (ITL) refers to a framework of learning
methods that use concepts of entropies and divergences from information
theory to substitute the conventional statistical descriptors of variances and



covariances. It becomes an important research topic in signal processing
and machine learning as many algorithms have been developed within this
framework and many applications domains have been discovered. In the
literature, the study of ITL has mostly focused on linear models. Kernel
based ITL was introduced to the minimum error entropy principle in [19,24]
to deal with nonlinear models. The purpose of this paper is to study a
kernel based gradient descent algorithm for ITL with a focus on the kernel
minimum error entropy for regression.

Minimum error entropy (MEE) might be the most important principle
in the ITL framework. In the context of regression analysis, it serves as an
important alternative to the classical least square method and has attracted
continuous attention for more than a decade since it was introduced. The
least squares method relies only on the variance of the error, so it falls into
the second-order statistics and its optimality depends heavily on the assump-
tion of Gaussianity. In contrast, entropy is a function defined on the error
probability density function and all moments of the error are constrained
when entropy is minimized. Thus, MEE belongs to a type of high order
methods and has the robustness to deal with non-Gaussian models or heavy
outliers. Because of its robustness and ability to deal with non-Gaussian
impulse noises, MEE methods have been successfully applied in a variety
of applications including signal processing, regression analysis, feature se-
lection, and data clustering. There are a vast of literatures exploring their
application domains and devoting on their computational and mathematical
properties; see [5—7,12-16,18,19,26-28,33] and the references therein.

In regression analysis, MEE is motivated by minimizing the information
of the prediction error and thus maintaining the useful information by the
predictor as much as possible. Assume X € R” is a vector of explanatory
variables, Y € R is the response variable, and they are linked by

Y=f(X)+e  E(X)=0,

where f* is a target function and € is the noise. When a function f is used as
a predictor, the error variable is E = Y — f(X). Let pg denote its probability
density function. Then Shannon’s entropy is defined by

Hg(f) = —El[log(pg)]
and Rényi’s entropy of order o > 1 is

1

_l—a

Ha(f) = log (E[pg 1) -



Recall the traditional least squares method minimizes the mean squared
error, which is the second moment of error variable E. It is optimal for
Gaussian noise but suboptimal for general non-Gaussian noise. Error en-
tropy is a functional defined on the probability density of the error variable
and takes information of all moments into account. It is an efficient mea-
sure to estimate the learning ability of the predictor when non-Gaussian or
impulse noise is involved. Thus MEE may work well in these situations.

In the literature, most MEE methods have been designed for linear mod-
els. They are usually implemented by gradient descent algorithms. The
convergence has been studied in [7,20]. But these methods may not be ap-
plied to analysis of data with nonlinear structures. There is a necessity to
develop MEE methods for nonlinear models so that the algorithms can deal
with nonlinearity in the data and simultaneously preserve the advantages
of robustness and ability to deal with non-Gaussian noises. As reproducing
kernel Hilbert spaces are effective tools to represent nonlinear features via
feature mappings, we can use the so-called “kernel trick” to extend MEE to
nonlinear settings. MEE methods in reproducing kernel Hilbert spaces were
introduced in [19,24] and the consistency of a regularization scheme was
investigated in [19]. Its implementation, however, has not been addressed.
Recall that there are usually two classes of implementation algorithms for
kernel methods. One is to write the kernel method as a finite dimensional
optimization problem by using a representer theorem. Solving the optimiza-
tion problem could be very challenging for large scale data. The other is
to use the gradient descent or stochastic gradient descent in Hilbert spaces.
They have the advantages of being implementable in the big data setting.

The purpose of this paper is to study the convergence of gradient descent
algorithms when they are used to implement kernel MEE methods. Note
that the convergence of gradient descent algorithms for linear MEE [7, 20]
highly depends on the fact that the covariance matrix of the explanatory
variables is either invertible or has a smallest positive eigenvalue. In kernel
MEE, the reproducing kernel Hilbert space may be infinite dimensional. The
eigenvalues of the kernel covariance operator decay to zero. So the kernel
covariance operator is neither invertible nor has its positive eigenvalues lower
bounded away from zero. Compared to traditional kernel learning methods
such as regularization kernel networks and support vector machines where
the loss functions are convex, the loss function of MEE is non-convex, which
makes the analysis of MEE methods essentially difficult. Therefore, the
convergence analysis of gradient descent algorithms for kernel MEE is not
an easy extension of that for linear MEE or traditional kernel methods,
though those studies may provide useful insights and techniques.



The rest of the paper is organized as follows. In Section 2 we describe
two gradient descent algorithms for kernel MEE and state our convergence
results. In the first algorithm, regularization is adopted to control the com-
putational complexity. The second algorithm does not involve regularization
explicitly but adopts an early stopping to play the role of regularization. The
proofs of the convergence results are given in Section 3 and in Section 4 for
the two algorithms respectively.

2 Algorithms and main results

In this section we first describe the MEE kernel gradient descent algorithms
and state their convergence rates. Then we compare our results with those
in the literature.

2.1 kernel gradient descent algorithms and their convergence

Throughout this paper, we assume the sample space of X is a compact
subset X C R™ and the sample space of Y is a bounded subset ) C R. They
are also called the input space and output space, respectively. Let p denote
a joint probability measure on Z = X x ), px be the marginal distribution
of p on X and p(-|z) the conditional distribution of p for given z € X. In
the supervised learning setting, p is assumed to be unknown and the goal of
regression analysis is to estimate the regression function

f*(x) = B[Y|X = a] = /y ydp(yla)

from a sample z = {(z;,y;) }I"; of m observations which are drawn indepen-
dently according to p.

