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Abstract Variable selection and dimension reduction are two commonly adopted ap-
proaches for high-dimensional data analysis, but have traditionally been treated separately.
Here we propose an integrated approach, called sparse gradient learning (SGL), for vari-
able selection and dimension reduction via learning the gradients of the prediction function
directly from samples. By imposing a sparsity constraint on the gradients, variable selec-
tion is achieved by selecting variables corresponding to non-zero partial derivatives, and
effective dimensions are extracted based on the eigenvectors of the derived sparse empirical
gradient covariance matrix. An error analysis is given for the convergence of the estimated
gradients to the true ones in both the Euclidean and the manifold setting. We also develop
an efficient forward-backward splitting algorithm to solve the SGL problem, making the
framework practically scalable for medium or large datasets. The utility of SGL for variable
selection and feature extraction is explicitly given and illustrated on artificial data as well as
real-world examples. The main advantages of our method include variable selection for both
linear and nonlinear predictions, effective dimension reduction with sparse loadings, and an
efficient algorithm for large p, small n problems.

Keywords Gradient learning - Variable selection - Effective dimension reduction -
Forward-backward splitting
1 Introduction

Datasets with many variables have become increasingly common in biological and physical
sciences. In biology, it is nowadays a common practice to measure the expression values of
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tens of thousands of genes, genotypes of millions of SNPs, or epigenetic modifications at
tens of millions of DNA sites in one single experiment. Variable selection and dimension
reduction are increasingly viewed as a necessary step in dealing with these high-dimensional
data.

Variable selection aims at selecting a subset of variables most relevant for predicting re-
sponses. Many algorithms have been proposed for variable selection (Guyon and Ellsseeff
2003). They typically fall into two categories: Feature Ranking and Subset Selection. Fea-
ture Ranking scores each variable according to a metric, derived from various correlation
or information theoretic criteria (Guyon and Ellsseeff 2003; Weston et al. 2003; Dhillon et
al. 2003), and eliminates variables below a threshold score. Because Feature Ranking meth-
ods select variables based on individual prediction power, they are ineffective in selecting a
subset of variables that are marginally weak but in combination strong in prediction. Sub-
set Selection aims to overcome this drawback by considering and evaluating the prediction
power of a subset of variables as a group. One popular approach to subset selection is based
on direct object optimization, which formalizes an objective function of variable selection
and selects variables by solving an optimization problem. The objective function often con-
sists of two terms: a data fitting term accounting for prediction accuracy, and a regularization
term controlling the number of selected variables. LASSO proposed by Tibshirani (1996)
and elastic net by Zou and Hastie (2005) are two examples of this type of approach. The
two methods are widely used because of their implementation efficiency (Efron et al. 2004;
Zou and Hastie 2005) and the ability of performing simultaneous variable selection and pre-
diction; however, a linear prediction model is assumed by both methods. The component
smoothing and selection operator method (COSSO) proposed in Lin and Zhang (2006) tries
to overcome this shortcoming by using a functional LASSO penalty. However, COSSO is
based on the framework of smoothing spline ANOVA which is difficult in handling high
dimensional data.

Dimension reduction is another commonly adopted approach in dealing with high-
dimensional data. Rooting in dimension reduction is the common belief that many real-
world high-dimensional data are concentrated on a low-dimensional manifold embedded in
the underlying Euclidean space. Therefore mapping the high-dimensional data into the un-
derlying low-dimensional manifold should be able to improve prediction accuracy, to help
visualize the data, and to construct better statistical models. A number of dimension reduc-
tion methods have been proposed, ranging from principle component analysis to manifold
learning for non-linear settings (Belkin and Niyogi 2003; Zou et al. 2006; Mackey 2009;
Roweis and Saul 2000; Tenenbaum et al. 2000; Donoho and Grimes 2003). However, most
of these dimension reduction methods are unsupervised, and therefore are likely suboptimal
with respect to predicting responses. In supervised settings, most recent work focuses on
finding a subspace S such that the projection of the high dimensional data x onto S captures
the statistical dependency of the response y on x. The space S is called effective dimension
reduction (EDR) space (Xia et al. 2002).

Several methods have been proposed to identify EDR space. The research goes back
to sliced inverse regression (SIR) proposed by Li (1991), where the covariance matrix of
the inverse regression is explored for dimension reduction. The main idea is that if the
conditional distribution p(y|x) concentrates on a subspace S, then the inverse regression
E (x|y) should lie in that same subspace. However, SIR imposes specific modeling assump-
tions on the conditional distribution p(y|x) or the regression E(y|x). These assumptions
hold in particular if the distribution of x is elliptic. In practice, however, we do not nec-
essarily expect that x will follow an elliptic distribution, nor is it easy to assess depar-
tures from ellipticity in a high-dimensional setting. A further limitation of SIR is that it
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yields only a one-dimensional subspace for binary classifications. Other reverse regression
based methods, including principal Hessian directions (pHd, Li 1992), sliced average vari-
ance estimation (SAVE, Cook and Yin 2001) and contour regression (Li et al. 2005), have
been proposed, but they have similar limitations. To address these limitations, Xia et al.
(2002) proposed a method called the (conditional) minimum average variance estimation
(MAVE) to estimate the EDR directions. The assumption underlying MAVE is quite weak
and only a semiparametric model is used. Under the semiparametric model, conditional
covariance is estimated by linear smoothing and EDR directions are then estimated by min-
imizing the derived conditional covariance estimation. In addition, a simple outer product
gradient (OPG) estimator is proposed as an initial estimator. Other related approaches in-
clude methods that estimate the derivative of the regression function (Hristache et al. 2001;
Samarov 1993). Recently, Fukumizu et al. (2009) proposed a new methodology which de-
rives EDR directly from a formulation of EDR in terms of the conditional independence of
x from the response y, given the projection of x on the EDR space. The resulting estimator
is shown to be consistent under weak conditions. However, all these EDR methods cannot
be directly applied to the large p, small n case, where p is the dimension of the underly-
ing Euclidean space in which the data lie, and n is the number of samples. To deal with
the large p, small n case, Mukherjee and co-workers (2006) introduced a gradient learning
method (which will be referred to as GL) for estimating EDR by introducing a Tikhonov
regularization term on the gradient functions. The EDR directions were estimated using the
eigenvectors of the empirical gradient covariance matrix.

Although both variable selection and dimension reduction offer valuable tools for statisti-
cal inference in high-dimensional space and have been prominently researched, few methods
are available for combining them into a single framework where both variable selection and
dimensional reduction can be done. One notable exception is the sparse principle compo-
nent analysis (SPCA), which produces modified principle components with sparse loadings
(Zou et al. 2006). However, SPCA is mainly used for unsupervised linear dimension re-
duction, our focus here is the variable selection and dimension reduction in supervised and
potentially nonlinear settings. To motivate the reason why a combined approach might be
interesting in a supervised setting, consider a microarray gene expression data measured in
both normal and tumor samples. Out of 20,000 genes measured in microarray, only a small
number of genes (e.g. oncogenes) are likely responsible for gene expression changes in tu-
mor cells. Variable selection chooses more relevant genes and dimension reduction further
extracts features based on the subset of selected genes. Taking a combined approach could
potentially improve prediction accuracy by removing irrelevant noisy variables. Addition-
ally, by focusing on a small number of most relevant genes and extracting features among
them, it could also provide a more interpretable and manageable model regarding genes and
biological pathways involved in the carcinogenesis.

In this article, we extend the gradient learning framework introduced by Mukherjee and
co-workers (2006), and propose a sparse gradient learning approach (SGL) for integrated
variable selection and dimension reduction in a supervised setting. The method adopts
a direct object optimization approach to learn the gradient of the underlying prediction
function with respect to variables, and imposes a regularization term to control the spar-
sity of the gradient. The gradient of the prediction function provides a natural interpreta-
tion of the geometric structure of the data (Guyon et al. 2002; Mukherjee and Zhou 2006;
Mukherjee and Wu 2006; Mukherjee et al. 2010). If a variable is irrelevant to the prediction
function, the partial derivative with respect to that variable is zero. Moreover, for non-zeros
partial derivatives, the larger the norm of the partial derivative with respect to a variable is,
the more important the corresponding variable is likely to be for prediction. Thus the norms
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of partial derivatives give us a criterion for the importance of each variable and can be used
for variable selection. Motivated by LASSO, we encourage the sparsity of the gradient by
adding an £' norm based regularization term to the objective vector function. Variable selec-
tion is automatically achieved by selecting variables with non-zero partial derivatives. The
sparse empirical gradient covariance matrix (S-EGCM) constructed based on the learned
sparse gradient reflects the variance of the data conditioned on the response variable. The
eigenvectors of S-EGCM are then used to construct the EDR directions. A major innovation
of our approach is that the variable selection and dimension reduction are achieved within a
single framework. The features constructed by the eigenvectors of S-EGCM are sparse with
non-zero entries corresponding only to selected variables.