Most MEE methods in the literature have focused on the use of Renyi’s
quadratic entropy (i.e. a = 2) for its simplicity. Given the sample z, Renyi’s
quadratic entropy can be estimated empirically as follows. For a hypotheti-
cal predictor f, let e; = y;— f(x;). Since {e;}"; isasample of E =Y — f(X),
a kernel density estimator can be used to estimate the probability density
function of F as

pe(e) = mlhéa (),

where the function G defined on [0, 00| is a windowing function and h > 0
is a scaling parameter. A usual choice of the windowing function is G(u) =



ﬁexp(—u) which leads to the Gaussian kernel density estimator. The
empirical Renyi’s quadratic entropy can then be estimated by

1 i — f(@i)) — (y; — f(x))?

The MEE method learns a function by minimizing the empirical Renyi’s
quadratic entropy. Notice that the log function is monotone and does not
affect the minimizer, the MEE method can be implemented by minimizing
the empirical risk

W X o (i = f(0) = (g = f)]
)9 - )

i=1 j=1

The kernel MEE method minimizes R,(f) in a reproducing kernel Hilbert
space. Recall that K : X x X — R is a Mercer kernel if it is continuous,
symmetric and positive semidefinite. The reproducing kernel Hilbert space
H is the completion of the linear span of the function set {K, = K(z,") :
x € X} with the inner product induced by (K., K,)x = K(z,y). The
reproducing property is given by f(z) = (f, K;)x and implies || f]lcc <
supyex VK (z,z)| f|| k. The regularized MEE method in the RKHS H is
defined by

A
o = arg uin {Ru(9) + 3115} 0

where A > 0 is a regularization parameter. In [19] it is proved that the
regularized kernel MEE algorithm is consistent when the scaling parameter
h is chosen large enough. For small h, the consistency of MEE algorithms is a
more complicated issue and has been discussed in [15]. In this paper we will
study the convergence of gradient descent implementation of the regularized
kernel MEE method (1), which is defined with the initial function f; = 0,
and an updating rule

ft+l = ft - (VRZ(ft) +)‘ft)7 t=1,2,---, (2)

where 0 < A < 1, {n;} is the sequence of step sizes,

o ZZG’(ftQ,if )i, ), — Koy)

i=1 j_




is the functional gradient of R, at f; and &(4, j) = (yi — fe(xi))—(y; — fi(z;)).

It is observed in the literature that early stopping plays a role of regu-
larization and thus explicit regularization is not necessary to guarantee the
convergence of gradient descent [34]. Regularization is also shown to be
unnecessary in stochastic gradient descent algorithms by certain sacrifice of
learning rates [35,37]. In this paper, we also investigate the unregularized
gradient descent algorithm for kernel MEE, which starts with fi =0 and
adopts the updating rule

ﬁ+1:ﬁ_77tVRz(ﬁ)a t=1,2,---. (3)

The unregularized algorithm has the advantage of no need to validate the
regularization parameter.

In regression, we usually measure the learning performance via the L% ¥
distance or equivalently, the excess mean squared error of the learned func-
tion. In MEE algorithms, however, since the empirical risk R,(f) is invari-
ant to constant shift, the best we can expect is to have the learned function
plus an appropriate constant shift to approximate the regression function f*
well. A good measure, in this case, is var[f;(X) — f*(X)], the variance of
the random variance f;(X) — f*(X) with respect to X, because small vari-
ance guarantees the existence of good approximation to f* by a constant
adjustment. How to choose the constant has been studied empirically in [13]
and theoretically in [15,18] and is omitted in this paper.

Next we state our main results. We need the following assumptions.
Without loss of generality, we assume that sup,cy /K (z,2) = 1 and the
response variable Y is uniformly bounded by 1. Also, the windowing function
G is assumed to be differentiable and satisfy G’ (0) = —1, G'(u) < 0 for
u > 0, Cg = SUP,¢(p,0) |G’ (u)| < 00, and there exist constants p > 0 and
¢p > 0 such that

|G’ (u) — G'(0)] < cpuP, for u > 0. (4)

These conditions can be satisfied by a variety of kernel density estima-
tors. For instance, when Gaussian kernel density estimator is used, up
to a constant multiplication which does affect the minimizer, we can use
G(u) = exp(—u) so that the above assumptions hold with Cq¢ =1, p =1
and ¢, = 1.

Following [18,19] we use the pairwise squared loss to measure the approx-
imation error of MEE in this paper. Define for each f € L% . the pairwise
squared risk as

e =B (v - s00) - (v = £ )|
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where (X,Y) and (X', Y”) are independent and identically distributed ran-
dom pairs. The approximation error D(\) is defined by

D(A) = arg min {ECH) —E(F) + AIfIES
= E(f) = E(F*) + Al Al

where the regularization function f) is an minimizer of the regularized pair-
wise squared risk E(f)+A|| f||% over the RKHS H. Recall that the pairwise
square loss has been used in least square ranking problems; see e.g. [9,40]
and references therein. The pairwise feature of MEE algorithm makes it
appropriate to use D(A) to characterize the approximation error of MEE.

Throughout this paper, we shall assume that for some constant Dy > 1
and 0 < 5 <1,

D(A) < DN, ¥V A>0. (5)
Note that
E(f) = E(fF) =2var[f(X) — fA(X)] <2|f - f*l\%gX (6)
and as a result
D(A) < frél?i{r;{ {2lIf - f*lligx + Af 1%} (7)

The K-functional on right hand side was widely used in the learning the-
ory literature as a measure of approximation ability of reproducing kernel
Hilbert spaces and has been well studied. By (7), we see that that the the
assumption (5) always holds with 8 = 0 since the right hand side of (7) is
obviously bounded by the constant 2| f*|| 1, 2 - If the target function f* lies in

‘H g then (5) holds with g = 1. If H is dense in C(X'), the space of bounded
continuous functions on X, then the right hand side of (7) converges to 0 as
A — 0. Thus, the assumption of a decay rate in (5) is natural and can be
related to the definition of interpolation spaces. See e.g. [29,30,32,34] and
the references therein for more details.

Theorem 1. Let {fi}i>1 be defined by (2). Assume (5) holds for some
0 < B < 1. Let gy = nt™% with n < % and 0 < 6 < 1. If A <1 and

pus
o> 20, 0 <6 < 1, with confid least 1 — 6
NI then for any 0 < § < 1, with confidence at least 1 — 9, we



have

1-0

log & 1 8
m\3—58 + \dp+4p4p +A

_ 1-60
var(fri1(X) — ff(X)] < C(exp (ﬂ)/\ﬁfl

Wl

where C' is a constant independent of m, T, h, X ord. As a result, if \ ~m™3,

1
T3 ()™, and b > mA0H, then

B
3

var(fr1(X) - f*(X)] = O(m™5).

The error bound in Theorem 1 decays exponentially fast in terms of the
number T of iteration steps when A and h are fixed. This indicates that,
with regularization, increasing the number of iterations will never hurt the

1
learning performance, though 7' = O((&I]Tgﬁ)ﬁ) is sufficient. Note the

learning rate O(m_g) is capacity independent. It matches the learning rate
obtained in [19] under the worst capacity assumptions.

Next we turn to the unregularized method. To state our result, we need
to measure the capacity of the hypothesis space Hg. In learning theory,
many capacity measures have been used, for instance, the VC-dimension,
covering numbers, Rademacher complexity, and eigenvalues decay. In this
paper, we will use the uniform covering number.

Definition 2. For a subset S of C(X) and € > 0, the covering number
N (S, €) is the minimal integer £ € N such that there exist £ balls with radius
€ covering S.

For any R > 0, denote Br = {f € Hk : ||fllx < R} be the ball of
radius R in Hg. It can be embedded into C'(X) and let N'(Bg,€) denote its
covering number in C(&X’). We assume that for some ¢ > 0 and ¢; > 0, the
covering number of B satisfies

log N'(By,¢) < cge™?, Ve > 0. (8)

Note the uniform covering numbers of reproducing kernel Hilbert space has
been studied in [41,42]. The smaller ¢, the more stringent the capacity
assumption is. In particular, when X is a compact subset of R"™ and has
a piecewise smooth boundary, if K € C%(X x X) then the condition (8)
holds true with ¢ = 22. If the kernel K € C*(X x X), then (8) is satisfied



for an arbitrarily small ¢ > 0. Note further that (8) holds with ¢ < 2
for all Mercer kernels and therefore an assumption of (8) with ¢ = 2 is
equivalent to no capacity assumption and the convergence results become
capacity independent.

Theorem 3. Assume (8) and (5). Let {fi}s>1 be defined by the algorithm
(3). If n; = nt=9 with % <6<1and

(1 (1-6)27°
< L S A
"—mm{2’64cg+2cg}’ ©)

then for any 0 < § < 1, with confidence at least 1 — 6,

1 T=0  p(p+2)(1-6) } 4
og 6

g(fT) - S(f*) S émax {Tﬁ(lg)’ (m B 1)% ) h2p

where C is a constant independent of m, T, h, or 0. Choosing T ~ (m —

1 pt2+8
1)T+0+H=0) and h > (m — 1)20+00+8) | we have

var[fr(X) — f*(X)] =0 <(m - 1)_M/3;M> _

Let us compare Theorem 3 and Theorem 1. We first notice that the
error bound in Theorem 3 is not a deceasing function of the number of iter-
ation steps. To achieve convergence for the unregularized gradient descent
algorithm, early stopping is required and iterating too many steps may hurt
the learning performance. This is a price paid for computational instability
without regularization. Secondly, if we let ¢ — 2, we obtain the capacity in-

dependent result for the the unregularized algorithm as O(m_ﬁ) which
is worse than the rate in Theorem 1 for the regularized algorithm. Recall
that the unregularized algorithm does not need to validate the regularization
parameter. Theorem 3 indicates that this computational advantage requires
a sacrifice of convergence rates.

2.2 Comparisons with the literature and discussions

We compare our results with those in the literature and provide some re-
marks before moving to the proofs of our main theorems.