The rest of this paper is organized as follows. In Sect. 2, we describe the sparse gradient
learning algorithm for regression, where an automatic variable selection scheme is intro-
duced. The derived sparse gradient is an approximation of the true gradient of regression
function under certain conditions, which we give in Sect. 2.3 and their proofs are delayed
in Sect. 3. We describe variable selection and feature construction using the learned sparse
gradients in Sect. 2.4. As our proposed algorithm is an infinite dimensional minimization
problem, it can not be solved directly. We provide an efficient implementation for solving
it in Sect. 4. In Sect. 4.1, we give a representer theorem, which transfers the infinite dimen-
sional sparse gradient learning problem to a finite dimensional one. In Sect. 4.3, we solve
the transferred finite dimensional minimization problem by a forward-backward splitting al-
gorithm. In Sect. 5, we generalize the sparse gradient learning algorithm to a classification
setting. We illustrate the effectiveness of our gradient-based variable selection and feature
extraction approach in Sect. 6 using both simulated and real-world examples.

2 Sparse gradient learning for regression
2.1 Basic definitions

Let y and x be respectively R-valued and R”-valued random variables. The problem of
regression is to estimate the regression function f,(x) = E(y|x) from a set of observations
Z = {(x;, y)}'_,, where x; := (x/, ..., x")T € R” is an input, and y; € R is the correspond-
ing output.

We assume the data are drawn i.i.d. from a joint distribution p(x, y), and the response
variable y depends only on a few directions in R” as follows

y=f,x)+e=g(b/x,....b x) +e¢, 1

where € is the noise, B = (b;,...,b,) is a p x r orthogonal matrix with » < p, and
E(e|x) = 0 almost surely. We call the r dimensional subspace spanned by {b;};_, the ef-
fective dimension reduction (EDR) space (Xia et al. 2002). For high-dimensional data, we
further assume that B is a sparse matrix with many rows being zero vectors, i.e. the regres-
sion function only depends on a subset of variables in x.

Suppose the regression function f,(x) is differentiable. The gradient of f, with respect
to variables is

) af, \"
pr::(?ﬁ""’m%) ) )
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A quantity of particular interest is the gradient outer product matrix G = (G;;), a p X p

matrix with elements
af, df,
G,‘j = _p.’ _p s (3)
ox' dx/ [,2
X

where py is the marginal distribution of x. As pointed out by Li (1991) and Xia et al.
(2002), under the assumption of the model in Eq. (1), the gradient outer product matrix G
is at most of rank r, and the EDR spaces are spanned by the eigenvectors corresponding
to non-zero eigenvalues of G. This observation has motivated the development of gradient-
based methods for inferring the EDR directions (Xia et al. 2002; Mukherjee and Zhou 2006;
Mukherjee and Wu 2006), and also forms the basis of our approach.

2.2 Regularization framework for sparse gradient learning

The optimization framework for sparse gradient learning includes a data fitting term and
a regularization term. We first describe the data fitting term. Given a set of observations
Z, a commonly used data fitting term for regression is the mean square error nl Yo i —
fo (x;))%. However, because our primary goal is to estimate the gradient of f», we adopts
the framework of local linear regression (Ruppert and Ward 1994), which involves using
a kernel to weight the data points so that only the data points within the neighborhood of
an evaluation point effectively contribute on function estimation. More specifically, we use
the first order Taylor expansion to approximate f, by f,(X) ~ f,(xo) + V f,(Xo) - (X — Xp).
When x; is close to X;, f,(X;) ®y; + V f,(X;) - (X; —X;). Define f:= (f',..., fP), where

fi=09f,/dx/ for j =1, ..., p. The mean square error used in our algorithm is

1 n
E2(0)=— 3 o}y —y; +Ex) - 0 —x)’ @

ij=1

considering Taylor expansion between all pairs of observations. Here o] ; is a weight kernel
function that ensures the locality of the approximation, i.e. @] ; = O when |x; —x;]| is large.
We can use, for example, the Gaussian with standard deviation s as a weight function. Let

o' (x) = exp{— % }. Then the weights are given by
‘ ; x; —xil?
w; ; =" (X; —X;) = exp i yead £ 5)
foralli, j =1,...,n, with parameter s controlling the bandwidth of the weight function. In

this paper, we view s as a parameter and is fixed in implementing our algorithm, although it
is possible to tune s using a greedy algorithm as RODEO in Lafferty and Wasserman (2008).

At first glance, this data fitting term might not appear very meaningful for high-
dimensional data as samples are typically distributed sparsely in a high dimensional space.
However, the term can also be explained in the manifold setting (Mukherjee et al. 2010),
in which case the approximation is well defined as long as the data lying in the low di-
mensional manifold are relatively dense. More specifically, assume X is a d-dimensional
connected compact C* submanifold of R” which is isometrically embedded. Then X is
a metric space with a metric dy and the inclusion map @ : (X, dx) — (R?, || - ||2) is well
defined and continuous (actually it is C*). Note that the empirical data {x;}/_, given in the
Euclidean space R” are images of the points {q;}_, C X under @ : x; = @(q;). Then the
data fitting term (4) can be explained in the manifold setting. From the first order Taylor
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expansion, if q; and q; are close enough, we can expect that y; ~ y; + (Vx f,(q;), vij)q;»
where v;; € Ty, X is the tangent vector such that q; = expy, (vij). However, v;; is not easy
to compute, so we would like to represent the term (Vy f,(q;), vij)q; in the Euclidean space
RP. Suppose x = @(q) and & = Cb(equ(v)) forq e X and v € T¢X. Since @ is an isomet-
ric embedding, i.e. d®q : Ty X > TyR? = R? is an isometry for every q € X, the following
holds

(Vo f (@ v), = 4@ (Vx £ (@), dPy),

where d®q(v) & ¢(expy(v)) — ¢(q) =& — x for v ~ 0. Applying these relations to the
observations Z = {(x;, y;)}7_, and denoting f =d® (Vy f) yields

1 n
£z =— Dol (v — v+ - (x; —x))’. (©6)

i, j=1

This is exactly the same as the one in the Euclidean setting.

Now we turn to the regularization term on V f,,. As discussed above, we impose a sparsity
constraint on the gradient vector f. The motivation for the sparse constraint is based on
the following two considerations: (1) Since most variables are assumed to be irrelevant for
prediction, we expect the partial derivatives of f, with respect to these variables to be zero;
and (2) If variable x/ is important for prediction, we expect the function f, should show
significant variation along x/, and as such the norm of (Z:XL‘; should be large. Thus we will
impose the sparsity constraint on the vector (||%||, ey ||§'-fo;)||)T € R?, where | - || is a
function norm, to regularize the number of non-zeros entries in the vector.

In this work, we specify the function norm || - || to be || - ||, the norm in the reproducing
kernel Hilbert space (RKHS) H associated with a Mercer kernel (-, -) (see Aronszajn
1950 and Sect. 4.1). The sparsity constraint on the gradient norm vector implies that the £,
norm of the vector (|| f'|lx, ..., || f?]lx)” should be small. However, because the £, norm is
difficult to work with during optimization, we instead use the £; norm of the vector (Donoho
1995, 2006; Daubechies et al. 2004; Micchelli and Pontil 2007) as our regularization term

p
2@ =1 _[1F Il @)

j=1

where A is a sparsity regularization parameter. This functional LASSO penalty has been
used in Lin and Zhang (2006) as COSSO penalty. However, our component here is quite
different from theirs, which makes our algorithm useful for high dimensional problems.

The norm || - ||k is widely used in statistical inference and machine learning (see Vapnik
1998). It can ensure each approximated partial derivative f/ € Hy, which in turn imposes
some regularity on each partial derivative. It is possible to replace the hypothesis space HY-
for the vector f in (7) by some other space of vector-valued functions (Micchelli and Pontil
2005) in order to learn the gradients.