The regularized least squares method in reproducing kernel Hilbert spaces
has been extensively studied in the literature. Under the assumption (5) on



the approximation error decay (or an analogous source condition), the capac-
ity condition (8) (or the near-equivalent assumption on the effective dimen-
sion of Hg ), and some other mild conditions, the regularized least square

__28
method has been proved to reach the minimax optimal rate O(m  25+q)

[3,23,31] and the optimal capacity independent rate is O(m_%) 2, 39].
When the gradient descent or stochastic gradient algorithms are used to
implement the method, efforts have been made to purse fast convergence
rates; see e.g., [22,25,34,35]. While the optimal capacity independent rate

can be proved, the minimax optimal rates have not been verified. To our
2

best knowledge the best result so far is the rate O(mfwm) obtained
in [22]. The gap is usually attributed to lack of analysis tools but not an
inherent feature of the gradient descent algorithms.

For pairwise learning, interactions between observations make the analy-

sis more complicated. The capacity independent rate O(mfﬁ log® m) has
been proved for unregularized stochastic gradient descent algorithm with
the pairwise square loss and O(mfé) for a general convex Lipschitz pair-
wise classification loss if the target function lies in Hy [37,38]. Both are
worse than their counterparts for pointwise learning.

When moving to MEE, the nonconvexity of the loss function added more
complication to the analysis. Consequently, both the capacity independent

rate O(m_g) in Theorem 1 for regularized gradient descent algorithm and

the capacity dependent rate O(m_m) in Theorem 3 for the unregu-
larized one are suboptimal. As no empirical evidence shows MEE has worse
performance than least squares method, we argue that the gap is not due
to the inherent feature of these algorithms. A more plausible interpretation
is that the pairwise non-convex loss caused essential difficulty for the anal-
ysis of kernel MEE. Developing new techniques to overcome or circumvent
this difficulty would be an interesting problem. It is worth mentioning that,
when this paper is revised, we proved in [21] that minimax optimal rates can
be achieved by kernel gradient MEE if the function f*(z)— f*(Z) defined on
the product space X2 lies in H 7 and the pairwise kernel defined on X 2 x X2
by
K((x,2), (u, @) = K(z,u) + K(z,@) — K (z,4) — K(&,u)

satisfies some appropriate conditions. But how to derive sharper error
bounds and faster convergence rates when f* is not in Hyx and the as-
sumptions are made directly on the kernel K is still an open problem.

We also remark that the theoretical choices of the number T of iteration
steps and the bandwidth parameter h in Theorem 3 are able to help us

10



understand convergence properties of the algorithms. But they cannot be
used in practice because of their dependence on the unknown parameters
q, B, and 6. Deriving data-driven choice for 1" and h for practical use is
important. In the literature of gradient descent algorithms for least squares
kernel regression, several data-driven approaches have been proposed for
the early stopping rule, see, for instance, the hold-out rule [2,4,34], the
Rademacher complexity based rule in [25], and the balancing principle in
[11]. It is interesting to investigate whether these rules can be adapted to
the kernel gradient descent algorithm for MEE.

As for the data-driven choice of bandwidth parameter h, to our best
knowledge, the study is very sparse. Our theory indicates it should depend
on the sample size and be chosen large enough to guarantee the convergence.
However, empirical simulations showed that the learning performance is not
very sensitive to h and successful applications of MEE with h varying from
0.01 to 10 had been reported in te literature. It seems a moderate choice can
lead sufficiently good results in most scenarios, though tuning it via cross
validation or other strategies may be necessary for the best performance. It
is still an open problem for future research.

3 Convergence of gradient descent with regular-
ization

In this section we prove Theorem 1. To this end, we first prove several useful
lemmas.

For g, h € Hg, let g ® h denote the rank-one tensor product operator
defined by (¢ ® h)f = (f, h)kg. It has Hilbert-Schmidt norm ||g ® h|gs =
lgllx ||l If b = g, it is easy to check that g ® g is a symmetric positive
operator. Define the operator Tx x on Hx by

Txx =E[(Kx — Kx)® (Kx — Kx)]

and its empirical version by
1 m m
Txx = —5 D (Ka, — Kzy) ® (Kz, — Ku)).
i=1 j=1

By the reproducing property, for any f € Hg, we have

Ixxf=E[(f(X) - f(X))(Kx - Kx)]

11



and

Taxf = 3 33 (Fan) — Fl) (K, — Ko,
i=1 j=1

Lemma 4. Both Txx and TX x are symmetric and positive operators with
their operator norms bounded by 2.

Proof. 1t is easy to check that
Txx = 2(ElKx ® Kx] - (BlKx]) @ (B[Kx)) ). (10)

Thus, T'x x is twice of the covariance operator of the Hilbert space valued
random variable Kx. As a result, it is symmetric and positive. Moreover,

[Tx x| <2[|E[Kx ® Kx]|lzg <2 sup Kz @ Kyllns
xe

=2sup K(z,z) = 2.
reX

For T'x x, we see

1 & 1 & 1 &
mi mi3 mia

is twice of the sample covariance operator of Kx. So it is symmetric, positive,

and
m

. 2 2
1Tx x| < po. Zl | Ko, @ K llas < mEK(ﬂfuxz‘) <2.
1= 1=

This finishes the proof. O
Next we define
Txy =E[(Y - Y')(Kx — Kx/)]

and its empirical version

m?2

Ty = — 505 (i — 1) (Kuy — Ko,
i=1 j=1

Lemma 5. We have |[Txy | x <4 and |Txy|x < 4.

12



Proof. We can verify that

Txy = 2<E[YKX] - E[Y]E[KX]) (12)
and
Txy =2 izm: K izm: : izm:K (13)
XY = m v Yill g, m v Yi m v x; .
By |Y| <1 and || K|k = VK (x,2) < 1, we easily conclude the desired
bounds. ]

The following lemma was proved in [20].

Lemma 6. Let H be a Hilbert space and & be a random variable with values
in H. Assume that ||&|| < M almost surely. Let {&1, &2, ..., &m} be a sample
of m independent observations for &. Then, any 0 < § < 1, we have with
confidence 1 — 6,

M
< > (7‘ + V8T + 7'2>

1 m
mgf ~E(¢)

where T = 710%21/5).

By the above lemma, we have the following estimates.

Lemma 7. For any 0 < § < 1, with probability at least 1 — 9, we have

| Txx — Txx|| < 12v7 (14)
and
ITxy — Txy |l < 12v7 (15)
. . log &
simultaneously, with T = —~-%.

Proof. Applying Lemma 6 to the H g valued random variable £ = Kx, we
obtain with probability at least 1 — g,

m

> K., - B[Kx]

=1

1

1
- §5<T—|— 87’—!—72). (16)

13



Applying Lemma 6 to the Hilbert-Schmidt operator valued random variable
£ = Kx ® Kx, we obtain with probability at least 1 — g,

1 m
=1

1 m
<= Ke ® Ky, — B[Kx © Kx]

i=1

HS
g% (7'+ 8T +7'2) . (17)

Applying Lemma 6 to the real valued random variable £ = Y, we obtain
with probability at least 1 — %,

1 m
— yi—E[Y]
i

Applying Lemma 6 to the H g valued random variable £ = Y Kx, we obtain
with probability at least 1 — %,

1
§§<T—|— 87‘—1—7’2). (18)

<
K

% (7‘ + V8T + 7'2) . (19)

1 m
— Y yiK,, - E[YKx]
m i=1

So, with probability at least 1 — J, estimates (16)-(19) hold simultaneously.
By the facts (10), (11) and using (16), (17), we obtain

ITxx — Txx||
1 m
<2 mZ;KxiG@Kxi—E[KX@KX]
1=
1 & 1 &
+2||(B[Kx)) @ (BIKx]) - (mgm) ® (m;m) ‘
1= 1=
1 1 <&
< (o) safmimn+ (235 Jea -5
i=1 K i=1 K

§3<7'—|- 87‘—1—7’2) < 12y/7.

Similarly, we can verify (15) by the facts (12), (13) and using (19), (16),
(18). O

14



The following lemma characterizes f.
Lemma 8. We have (A + Txx)f\ = Txy.

Proof. The functional derivative of £(f)+ A|| f||% with respect to f € Hy is
—2Txy + 2Txx f + 2\ f. Since fy is the minimizer of E(f) + || f||%, we see
—2Txy 4+ 2Txx fx + 2Afy = 0. This implies that ()\I + TX)()f)\ =Txy. O

We will also need the following two useful lemmas which have been
proved in [36].
Lemma 9. Forv € (0,1] and 6 € [0, 1],

t

1 v
> | (1—]7;)3

i=1 j=i+l

S| w

Lemma 10. For any 0 <t <T and 0 < 0 < 1, there holds
- 1 1-0 1-0
P (AR VR G V|
j=t+1

To prove Theorem 1, we first establish a uniform bound for the solution
path {fi}i>1.

Lemma 11. Assume A <1, g < /\%r? and

12(6c,) /% 20
= oAt/ (20)
We have
5
el < 5, VieN (21)

Proof. We prove the bound (21) by induction on ¢ € N. The case t = 1 is
trivial since fi = 0 by definition. Suppose that || fi||x < % Consider the

case fiy1. By G’ (0) = —1 and the definitions of Txx and Txy, we can
write

fior = fr —m(Txx fo + Mo — Ty + Ep)
= (1 —=nA)I — WtTXX} fi +neTxy — neEy, (22)

15



where [ is the identity operator and

m= 3 [0 (S5 - oho] et - )

i=1 j=1

By Lemma 4, Txx is positive and has operator norm bounded by 2
Thus (1 —nA)I — nT'x x is positive for n; < 5 + 57 - Moreover,
1—nd—2n < (1= NI —mTxx|| <1—n. (23)

By Lemma 5, we have HTXY”K < 4.
By |yi| < 1, the induction hypothesis || f;|| < 2 3, and the restriction A <1
on the regularization parameter, we have |£:(7, 7)| < 242||f¢]|x < 2—1—% < %

for all (i, 7) pairs. By the assumption (4),

I < 5 33 |0 (e) - 640) gt i, — Ko

1= 1] 1
2CP ’gt ‘Qp—i-l 122p+lcp
i=1 j=

Combining the above estimates, we obtain

sl < |0 = )T = mTocx | el + mllTocy i + el Bl
< (1 =) |l fell e + 4ne + ne|| Bt || i

5 122rt1c,
< (L= Am)y =1 \2p+1p2p

5 122r+1e
=< =\ 1= e |-
by 2p 1)\2p+1h2p

The condition (20) on h ensures that

+4dne +

122p+1c
= P >
op—1)\2p+1p2p —

Therefore, we have || fi+1]|x < 2. By induction, the proof is complete. [

The following lemma measures how the error changes by each step of
updating.

16



Lemma 12. Let 0 < A <1, n < 24%\ and h satisfy (20). If (14) and (15)
hold simultaneously, we have

[fern = Aallx < (1= M) llfe = fall
122011e,
<12(Hf)\”K + VT + 2pl>\2p+1h2p>

log &
where T = —25.