Combining the data fidelity term (4) and the regularization term (7), we propose the
following optimization framework, which will be referred as sparse gradient learning, to
learn V f,

N ) L
fomargmin - 3" af (= )0 xR DI e ®
€ ij=1 j=1

@ Springer



Mach Learn (2012) 87:303-355 309

A key difference between our framework and the one in Mukherjee and Zhou (2006) is
that our regularization is based on £¢; norm, while the one in Mukherjee and Zhou (2006)
is based on ridge regularization. The difference may appear minor, but makes a significant
impact on the estimated V f,,. In particular, V f, derived from Eq. (8) is sparse with many
components potentially being zero functions, in contrast to the one derived from Mukherjee
and Zhou (2006), which is comprised of all non-zero functions. The sparsity property is de-
sirable for two primary reasons: (1) In most high-dimensional real-world data, the response
variable is known to depend only on a subset of the variables. Imposing sparsity constraints
can help eliminate noisy variables and thus improve the accuracy for inferring the EDR di-
rections; (2) The resulting gradient vector provides a way to automatically select and rank
relevant variables.

Remark 1 The OPG method introduced by Xia et al. (2002) to learn EDR directions can be
viewed as a special case of the sparse gradient learning, corresponding to the case of setting
K(x,y) =0y, and A = 0 in Eq. (8). Thus the sparse gradient learning can be viewed as an
extension of learning gradient vectors only at observed points by OPG to a vector function
of gradient over the entire space. Note that OPG cannot be directly applied to the data with
p > n since the problem is then underdetermined. Imposing a regularization term as in Eq.
(8) removes such a limitation.

Remark 2 The sparse gradient learning reduces to a special case that is approximately
LASSO (Tibshirani 1996) if we choose K (x,y) = d,,, and additionally require f(x;) to
be invariant for different i (i.e. linearity assumption). Note that LASSO assumes the regres-
sion function is linear, which can be problematic for variable selection when the prediction
function is nonlinear (Efron et al. 2004). The sparse gradient learning makes no linearity
assumption, and can thus be viewed as an extension of LASSO for variable selection with
nonlinear prediction functions.

Remark 3 A related framework is to learn the regression function directly, but impose con-
straints on the sparsity of the gradient as follows

n 14

! 2 f
min — E X)) —yi) +A E —_— 9
felix n = (f( )= ) — | ox! ©)
This framework is however difficult to solve because the regularization term Y 7_, || % Il

is both nonsmooth and inseparable, and the representer theorem introduced later to solve
Eq. (8) cannot be applied here. Note that our primary goal is to select variables and identify
the EDR directions. Thus we focus on learning gradient functions rather than the regression
function itself.

Remark 4 We can also use the regularization term (Zle || £71lc)?, which is more widely
used in literature (Bach 2008). Our framework is equivalent to, with a different choice of A,

n

2
1 ) 2 4 ;
fz :=arg min ———— w (yi—y; +fx) - X —x;)) + A 4 . (10
2= min 2 =y ) - (x5 — X)) (;Ilf ||,<) (10)
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2.3 Error analysis

Next we investigate the statistical performance of the sparse gradient learning with a Gaus-
sian weight in Eq. (5). Throughout the paper on error analysis, we only consider the case
where p is fixed and does not change with n. Assume that the data Z = {(x;, y;)}/_, are
i.i.d. drawn from a joint distribution p, which can be divided into a marginal distribution px
and a conditional distribution p(y|x). Denote f, to be the regression function given by

fo(x) = / ydp(y]x).
Y

We show that under certain conditions, fz — V f, as n — oo for suitable choices of
the parameters A and s that go to zero as n — oo. In order to derive the learning rate for
the algorithm, some regularity conditions on both the marginal distribution and V f,, are
required.

Denote 9 X be the boundary of X and d(x, X)(x € X) be the shortest Euclidean distance
fromxto 0X,i.e., d(X,0X) =infycyx d(X,y). Denote k = sup,.x +/K(X, X).

Theorem 1 Suppose the data Z = {(X;, y;)}I_, are i.i.d. drawn from a joint distribution p
and |y;| < M for all i for a positive constant M. Assume that for some constants c, > 0 and
0 < 6 < 1, the marginal distribution px satisfies

px({xeX:dx,0X) <t}) <c,t (11)
and the density p(X) of px satisfies

supp(x) <c, and |p(xX)—pW|=c,|x— u|9, Yu,x € X. (12)

xeX

Let £z be the estimated gradient function given by Eq. (8) and V f,, be the true gradient of the

)
regression function f,. Suppose that IC € C? and Vi, e HYE.. Choose . = A(n) =n~ pF2+2
1
and s = s(n) =n 2¥2¥2) | Then there exists a constant C > 0 such that for any 0 < n <1

with confidence 1 — n

4 1\ 3(p+2+20)
Itz =l et (1) (13)

Condition (12) means the density of the marginal distribution is H6lder continuous with
exponent 6. Condition (14) specifies the behavior of px near the boundary dX of X. Both
are common assumptions for error analysis. When the boundary 0 X is piecewise smooth,
Eq. (12) implies Eq. (14). Here we want to emphasize that our terminology sparse gradient
for the derived fz comes from this approximation property. Since we treat each component
of the gradient separately in our estimation algorithm, fz does not necessarily satisfy the

2 ¢ 2 ¢
af"z{x/ = a;?iéfxi
these constraints explicitly into the convex optimization framework that we will describe
later.

The convergence rate in Eq. (13) can be greatly improved if we assume that the data are
lying in or near a low dimensional manifold (Ye and Zhou 2008; Mukherjee et al. 2010;
Bickel and Li 2007). In this case, the learning rate in the exponent of 1/n depends only

gradient constraint for all i and j. However, we note that it is possible to add
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on the dimension of the manifold, not the actual dimension of the Euclidean space. The
improved convergence rate for local linear regression under manifold assumption appeared
in Bickel and Li (2007). Here we would like to emphasize that our result is different from
theirs in two points of view. First, our algorithm is different from the one discussed in Bickel
and Li (2007). Second, we focus on the case where the distribution of the predictor variables
is concentrated on a manifold and our criterion of performance is the integral of pointwise
mean error with respect to the underlying distribution of the variables; by contrast, the dis-
cussion in Bickel and Li (2007) is more restrictive by applying only to predictors taking
values in a low dimensional manifold and discussing estimation of the regression function
at a point.

Denote dy be the metric on X and dV be the Riemannian volume measure of X. Let
dX be the boundary of X and dx(x,dX)(x € X) be the shortest distance from x to 9X
on the manifold X. Note that the inclusion map @ : (X, dx) — (R”, || - ||») is an isometric
embedding and the empirical data {x;}?_, are given in the Euclidean space R” which are
images of the points {q;}}_, C X under @ : x; = @(q;). Denote (d@)j; the dual of d®, and
(d®)* maps a p-dimensional vector valued function f to a vector field with (d®)*f(q) =
(dcb):;(f(q)) (Do Carmo and Flaherty 1992).

Theorem 2 Let X be a connected compact C* submanifold of RP which is isometrically
embedded and of dimension d. Suppose the data Z = {(x;, y;)}/_, are i.i.d. drawn from a
Jjoint distribution p defined on X x Y and there exists a positive constant M such that y; < M
Sor all i. Assume that for some constants c, > 0 and 0 < 6 < 1, the marginal distribution
px satisfies

px({xe X 1dx(x,0X) <1t)} <cpt (14)

and the density p(x) = % exists and satisfies

supp(x) <c, and |p(x)—p)|<cydx(x,w)’, VuxeX. (15)

xeX

Let £z be the estimated gradient function given by Eq. (8) and Vx f, be the true gradient of
the regression function f,,. Suppose that K € C*(X x X), fo€ C*(X) and d® (Vy f») € HE..

1
Choose ). = L(n) = n_d+29+29 and s = s(n) =n 2@2+20) , Then there exists a constant C > 0
such that for any 0 < n < 1 with confidence 1 — n

4 (1) a5
Id®)tz — Vx [,z SClOg—<—> . (16)
X n\n

Note that the convergence rate in Theorem 2 is exactly the same as the one in Theo-
rem 1 except that we replaced the Euclidean dimension p by the intrinsic dimension d. The
constraints Vy f, € Hx in Theorem 1 and d®(Vy f,) € HX. are somewhat restrictive, and
extension to mild conditions is possible (Mukherjee et al. 2010). Here we confine ourself to
these conditions in order to avoid introducing more notations and conceptions. The proof of
Theorems 1 and 2 are somewhat complicated and will be given in Sect. 3. The main idea
behind the proof is to simultaneously control the sample error and the approximation error;
see Sect. 3 for details.

Note that the main purpose of our method is for variable selection. If f, depends only on

0

a few coordinates of X, we can further improve the convergence rate to n~ 2WI+2+39) | where

J=JV)=1{j: jXL’j # 0} and |]J| is the number of elements in set J, i.e., the number of
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variables relevant to f, (Bertin and Lecué 2008). Let £ = (f!, f2,..., f7)T and fy be the
concatenation of the loading function vectors indexed by J, that is, fy = (f/) j<y. Similarly,
we define xj = (x/) ¢y and x; j = (xij)jEJ.