Proof. By (22) and the fact (T'xx + M) f, = Txy from Lemma 8, we have
frer — P=10 = NI = Txx](fe — fr)
+nu(Txx — Txx)fr+m(Txy — Txy) — nEx.
By (23) we have
[ fee1 = Sl < (X =mM)Ife — fallx
+ el Txx — Txx ||| fall x
+ 0l Ty — Tyl i + el el xc -

This together with (24) and the assumptions (14), (15) gives the desired
conclusion. O

With the above lemma, we can prove the following bound of the estima-
tion error.

Lemma 13. Under the same conditions as Lemma 12, if the step sizes are
chosen as ny = nt=% for some 0 < n < )\%LQ and 0 <60 <1, we have

_ )\T179 -1
741 = Al < € <exp (Fh=— )"

B—3 log% 1
+Az ¢/ -, +)\2p+2h2p> (25)

where C1 is a constant independent of m, T, h, A, or d.

Proof. Applying Lemma 12 iteratively for t = 1,--- , T, we obtain

T
I = Al <TTA = 2a)llAlx
t=1

122p+1 T T
+ (12(||f>\”K + VT + o 1)\2p+1h2p> Z H 1= Anj)n
j=t+

t=1j 1

17



Since 17; = nt~% and A < 1, by Lemma 10, we have

T

_ ml—6
H(l_)‘nt <exp< AZW) < exp (77/\(11 _7; ))

t=1
<o () e (57 )

Lemma 9 yields

T
> 1—Am)m§nzz<1—22>§i.

t=1 j=t+1 t=1 j=t+1

Noting the bound || fa|lx < VD(A)/A < /DoA™2 , we have

a1 = Al <o (Y exp (= DE0) s

3 p-1 122rt1c,

Taking the constant C7 = max{/Dy exp(75), 36(v/ Do + 1), %}, we
get the desired conclusion (25). O
Now we can prove our first main theorem.
Proof of Theorem 1. Note that
var(fry1 — f*] < 2var(fry — fo] + 2var[fy — f7]
< 2| fry1 — Allk + DoA’.

By Lemma 7 and Lemma 13, Theorem 1 holds with constant C' = max{6C%, Dy}.
O

4 Convergence of unregularized gradient descent
algorithm

In this section, we prove the convergence of the unregularized gradient
descent algorithm for kernel MEE. To this end, we need to deal with U-
statistics. Let g be a symmetric function defined on Z x Z and {z;}/; be a

18



sample of m independent observations drawn from a probability distribution
p on Z. The U-statistic induced by g is defined to be

Recall the following Hoeffding inequality for U-statistics [17].

Lemma 14. If g is symmetric, ||g|loo < B, and var[g] = o2, then for any
e >0,

Pr{’E[g] —Z/l(g)‘ > s} < 2exp{—4((:;;1§);26)}.

Immediately, we have ratio probability inequalities for a single random
variable in Lemma 15 and for a set of functions in Lemma 16 below, respec-
tively. The proofs can be easily given by using the techniques and following
the processes in [1,8]. We omit the details.

Lemma 15. Suppose that a symmetric function g on Zx Z satisfies E[g] > 0
and ||g|le < B. If E[g%] < cElg], then for any e > 0 and 0 < o < 1, there

holds
[Blg] —U(g)l _(m =1’
Pr{ T >a\/g}<2exp{ 4(0—1—%3) }

Lemma 16. Let G be a set of symmetric functions on Z X Z such that for
allg € G, E[g] >0, ||9llc < B, and E[g?] < cElg], then for every ¢ > 0 and
0 <a<1, we have

|E[g] —U(g)| (m —1)a’e
Pr {3161513[9]4-6 > 404\/5} < 2N(G, ae) exp {_Zl(c—kg)B)} )

The following two lemmas are easy corollaries of Lemma 15 and Lemma
16, respectively.
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Lemma 17. Suppose that a symmetric function g on Zx Z satisfies E[g] > 0
and ||g||ee < B. If E[g%] < cElg], then for any 0 < 6 < 1,

4(c+ 2B)log(3) + 2B
m—1

|E[g] — U(9)| < sE[g] +

with probability at least 1 — 4.

Proof. Applying Lemma 15 with o = 1, we obtain that, for any 0 < 6 < 1,

1 4(c+ 2B)log(?)
Elg] — ‘ <-E 3 )
[Elg] ~(g)| < 5Elg) + ==
with probability at least 1 — §. Noting that
_ 1 Ul 1 & 2B
‘Z/l(g) —U(g)‘ < m ;;g(zi,zj) + W ;g(zuzi) < m_1
we obtain the desired estimate. O

Lemma 18. Let G be set of symmetric functions on Z x Z such that for
cach g € G, Elg] > 0, ||glloc < B, and E[g?] < cElg]. Iflog (N(G,¢)) < ac™*
for some a > 0 and g > 0, then for any 0 < § < 1,

|Elg] —U(g)| < SE[g] + T2max

_1
1 (c+2B)log(2) ((c+2B)a\'"
2 m—1 ’ m—1

for all g € G with probability at least 1 — 9.

Proof. Applying Lemma 16 with @ = 1 and using the assumption on the
covering number of G, we obtain that, for any 0 < § < 1,

Blo] () < 4v/Bg T VE < LBlgl+ e, Yged,  (26)

holds with probability at least 1 — §, where £* is a positive solution to the
equation

ag” 1 — = log(g).