Next we show how the improved convergence rate can be derived using the framework
based in (10), which is equivalent to (8) but easier to handle in proving the convergence
results. To derive the results, we will adopt a two-step procedure: (1) we show that (10)
selects, with high probability, only the relevant variables x;, j € J; and (2) using the selected

variables J, we run the following algorithm

2 .
f.5:=arg min Za) yj+fj(xi’j)'(xj"j—xi’j)) —H»ZIIf’H,%, (17)
I el n(n -1, S
to obtain an improved convergence rate that depends only on |J|. We will assume that the
regression function and the distributions satisfy some regularity properties slightly different
from the ones in Theorem 1:

Assumption 1 Assume |y| < M almost surely. Suppose that for some 0 < 6 < 2/3 and
C, > 0, the marginal distribution px satisfies

.o _ 2 40
px({xex: inf m-xi=s])<cle. vs>o0. (18)

and the density p(x) of dpx(X) exists and satisfies

supp(x) <C,, |px) —p)|<Clu—x’, VuxeX. (19)

xeX
Denote V, = [,(p(x))?dx > 0 and Lif = [, Kxf(x)%:)dpx (X). Suppose V f, lies in the

range of L, r > l (.e. 1LV foll12(py) < 00) and has a sparsity pattern J = J(V f,) =
{j: url # 0}. For some C), > 0, f, satisfies

Y

|f(0) = f,(0) = Vf,(0) - (@=x)| < C)lu—x°, VuxeX.

Let By = {fj : |[fy]|x <1} and Ji be the inclusion map from B; to C(X).Let0<n < %
We define the covering number N (Jx.(B;), ) to be the minimal £ € N such that there exists
£ disks in Jx(B;) with radius n covering S. The following Theorem 3 tells us that, with
probability tending to 1, Eq. (10) selects the true set of relevant variables. Theorem 4 shows
the improved convergence rate which only depends on |J| if we use the two-step procedure
to learn gradients. The proofs of Theorems 3 and 4 are postponed to Sect. 3.

Theorem 3 Suppose the data Z = {(x;, y;)}{_, are i.i.d. drawn from a joint distribution p

defined on X x Y. Let £z be defined as (10) andJ={j: fz £ 0}. Choose 1. = Cyy gsP+21,
where C m.0 1 a constant defined in (35). Then under Assumption 1, there exists a con-
stant 0 < s < 1 such that, for all s,n satisfying 0 < s < so and n"sCP++O1/2=r+1-0 >
max{Cpg, ED,@}, where Cp g, 61),9 are two constants defined in Propositions 7 and 9 sepa-

rately, we have J=1J with probability greater than
Sp+2+6

= aN(]’C(B‘)’ 8(k Diam(X))?

) exp{—@ns””},
where C 1 and 52 are two constants independent of n or s.
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Remark 5 The estimation of covering number A (Jx(B)), n) is dependent of the smooth-
ness of the Mercer Kernel K (Cucker and Zhou 2007). If K € C#(X x X) for some
B > 0 and X has piecewise smooth boundary, then there is C > 0 independent of B

3
such that N'(Jx(B)),n) < C(%)zl’/ﬂ. In this case, if we choose s > (1) PF0FR2pG20)

then 1 — N (Je(By), -2

W)exp{—@ns”“} will goes to 1. In particular, if we

B ~ p+2+0 ~
choose s = (;) P05 then 1 — CIN (Je(By), x(xiapiam(x))z)eXp{_C2”5p+4} >1-

C} exp{C}~/n}, where C|, C} are two constants independent of 7.

The following Theorem shows that the convergence rate depends on |J|, instead of p, if
we use the two-step procedure to learn the gradients.

Theorem 4 Suppose the data Z = {(x;, y;)}_, are i.i.d. drawn from a joint distribution
p defined on X x Y. Let £ 5 be defined as in (17). Assume that there exists a > 0 and

Cy > 0 such that In N (Jx (B)), m) < Ca(é)a, Let V5f, = (%)J-é. Under the
same conditions as in Theorem 3, we have

~ ~ )
Prob{lIfz 5 — Vi foll12(y) = €} < Caexp(—CynZW2750€), Ve > 0,
where C3 and Cy4 are two constants independent of n or s.
2.4 Variable selection and effective dimension reduction

Next we describe how to do variable selection and extract EDR directions based on the
learned gradient fz = (f1, ..., fO)T.

As discussed above, because of the /; norm used in the regularization term, we expect
many of the entries in the gradient vector fz be zero functions. Thus, a natural way to select
variables is to identify those entries with non-zeros functions. More specifically, we select
variables based on the following criterion.

Definition 1 Variable selection via sparse gradient learning is to select variables in the set

S={j:IfLlc#0, j=1.....p} (20)

where fz = (fL, ..., f5)7 is the estimated gradient vector.

To select the EDR directions, we focus on the empirical gradient covariance matrix de-
fined below

E= [(fév ;{;)K]Z./:I' b

The inner product {fL, f é) x can be interpreted as the covariance of the gradient functions
between coordinate i and j. The larger the inner product is, the more related the variables
x' and x7 are. Given a unit vector u € R”, the RKHS norm of the directional derivative
|lu-fz|lx can be viewed as a measure of the variation of the data Z along the direction u.
Thus the direction u; representing the largest variation in the data is the vector that maxi-
mizes ||u-fz ||;2c- Notice that

2 i 12 i J T —~
ozl = 1) wi fhllk =Y wi{fL, f2). =u" Zu.
i

)
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So u; is simply the eigenvector of = corresponding to the largest eigenvalue. Similarly, to
construct the second most important direction u,, we maximize |[u - fz || in the orthogonal
complementary space of spanf{u, }. By Courant-Fischer Minimax Theorem (Golub and Van
Loan 1989), u, is the eigenvector corresponding to the second largest eigenvalue of &.
We repeat this procedure to construct other important directions. In summary, the effective
dimension reduction directions are defined according to the following criterion.

Definition 2 The d EDR directions identified by the sparse gradient learning are the eigen-
vectors {uy, ...,uy} of & corresponding to the d largest eigenvalues.

As we mentioned in Sect. 2.1, the EDR space is spanned by the eigenvectors of the
gradient outer product matrix G defined in Eq. (3). However, because the distribution of the
data is unknown, G cannot be calculated explicitly. The above definition provides a way to
approximate the EDR directions based on the empirical gradient covariance matrix.

Because of the sparsity of the estimated gradient functions, matrix = will appear to be
block sparse. Consequently, the identified EDR directions will be sparse as well with non-
zeros entries only at coordinates belonging to the set S. To emphasize the sparse property of
both & and the identified EDR directions, we will refer to & as the sparse empirical gradi-
ent covariance matrix (S-EGCM), and the identified EDR directions as the sparse effective
dimension reduction directions (S-EDRs).

3 Convergence analysis

In this section, we will give the proof of Theorems 1, 2, 3 and 4.

3.1 Convergence analysis in the Euclidean setting

Note that our energy functional in (8) involves an nonsmooth regularization term ), || f .
The method for the convergence analysis used in Mukherjee and Zhou (2006) can no longer
be applied any more since it need explicit form of the solution which is only possible for the
22 regularization. However, we can still simultaneously control a sample or estimation error
term and a regularization or approximation error term which is widely used in statistical
learning theory (Vapnik 1998; Mukherjee and Wu 2006; Zhang 2004).

3.1.1 Comparative analysis

Recall the empirical error for a vector function f:= (f L fP),

1 n
Ex0=— 3 o} (v —y; +0x) - (% —x))’.

ij=1

One can similarly define the expected error

&) :/ / o' x—w)(y—v+fx) - (u— x))zdp(x, y)dp (u, v).
zJz
Denote

o) = / / o' (x—w)(y — f,(x) dp(x. y)dpx (u).
xJz
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Then
£ =20 + f / & —WLF, () — £, + 00 - (u = x)Pdpy (X)dpx (w).
XJX

Note that our goal is to bound the Lf,x differences of f and V f,,. We have the following
comparative theorem to bound the Lf)x differences of f and V f,, in terms of the excess error,

E(F) — 202 using the following comparative theorem.
For r > 0, denote

P
F = :fe He Y Il fr}.
i=1

Theorem 5 Assume px satisfies the condition (11) and (12) and V f,, € H%. For f € F, with
some r > 1, there exists a constant Cy > 0 such that

1
If =V f,llz, = Co <r2s9 +57 s (6O - 203))

p+24+60

The proof of Theorem 5 is given in Appendix A.
3.1.2 Error decomposition

Now we turn to bound the quantity £(fz) — 202. Note that unlike the standard setting of
regression and classification, £z (f) and £(f) are not respectively the empirical and expected
mean of a random variable. This is due to the extra dp(u, v) in the expected error term.
However, since

—1
E-E-(f) = ”Tsm,

Ez(f) and £(f) should be close to each other if the empirical error concentrates with n
increasing. Thus, we can still decompose £(fz) — 202 into a sample error term and an
approximation error term.

Note that 2(f) =1, Il Fille with£= (£, ..., f?), so the minimizer of £(f) + 2(f) in
HZ- depends on A. Let

f, =arg min {£(H) + 2(D}. (22)
feHy.
By a standard decomposition procedure, we have the following result.

Proposition 1 Let
9(2) = (E(fz) — E2(2)) + (E2(F) — E(E))

and

A = inf {£®) — 207 + 2(D}.
feHy.

Then, we have
Efz) — 202 <E(Fz) — 202+ 2(fz) < 9(2) + AQ)

The quantity ¢(Z) is called the sample error and .A(A) is the approximation error.
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3.1.3 Sample error estimation

Note that the sample error ¢(Z) can be bounded by controlling

S(Z,r) =sup |Ez(F) — ED)].

fe 7,

In fact, if both fz and f, are in F, for some r > 0, then
0(2) <28(Z,r). (23)

We use McDiarmid’s inequality in McDiarmid (1989) to bound S(Z,r). Denote k =
sup, .y v/ K (x, x), Diam(X) = maxy yex [X —ul.

Lemma 1 Foreveryr >0,

2
Prob{[S(Z,r) — ES(Z,r)| = €} <2exp (_ T xnl;am(x)r)“ )

Proof Let (x, y) be a sample i.i.d. drawn from the distribution p(x, y). Denote by Z the
sample which coincides with Z except that the i-th entry (x;, y;) is replaced by (x/, y"). It is
easy to verify that

S(Z,r) = S(2/,r) = sup |E2(B) — EB)] — sup [Ez;(F) — £

teF, feF;

4(2n — 1)(M + x Diam(X)r)?

=sup|&z(®) - &z D] =< 3 (24)
fe Fy ! n
Interchange the roles of Z and Z/ gives
8(M + k Diam(X)r)?
IS(Z.r) = S(2]. r)| < SH H K DIAMX)r)”
n
By McDiarmid’s inequality, we obtain the desired estimate. 0

In order to bound S(Z, r) using Lemma 1, we need a bound of ES(Z, r).

Lemma 2 For every r > 0,

11(x Diam(X)r + M)?
7 .

The proof of Lemma 2 is given in Appendix B.
Now we can derive the following proposition by using inequality (23), Lemmas 1 and 2.

ES(Z,r) =

Proposition 2 Assume r > 1. There exists a constant C3 > 0 such that with confidence at
least 1 — 6,

(k Diam(X)r + M)*log

@(2) = Cs N
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Note that in order to use this Proposition, we still need aboundon 2(fz) =1, || f é Ilxc-
We first state a rough bound.

Lemma 3 For every s > 0and A >0, 2(fz) < M>.
Proof The conclusion follows from the fact
Q(fz) <Ez(fz) + 2(Fz) <£2(0) < M°. g

However, using this quantity the bound in Theorem 5 is at least of order O(W)
which tends to oo as s — 0 and L — 0. So a sharper bound is needed. It will be given in
Sect. 3.1.5.
3.1.4 Approximation error estimation
‘We now bound the approximation error A(A).
Proposition 3 [fV f, € HY., then A(L) < C4( + s**P) for some Cy > 0.
Proof By the definition of LA()) and the fact that V f, € HZ,

AG) SE(V f) =207 + 2V f,).

Since

E(Vfp) =20 = / / o' X =w)(f,(x) = f,(w) + V f,(x)(u - x))zdpx(x)dpx(u)
xJx

< (Core, / f o (x — w)|u — x|*dudpx ()
x Jx
< (Cx)c, Mys*™P.
Taking C4 = max{(Cx)?*c, M4, Y7 I(V £,) |}, we get the desired result. O
3.1.5 Convergence rate
Following directly from Propositions 1, 2 and 3, we get
Theorem 6 IfV f, € HY., £z and £, are in F, for some r > 1, then with confidence 1 — §

(M + k Diam(X)r)*log 3 N
Jn

where C, is a constant independent of r, s or A.

Efz) — 207 < c2< sHP 4 A),
In order to apply Theorem 5, we need a sharp bound on 2(fz) : =1, ||f§ llxc-

Lemma 4 Under the assumptions of Theorem 1,
() < C4()» +S4+p),

where Cy is a constant independent of A or s.
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Proof Since E(f)) — 2(752 is non-negative for all f, we have
Q) <EE) — 207 +12(F) = AQ).

This in conjunction with Proposition 3 implies the conclusion. O

Lemma S Under the assumptions of Theorem 1, with confidence at least 1 — §

K Diam(X)M)2 M?log 2 )

2(Fz) < Cs| 1+ s 1
(fz) < 5( +s +<+ . \/ﬁ

for some Cs > 0 independent of s or \.

Proof By the fact £(fz) — 2GS2 > 0 and Proposition 1, we have 2(fz) < %((p(Z) + A(Q)).
Since both fz and f; are in F M2s using Proposition 2, we have with probability at least 1 — 4,

@(2) =Cs

1+ « Diam(X)M 2leog%
Jn

Together with Proposition 3, we obtain the desired estimate with Cs = max{C3, C4}. |
Now we will use Theorems 5 and 6 to prove Theorem 1.

Proof of Theorem I By Theorems 5 and 6, we have with at least probability 1 — 5
. 2 é
C, ((M + « Diam(X)r)~log 5 g +k)},
§PT2+0 Jn

if both fz and f; are in F, for some r > 1. By Lemmas 4 and 5, we can state that both fz
and f; are in F, with probability 1 — % if

||fg — pr”i%X < CO{VZSH + Szfé) +

shtp « Diam(X)M \* M*log 3
A1+ .
A A/n

1 0 .
Choose s = (%) 202420 A = (%) p2+20 we obtain with confidence 1 — §,

1 4([)+%+26)
Itz — pr”L%X = C(;) . 0

3.2 Convergence analysis in the manifold setting

r=max{1+

The convergence analysis in the Manifold setting can be derived in a similar way as the
one in the Euclidean setting. The idea behind the proof for the convergence of the gradient
consists of simultaneously controlling a sample or estimation error term and a regularization
or approximation error term.

As done in the convergence analysis in the Euclidean setting, we first use the excess error,
E(f) — 202, to bound the L2 differences of Vy f, and (d®)*(f).

Recall

{fe?—t Z||f'||,<<r r>0.

@ Springer



Mach Learn (2012) 87:303-355 319

Theorem 7 Assume px satisfies the condition (14) and (15) and Vx f, € C*(X).Forfe F,
with some r > 1, there exist a constant Cy > 0 such that

1
1@y - Vx fy I, =Cy <r2s9 f(ewm- zag))

§d+2+0

Proof It can be directly derived from Lemma B.1 in Mukherjee et al. (2010) by using the
inequality > i, [v; > < (X1, lui])?. O

3.2.1 Excess error estimation

In this subsection, we will bound £(fz) — 203. First, we decompose the excess error into
sample error and approximation error.

Proposition 4 Let f, be defined as (22),

0(2) = (E(2) — E2(F2)) + (E2(F) — E(F))
and

AQ) = inf {E£(®) =207 + 2(D)}.
feHk.

Then, we have

Ef2) — 207 + 2(f2) < 9(2) + AG).
Since the proof of Proposition 2 doesn’t need any structure information of X, it is still
true in the manifold setting. Thus we have the same sample error bound as the one in the

Euclidean setting. What left is to give an estimate for the approximation error .A(A) in the
manifold setting.

Proposition 5 Let X be a connected compact C* submanifold of R? which is isometrically
embedded and of dimension d. If f, € C*(X) and d®(Vx f,) € HY., then

AM) < Co(r+54)
for some Cg > 0.
Proof By the definition of A()) and the fact that d® (Vx f,) € HE,
AR < E(dD(Vx f,)) — 207 + 2(d® (Vx £)).