Note the equation is equivalent to

4(c+ 2B) 1og(§)€q _A(c+3B)a
m—1 m—1

1+q _

€ =0.
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By [10, Lemma 7], the equation has a unique positive solution and

£* < max { 8(c+ %B) IOg(%)7 (8(0-1- ?J,B)a> 1.1,;} |

m—1 m—1
By (26) and the fact that |[U(g) — U(g)| < -2Z; for all g € G, we obtain the
desired estimate. dJ

In the sequel let the empirical pairwise squared error on a sample z be
defined by

&) =5 33 (0 Fa) — (- 1))
i=1 j=1

By the relation (6), it suffices to bound the the excess error £(fr) — £(f*).
To this end we use the following error decomposition.
Lemma 19. For any A > 0, we have
E(fr) = E(f*) < Q1 + Qo + Q3 + D(N),

where

Q1 = E(fr) = Ea(f).

Qs = (£(fr) — &(M) - (&lir) - &),

0 = (&u(f) = &(5)) = (E(50) =€)

We first estimate Q.

Proposition 20. For any A > 0, with confidence at least 1 — g,

29D()\) log(%) N

1
(m — 1)\ 5P

3 <
Proof. Consider the function
o) = (=)~ 0~ He)) (- F@) - - 1))
defined on Z x Z. Note that E[g] = £(f\) — E(f*) > 0 and

lglloe < (6 + 2] falloo)[fr(2") = fa(z) = £7(2') + f*(2)]
< (6+2[fallx)* < 64D(N)/A.
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It follows that

E[¢g°] <E[||g/l2]
<(6 42/ frlloo)*E [(fa(2)) = fale) — f*(2) + f*(2))?]
=(6 + 2[| frll ) *2var[f(X) — f*(X))]
=(6+ 2| fallx)*(E(S) — E(f))
<64(D(A)/NE[g].

By Lemma 17 with ¢ = B = 64D(\)/\, we obtain

29D(\) log(%)
Q3 < 5( (fa) =€)+ Tm—Dr
1 29D()) log(3)
< 5P + DA
with probability at least 1 — g. O

In orQer to bound Q7 and Q9 we ne~ed the followir}g bound on tNhe se-
quence { f;}. In the sequel we will denote & (4, j) = (yi— fi(x:))—(y;) — fe(x}))
and &5 (4, 5) = (yi — f(xi)) — (y5 — f(z5))-

Lemma 21. Define {ft}tZI by (3). Let my = nt*H with % <60 <1andn
satisfying (9). Then fort=1,--- T,

~ 1-0
Ifellx <t 2. (27)
Proof. We prove (27) by induction. Suppose that || f;||x < t'3". Denote

_ 1 m m ) o) .7 .
i, = - ZZG (&2(;2])

i=1 j=1

> gt(Z,j)(sz - Kﬂcj)'

Then ft+1 = f; — i Hy and we can write

I fesallFe = el — 2ne( o He) i+ nf 1L e
= |1 Fellie + n? |1 2 + 2%ZZG’ (53;; ) (i, 5)(Faly) = ful).

=1 j=1
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It is easy to check that

1 Hellxe < *ZZ

i=1 j=1

( Ny )||st< j)

< 206(2 + 2||fillx) < 8Cat'?". (29)

Recall that G'(u) < 0 for u > 0. For each pair (i, j), we have

(EED ) (i) ule) — Fule)

)

( 2(h’2 )5 NIEi, 5) + y5 — vil
( > [ _yi>2_ (%-%)2]
22 2 4

< (&222] ) < Cp

Plugging this estimate and (29) into (28) we obtain

I frsillFe < I1fell% + 64n7 CEt' % + 2n,Cq
< 170 4+ 6472 C24 30 + 2nCt 0.

By the Taylor expansion, we see that (t 4+ 1)1=¢ — 170 = (1 — 9)(t + w)~?
for some w € (0,1). This implies (¢ + 1)*7¢ — 179 > (1 — §)27% =Y. Thus,
by the condition (9) on n and 6 > 1,

I ferall% < (6410 4 64n°CEY 39 4 20t — (1 — 0)27%7°
= (t+ D)+ 176402 CEL Y + 29Cq — (1 —0)277]
< (t+ 1)1 4 64n°CE + 20Cq — (1 — 0)27°
< (t+ 1)+ (64C% +2Co)n — (1 —0)27°
< (t+ 1)1
This proves our statement (27). O

The estimation of Qo will need the following result.
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Proposition 22. For any R > 1 and f € Bgr, with confidence at least 1 — g,

Proof. For each f € Hp, denote

07 ) = (= 1@) ~ 0~ F&)
2

~(w=r@) - -re).

Consider the function set G = {gf(z,2’) : f € Bg}. For each g € G, by the
same techniques used in the proof of Proposition 20, we can verify that
E[g] > 0, |lglloc < 64R? and E[¢?] < 64R2E[g]. Also, it is easy to check
that NV(G,e) < N(B1, 157z)- Thus log (NV(G,€)) < ¢;(16R?*)%~%. Applying
Lemma 18 with a = ¢,(16R%)?, ¢ = B = 64R? we obtain the desired
estimate. O

The estimation for Q; needs the following result.

Proposition 23. Let n, = nt =% with 6 > % and n satisfying the restriction
(9). For any fized f € Bg, we have

~ 2R? 2¢/ 0 1
Ea(fr) — E(f) < =T 4 22 (T(W)(l—") + RT<P+5><1—9>)h‘2p,
n n
(30)

where 0;79 1 a constant independent of R, h, T and will be explicitly given in
the proof.