Note that f, € C?(X) and d® (Vx f,) € Hy.. By Lemma B.2 in Mukherjee et al. (2010), we
have

E(dP(Vx f,)) — 207 < Crs*H,

where C7 is a constant independent of 5. Taking Cs = max{C7, >_"_, [(d® (Vx f,)) Ik}, we
get the desired result. O
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Combining Propositions 4, 2 and 5, we get the estimate for the excess error.
Theorem 8 If d®(Vf,) € HY., £z and f, are in F, for some r > 1, then with confidence
1-34,
(M + k Diam(X)r)? log %
Jn

where Cg is a constant independent of s, )., 8 or r.

Efz) — 207 < C3< + 57T 4 x),

3.2.2 Convergence rate

In order to use Theorems 7 and 8, we need sharp estimations for f’;l 1 dD(Vx o)) Ik
and 37 || f{ lx.. This can be done using the same argument as the one in the Euclidean

setting, we omit the proof here.

Lemma 6 Under the assumptions of Theorem 2, with confidence at least 1 — §,

K Diam(X)M)z M?log2 )

2(F2) < Col A+ s*H 1
(fz) < 9( +s + + 5 «/ﬁ

and
2(f) < Co(r +s*),

where Cy is a constant independent of ) or s.
Now we prove Theorem 2.

Proof of Theorem 2 By the same argument as the one in proving Theorem 1, we can derive
the convergence rate using Theorems 7, 8 and Lemma 6. a

3.3 Proof of Theorems 3 and 4
In order to prove Theorem 3, we need to characterize the solution of (10).

Proposition 6 A vector function f € HY, with sparsity pattern J = J(£) = {j : f/ # 0} is
optimal for problem (10) if and only if

1 " " 1t
nn—1) Z wi,j(yi —Yj +f(x;) - (x; —X,»))(XI;- —Xf)/Cx[ +)‘<j2_1: ||f/||’<> Il F* e =0,

i,j=1

kel, (25)
1 L oo
— Z o} (yi — v + ) - (x; —Xi))(X/; —x{)Ky | < ?\Z (WA (P
nn—D = k=l
kel (26)

The proof of the Proposition can be derived as the same way as Proposition 10 in Bach
(2008), we omit the details here.
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It is easy to see that the problem (10) has a unique solution. If we can construct a solution
f satisfies the two condmons in Proposition 6 with high probability, then Theorem 3 holds.
Let J=J(Vf) ={j: ;ﬁ 0} and f- .y be any minimizer of

1 n ) 2
3 (3 = vj + B0 - (x5 —xi0) + A(Z £ ||;<) .

min 0
i n(n —
fyet ( ) i=1 jel

We extend it by zeros on J¢ and denote it by fz. Then f satisfies (25) by the first optimality
condition for fz j. So we only need to prove that f- satisfies (26) with probability tending
to 1. For this, we construct the following events.

S

~ 1
2, =118z38zy +)an)7anVpr||1c < €||pr||i<},

o

1
20= {25 = Vafyllx < 5 min) =

1~ - 1
2 =1 7 I824V1f, ~ Vil < gnvmm},

1 ~ 1
23 = X”SZ,J(SZ,J + D) (Y5 —SzyVify) < 6||pr ||;<},

24 = {||§Z,J||IC < (KCo My 1 Mye 4 1)s7H20},
where
1
Sza) = o > ol (600 (0 — %)~ Ky VEEELL 28)
i,j=1
~ 1 "
Sz = ey Z o} (By(x) - (X — X)) Kjge — Xigo)Ky,,  VEy € HY, (29
ij=1
1 n
Y=o ,,-Zzl @} ;0 = ) (i = %,.)Kx;. (30)
~ 1 u
Y= —— (v — y)(Xige — X 30) Ky 31
1= oD ,«,,-Zzlw”(y V) (% ge = X;.30) K 31
and D, = le ||f"é I diag(1/||f'{g lc) jey- The main idea of the proof of Theorem 3 is how

to bound the probability of those five sets since the probability of (26) holds can be lower-
bounded by the probability of events £2y, $2;, £2,, £23 and £24.
Note that, on event £2,

. 1. . i, 1. , . ‘
0f,/0x7 llx — 5 min 19f,/0x7 e < Ifz |l < 7 min 19f5/0x7 I+ 110f,/0x llc, Vje€T

holds. Then on the event £2y, D,, is well-defined and satisfies 1 3 Dminl X D)y X 3Dpnax], where

) af, y
Duin =min( >_ | 2221 ) /s, /047
rjyg;({ ’a ; K) l0f,/0x7 lIx
jeJ
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and

af,

ox/

Dy« = max Z
j'el

jel

) [Nof, /07 .
K

In addition,

3V
2

1 Lo
SVl =D IRzl <

j=1

IV £l

Using those notations, we only need to prove that f'zv j satisfies

Szafz5— Yy +AD,f2y =0, (32)

P
ISzafzy — Vyllic <2 I k. (33)

j=1
according to Proposition 6 and the uniqueness of the solution. By the first optimality con-
dition for fz j, the condition (32) holds. We can now put that back into Sz jfz y — Yy and
get
Saifzy— Y =825825+iD)7'Y - 15
=-ASz3Szy+D,) "D, Vyf, +Sz3Vif, — ¥y
+Sz38zy+ D) (V) —SzyVyfp).

Together with the fact that on the event £20, 3|V f,llx < X7_, Iz [Ix < A P

P
20N 2N 2HIZeRC [nsz.sz,J Yl <2 IS IcIZ € 90}
j=1

holds. Therefore,

p
Prob{ ISz 25— Vyllc > 2 ||sz||1<:}

j=1

p
= Prob[ ISzafzy = Vil > 1) _ I IIclZ € :20] Prob{$2o}
j=1

< Prob{£2{[£2o N £24} Prob(£2y N £24) + Prob{ 25 } Prob{£2}
+ Prob{£25|£2y N £24} Prob(£2y N £24). (34)

The following Propositions provide the estimates for probability of those events.

Proposition 7 Ler J = J(V f,) and f‘z, y be any minimizer of (27). Assume Assumption 1
holds. Let ). = Cy.9s?*2%9 where

EM’Q = maX{ZKC;CpMumM”cLZ —+ 2, 12KC;)CPM‘J‘,2M‘JC‘,3/||pr||/C,

(35)

18(KC;)C,DM|J|Y3M|JL'|’2 —+ 1)(K2ClejlylM|JL".] =+ 1) }
Dmin”pr”KI )
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Then there exists a constant 0 < 5o < 1 such that, for all s,n satisfying 0 <s < so and
3~ 1
n"sGrHHOUZ=ITI0 > Cp 4= 4Dy (Diin) ™2 (Chr.0)" " 2Cy , we have

Prob(£20) > 1 — 4exp{—Cyns?**}, (36)
where Cy is a constant independent of n or s.
Proposition 8 Let Z = {z;}]_, be i.i.d. draws from a probability distribution p on Z. Under
Assumption 1,

sp+2+9

Prob{$2,} > 1 _N<J’C(B')’ 8(k Diam(X))?

) exp{—Csns? >0}, (37)
where Cs is a constant independent of n or s.

Proposition? Let Z = {z;}}_, be i.id. draws from a probability distribution p on Z.
Choose A = Cyy 95?20 Under Assumption 1, if

1, ~ 1 ~ \
nrs(2p+4+0)(2 )+p+2+6 > CD,G = 36Dmax(K2CpM\J\,1M\Jf\,1 + I)Cp’r (g DminCM,Q) /”pr ”IC

olw

then there exists a constant Cg, such that
Prob(2{|2 € 20 N 24) < 2exp{—Cg,ns" >},

Proposition 10 Let Z = {z;}]_, be i.i.d. draws from a probability distribution p on Z.

Choose ) = ’CVM.951’+2+9 with GM,Q defined in (35). Then under Assumption 1, there exists a
constant Cg, > 0 such that

Prob(£2;) > 1 — 2exp{—Cg,ns"***}.

Proposition 11 Let Z = {z;}]_, be i.i.d. draws from a probability distribution p on Z.

Choose A = 5M493P+2+9 with E;M,e defined in (35). Then under Assumption 1, there exists a
constant Cg, > 0 such that

Prob(9§|z e 20N 94) < 4€Xp{—C93nsP+2+9}_

Proof of Theorem 3 The result of Theorem 3 follows directly from inequality (34), Propo-
sitions 7, 8,9, 10 and 11. O

Proof of Theorem 4 For any € > 0, we have
Prob{Ifz 5 — V5 /ollL2(py) = €}
=Prob{[If25 — V5 £oll 20y = €[ =T} ProbT =)
+Prob{[If2 5 — V5 £foll 2y, = €T # T} Prob@ # J)
< Prob{[Ifz5 — Vi foll12(py) = €} + Prob@ # J).
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Using Proposition 9 in Mukherjee and Zhou (2006), we have

2]
Prob{[fz 5 — Vy foll 2y = €} < exp(—C, xn T2 €),

where C,  is a constant independent of n or s. Theorem 3 together with the assumption

NNk (B), gprieys) < Ca(L)* implies

. N
Prob(j#J)fClexp{(W> —Cznsp+4}.

§pT2+6

71 .
Choosing s = (%) 2(p+2+9)e+p+9 | the desired result follows. O

4 Algorithm for solving sparse gradient learning

In this section, we describe how to solve the optimization problem in Eq. (8). Our overall
strategy is to first transfer the convex functional from the infinite dimensional to a finite
dimensional space by using the reproducing property of RHKS, and then develop a forward-
backward splitting algorithm to solve the reduced finite dimensional problem.

4.1 From infinite dimensional to finite dimensional optimization

Let £ : R?” x R” — R be continuous, symmetric and positive semidefinite, i.e., for any finite
set of distinct points {Xp, ..., X,} C R?, the matrix [K(x;, x;)]} =1 is positive semidefinite
(Aronszajn 1950). Such a function is called a Mercer kernel. The RKHS Hj associated with
the Mercer kernel K is defined to be the completion of the linear span of the set of functions
{Kx := K(x, -) : x € R"} with the inner product (-, -)x satisfying (K, Ky)xc = K(x, u). The
reproducing property of Hy- states that

(Kx, h)c =h(x) VxeRP heHg. (38)

By the reproducing property (38), we have the following representer theorem, which
states that the solution of (8) exists and lies in the finite dimensional space spanned by
{Kx, }7_,- Hence the sparse gradient learning in Eq. (8) can be converted into a finite dimen-

sional optimization problem. The proof of the theorem is standard and follows the same line
as done in Scholkopf and Smola (2002), Mukherjee and Zhou (2006).

Theorem 9 Given a data set Z, the solution of Eq. (8) exists and takes the following form

=) K& x), (39)

i=1
wherecizeRforj:l,...,pandi:1,...,n.

Proof The existence follows from the convexity of functionals £z (f) and £2(f). Suppose f=
is a minimizer. We can write functions fz € H}, as

fz=1+1,,
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where each element of f} is in the span of {Ky , ..., Ky,} and f are functions in the orthog-
onal complement. The reproducing property yields f(x;) = f; (x;) for all x;. So the functions
f, do not have an effect on £z (f). But ||fz||x = |If; +fL[|x > [fjllx unless f; = 0. This
implies that fz = f};, which leads to the representation of fz in Eq. (39). a

Using Theorem 9, we can transfer the infinite dimensional minimization problem (8)
to an finite dimensional one. Define the matrix Cz := [c¢] Z]p " i-1 € RP*". Therefore,
the optimization problem in (8) has only p x n degrees of freedom and is actually an
optimization problem in terms of a coefficient matrix C := [c¢/ ]p o) € RP*Y Write C
into column vectors as C := (¢y,...,¢,) with ¢; € R? for i = 1,...,n, and into row
vectors as C = (¢',...,¢”)T with c-f eR" for j=1,...,p. Let the kernel matrix be
K = [K(xi, x/)]}, ;—, € R"". After expanding each component f7 of fin (8) as f/(x) =

Yo c;" K(x, Xx;), the objective function in Eq. (8) becomes a function of C as

P(C) =¢Ez(B) + 2(H)

n P n
nl—z Z wf] (yi - +ZZC§I€(X“X2)()€§ —xk ) —|—)\Z Z c; K(xl,xk)ck

i,j=1 k=1 (=1 j=1 i,k=1

= 22&) (y’_yJ+ZIC(X€»X1)(X1_X1 Ce) +)\,Zm

i,j=1

1 & P - A
n2 Z“’L‘Y,.f(yi =¥+ (X —Xi)TCki)2+kZW, (40)
j=1

ij=I
where k; € R” is the i-th column of K, i.e., K = (ky, ..., k,). Then, by Theorem 9,

Cz_arg min @ (C). 41

cRpPxn

4.2 Change of optimization variables

The objective function @(C) in the reduced finite dimensional problem convex is a non-
smooth function. As such, most of the standard convex optimization techniques, such as
gradient descent, Newton’s method, etc, cannot be directly applied. We will instead develop
a forward-backward splitting algorithm to solve the problem. For this purpose, we fist con-
vert the problem into a simpler form by changing the optimization variables.

Note that K is symmetric and positive semidefinite, so its square root K '/2 is also sym-
metric and ositive semidefinite, and can be easily calculated. Denote the i-th column of
K2 by k?, ie., K> = (k}"*,....k)?). Let C = CK'/? and write C = (&, ...,&,) =
@,...,er )T, where ¢; and &/ are the i-th column vector ; and j-th row vector respectively.
Then @ (C) in Eq. (40) can be rewritten as a function of C

v(C) = Zw,, —y; + (x; — x)TCk}?)’ +AZ||cf||2, (42)
i,j=1 j=1
where | - ||, is the Euclidean norm of R”. Thus finding a solution Cz of (41) is equivalent
to identifying
Cz=arg_min ¥(C), (43)
CeRrpxn
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followed by setting Cz = Cz K ~'/2, where K ~'/2 is the (pseudo) inverse of K'/2 when K
is (not) invertible.

Note that the problem we are focusing on is of large p small n, so the computation of K 2
is trivial as it is an n x n matrix. However, if we meet with the case that n is large, we can
still solve (41) by adopting other algorithms such as the one used in Micchelli et al. (2010).

Given matrix C =, the variables selected by the sparse gradient learning as defined in Eq.
(20) is simply

S={j: &2 #0,j=1,....n}. (44)

And similarly, the S-EDR directions can also be directly derived from c =z by noting that the
sparse gradient covariance matrix is equal to

E=CLKC;=CLC:. (45)
4.3 Forward-backward splitting algorithm

Next we propose a forward-backward splitting to solve Eq. (43). The forward-backward
splitting is commonly used to solve the £, related optimization problems in machine learning
(Langford et al. 2009) and image processing (Daubechies et al. 2004; Cai et al. 2008). Our
algorithm is derived from the general formulation described in Combettes and Wajs (2005).

We first split the objective function ¥ into a smooth term and a non-smooth term. Let
Y =Y, + ¥, where

P n
-~ i -~ 1 s C 2
W) =2 &0 and va(C)=— 3 ol (i —y;+; — %) Ck”)"
i=1 ij=1

The forward-backward splitting algorithm works by iteratively updating C. Given a current
estimate C®, the next one is updated according to

CHD = proxyy, (CP — sV (CW)), (46)

where § > 0 is the step size, and prox,y, is a proximity operator defined by
I R ~
proxgy, (D) =arg_min =||D — Cll% + 8% (C), 47)
CER[}XII 2

where || - || 7 is the Frobenius norm of R”*",
To implement the algorithm (46), we need to know both V¥, and proxy, (-). The term
VY, is relatively easy to obtain,

~ 2 & ~
Va0 == > (= v+ x —x) " CkP) (x; —x) (k)" (48)
ij=1

The proximity operator proxsy, is given in the following lemma.

Lemma 7 Let T5(D) = prox,y, (D), where D = (d', ..., d")T with d/ being the j-th row
vector of D. Then

Tis(D) = (15(d"), ..., 115(d”)) ", (49)
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where
, 0, iflld/ [l < A8,
hs(d/) = WL g) 1l > 28 (50)
i 2 :
Proof From (47), one can easily see that the row vectors ¢/, j =1, ..., n, of C are indepen-
dent of each others. Therefore, we have
1 (@7) = arg min + |47 — cl}3 + A3]le] 51)
ceR" 2 2

The energy function in the above minimization problem is strongly convex, hence has
a unique minimizer. Therefore, by the subdifferential calculus (c.f. Hiriart-Urruty and
Lemaréchal 1993), #,5(d”) is the unique solution of the following equation with unknown ¢

0cc—d/ +283(|cl), (52)

where
el ={p:peR*; [ul,—llcl— (w—c)"'p>0, YueR"}

is the subdifferential of the function ||c||,. If ||c||, > O, the function ||¢||, is differentiable,
and its subdifferential contains only its gradient, i.e., d(llcl2) = {;}- If llcll2 = 0, then
a(lcl) ={p:peR* |lull; —u’p >0, Yu € R"}. One can check that 3(||c|l,) ={p:p €
R”; ||p|l> < 1} for this case. Indeed, for any vector p € R" with |[p]> < 1, [ull; —u’p>0
by the Cauchy-Schwartz inequality. On the other hand, if there is an element p of d(]|c||2)
such that ||p||> > 1, then, by setting u = p, we get ||pll —p” p = |Ipll2(1 = |Ipll2) < 0, which
contradicts the definition of d(]|c||;). In summary,

(&), if el > 0, -

a(llell2) = .
{p:peR"|pla=1}, if[ecll2=0.