Proof. By the elementary equality u? = (u/)? + 2u/(u — ) + (u — u')? for
u,u’ € R, we have

&4100,) = €1(i.3) +26(0,9) | (fers () = Fol) = (e (@) = fe(a))]
+ (o) = Filag) — Gine) —f;<xi>>]2
& (i, §) + 26, J)<ft+1 fo, Kay — IZ>K
2
+ ftv - J:2>K
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for each (i,7) pair. Summing up with 7,5 = 1,--- ,m, we have

Elfirn) < E(f) +2(fir = f i)+ 20 i — Fllk,
where we used the notation
B 1 m m B ) )
Wy = W Z th(%])(Kxj - K(xl))
i=1 j=1
and the estimate

n;ii<ft“ - ft,sz — Kl‘>i = <ft+1 - ftaTXX(ft+l - ft)>K

i=1 j=1
< 2| fer1 — fillk-
Note that ftﬂ — ft = —ntflt and let Et = ﬁt — Wt. Then
EuFern) < EaFe) = 20 = me)mel Hel + 2ms (e, Br)
< &(f) — el Hell % + 20l Hell s | Bl

where we used the fact that n < % implies that 1 —m =1 —nt=% > % for all
t > 1. Similar to the estimation (24), but using (27) this time, we obtain

&(i,j)| <242t <4t's" and

||Et||K < 23p+3cpt (1—0)2217-0-1) h_2p.
This together with (29) implies
Eofer1) < Eafo) — mllHellF + 25+ e, Cot P+ D =420 =20, (31)

By the elementary inequality u? < (u/)? + 2u(u — ') for u,u’ € R, we
obtain

§6,9) = (0. 5) + 260, 5) (i = f. Koy = Ka,)
which implies &,(f;) < &,.(f) +2(f: — f, W) k. Then it is easy to check that
Elf) S &) +2(Fi—f.H) —2(fi— f.E)
<&(D+2(fi— £l +2(1Filli + £ 101 el
<

<& +2(fi— 1, Ht>K 4 935 (P (D)



Plugging it into (31), we get
o) < &)+ (20 (o= £ 1) = RIEIE) + Ml )
=&+ (1= £~ Fors = FIR) + Aelh, B
Uz

where

Ag(h, R) = 2743, Cep(t®@TD=0) 4 Ry(p+3)(1=0) ), ~2p
Thus,

e (Ealfirn) = &) < Fe = FIc = 1 Forr = FI +mee(h, R).
Summing over t = 1,--- , T — 1 with f; =0

Zﬁt( ft+1 — & (f))

T-1 T-1

<A = fllFe = I = FlF + D mba(h, R) < | fll3 + Y mde(h, R)
=1 t=1
T-1
<R*+ Z mA¢(h, R).
=1

By (31), it is obvious that &,(fi11) < E(fi)+20+3c,Ct Pt —(p+2)0p=2p,
Thus, for all t < T,

T—1
E(fr) < Ea( o) + 25+ e,Cah2 3 kP20
k=t
= 26+3p¢. Ca
<é&, = PG p-pp(et2)(1-0)
& g

where we have used the fact (p +2)0 — (p + 1) < 1 and the elementary
inequality

S

-1
ks <
1

Tl—s
1—s

, Vs<l (32)

i
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It follows that

) T-1
(&) = &) X m
=1
T-1
- 26+3pc Cgh
< Ea(fe) = Euf) + T TP 9>>
, = 2+, Cah™ o
<R+ Z niAi(h, R) + m T Z Mt (33)
=1 =1
By (32) again we have
T—1 ,
Z neAy(h, R) < Cp,977(T(p+2)(1_6) + RT(p+§)(1—9))h—2p
=1
_ 9643 1 1
where ¢, 9 = 2 pcpCG((p+2)(1_9) + (p+%)(179)). Note that
T—1 T-1 N
n=mnp t §T1 ’
=1 t=1

Plugging these two estimate into (33), we obtain the desired conclusion (30)
2643pc,C O

with ¢, g = ¢y + =0k

Now we can prove the main theorems for the unregularized gradient
descent algorithm.

Proof of Theorem 3. F1X )\ > 0 which will be chosen later. Note that
Il < < VD )\ > . Applying Proposition 23 with f = f\, we obtain

Q< MT{"1 + o (T(p”)(l‘e) + \/D>0)\%T(p+%)(l—9)> B2
n Ui

Applying Proposition 22 with f = fT and R = T%, we know that with
confidence at least 1 — g

4 w1
Q < %S(fT) — E(f*) + 28T % max {10g<5) (mci 1) }

m—1’
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These two estimates together with the estimate of Qs in Proposition 20
imply that, with confidence at least 1 — ¢,

- B—
£t - &) < PN

/
Jr40p,0 (T p+2)(1-0) 4 ﬁDo)\ Lp(pt+3)(1- 9)> B2
n

4 _1
+ o410 hax log(g) % o
m—1"\m-—1

210D N1 log(%)
(m—1)

Choosing A = T-(1~9 with confidence at least 1 — 8, we have

+ 3D \P.

40;79(1+\/50)

where C = max {% + m

+ (21° + 3)Dy + 2 max{1, (c;)® T 3%
This proves the theorem. ]
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