With (53), we see that #;,5(d”) in (50) is a solution of (52) hence (49) is verified. O

Now, we obtain the following forward-backward splitting algorithm to find the optimal c
in Eq. (41). After choosing a random initialization, we update C iteratively until convergence
according to

DU =CO =B 3Ty, =y + 0 =x) ORI —x) @D
CU+D — T;5(D®FDY.

The iteration alternates between two steps: (1) an empirical error minimization step,
which minimizes the empirical error £z (f) along gradient descent directions; and (2) a vari-
able selection step, implemented by the proximity operator T35 defined in (49). If the norm
of the j-th row of D®, or correspondingly the norm || f/ || of the j-th partial derivative, is
smaller than a threshold A8, the j-th row of D® will be set to 0, i.e., the j-th variable is not
selected. Otherwise, the j-th row of D® will be kept unchanged except to reduce its norm
by the threshold A8.

Since 11/2(5 ) is a quadratic function of the entries of C, the operator norm of its Hes-
sian || V2@, || is a constant. Furthermore, since the function ¥, is coercive, i.e., ||5|| F—> 00
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implies that ¥ (C) — oo, there exists at least one solution of (43). By applying the conver-
gence theory for the forward-backward splitting algorithm in Combettes and Wajs (2005),
we obtain the following theorem.

Theorem 10 If0 < § < \Vz L then the iteration (54) is guaranteed to converge to a solu-

tion of Eq. (43) for any initialization co.

The regularization parameter A controls the sparsity of the optimal solution. When A =0,
no sparsity constraint is imposed, and all variables will be selected. On the other extreme,
when A is sufficiently large, the optimal solution will be C = 0, and correspondingly none
of the variables will be selected. The following theorem provides an upper bound of A above
which no variables will be selected. In practice, we choose A to be a number between 0 and
the upper bound usually through cross-validation.

Theorem 11 Consider the sparse gradient learning in Eq. (43). Let

Amax = Max — (55)

I<k<p n2

Zw,,(yz v (xf = xb )k}

2

Then the optimal solution is C= 0 for all A > Amax, that is, none of the variables will be
selected.

Proof Obviously, if A = oo, the minimizer of Eq. (42) is a p X n zero matrix.
When A < oo, the minimizer of Eq. (42) could also be a p x n zero matrix as long as A
is large enough. Actually, from iteration (54), if we choose C © =0, then

(1)__% - 5 . N %T
b ==z D @k =y —x) (k)

ij=1

and CV = T;5(DD).
Let

"Nl

Zwlj(yl y/ X _X)(k )T

i,j=1

Amax = Max —
I1<k<p 1’12

2

Then for any A > Apax, we have C) =0 »xn Dy the definition of 7;s. By induction, C Ch =
0,., and the algorithm converge to C C® = = 0,,, which is a minimizer of Eq. (42) when

0<é< HV? Ak We get the desired result. ]

Remark 6 In the proof of Theorem 11, we choose C® =0 pxn s the initial value of iteration
(54) for simplicity. Actually, our argument is true for any initial value as long as 0 < § <

since the algorithm converges to the minimizer of Eq. (42) when 0 < § <

_2 _2
N2 2N

Note that the convergence is independent of the choice of the initial value.

It is not the first time to combine an iterative algorithm with a thresholding step to de-
rive solutions with sparsity (see, e.g., Daubechies et al. 2004). However, different from the
previous work, the sparsity we focus here is a block sparsity, that is, the row vectors of
C (corresponding to partial derivatives f/) are zero or nonzero vector-wise. As such, the
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thresholding step in (49) is performed row-vector-wise, not entry-wise as in the usual soft-
thresholding operator (Donoho 1995).

4.4 Matrix size reduction

The iteration in Eq. (54) involves a weighted summation of n> number of p x n matrices
as defined by (x; — x,-)(kil/ 2)T. When the dimension of the data is large, these matrices are
big, and could greatly influence the efficiency of the algorithm. However, if the number of
samples is small, that is, when n < p, we can improve the efficiency of the algorithm by
introducing a transformation to reduce the size of these matrices.

The main motivation is to note that the matrix

—— xn
Mx = (Xl =X, X0 = Xy, o X1 — X, Xy _Xn) eR?

is of low rank when » is small. Suppose the rank of M is ¢, which is no higher than min(n —
1, p).

We use singular value decomposition to matrix My with economy size. That is, My =
UXVT, where U is a p x n unitary matrix, V is n x n unitary matrix, and X =
diag(oy,...,0,,0,...,0) e R"™" Let B = X VT, then

M, =UB. (56)

Denote 8 = (B, ..., B,). Then x; — x; = U(B; — B;). Using these notations, Eq. (54) is
equivalent to

DD = C®O — BUS™. o (y; — yj + (x5 — %) COK) (B — BT -
G+l — Ty5(D*+DY.
Note that now the second term in the right hand side of the first equation in (57) involves
the summation of 7% number of #n x n matrix rather than p x n matrices. More specifically,

~ 1
w} ;i — i+ (X — x;)TCWk?) is a scalar in both (39) and (42). So the first equation
) 1
in (39) involves the summation of n> matrix (x ;i —x)(k? )T which is p x n, while the ones

in (42) are (B; — ﬁ,-)(ki%)T which is n x n. Furthermore, we calculate the first iteration of
Eq. (57) using two steps: (1) we calculate y; — y; + (x; — x,»)TE"(k)kil/2 and storeitinann xn
matrix r; (2) we calculate the first iteration of Eq. (57) using the value r(i, j). These two
strategies greatly improve the efficiency of the algorithm when p >> n. More specifically, we
reduce the update for D* in Eq. (54) of complexity O (n>p) into a problem of complexity
O(n*p +n*). A detailed implementation of the algorithm is shown in Algorithm 1.

Remark 7 Bach update in Eq. (54) involves the summation of n? terms, which could be
inefficient for datasets with large number of samples. A strategy to reduce the number of
computations is to use a truncated weight function, e.g.,

i j : '
J 0, otherwise,

ex (_zux,-—x_,-nz) x; € Nk
o), =1 XP 7 ) X EN (58)

where V¥ = {x; : X; is in the k nearest neighborhood of x;}. This can reduce the number of
summations from n? to kn.
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Algorithm 1 Forward-backward splitting algorithm to solve sparse gradient learning for
regression

InpuNt: data {x;, y;}’_,, kernel K(x,y), weight function »*(x,y), parameters §, A and ma-
trix C©.
Output: the selected variables S and S-EDRs.

1. Compute K, K'/2. Do the singular value decomposition with economy size for the matrix
M, = (X; —X,,...,X, —X,) and get My = UX V7. Denote 8 = (B1,...,B,) =X VT.
Compute Gi; = o} ;(B; — Bk, i=1,....n,j=1,....nand etk =0.

2. While the convergence condition is not true do _

(a) Compute the residual r® = (ri(]]-‘)) € R™" where rl.(jk) =yi—y+x; —x)TCPK?,

(b) Compute g® = %37’ Gy;.

(c) Set D® =C® — §yg® . For the row vectors (d)®, i =1,..., p, of D®, per-
form the variable selection procedure according to (50) to get row vectors (¢')*+D
of C*+D,

i. If [|[(d)®|, < A8, the variable is not selected, and we set (¢/)*+D =0.

ii. If |(d)®], > A8, the variable is selected, and we set

<y kD _ @O =28 oo
@ = 1d)®]l, )"

(d) Update C*+D = (@)®+D_ . @)* D)7 andsetk =k + 1.
end while

3. Variable selection: S = {i : (¢/)**1 #£0}.

4. Feature extraction: let SSEGCM & = C**+D . (C*+))T and compute its eigenvectors via
singular value decomposition of C*™, we get the desired S-EDRs.

5 Sparse gradient learning for classification

In this section, we extend the sparse gradient learning algorithm from regression to classifi-
cation problems. We will also briefly introduce an implementation.

5.1 Defining objective function

Let x and y € {—1, 1} be respectively R”-valued and binary random variables. The prob-
lem of classification is to estimate a classification function f¢(x) from a set of observations
Z = {(x;, y)};, where X; := (x/, ..., x)T € R” is an input, and y; € {1, 1} is the cor-
responding output. A real valued function f g’ : X — R can be used to generate a classifier
Je(x) =sgn(f?(x)), where

1, if f¢(x) >0,
¢ _ 14
sgn(f (%) = {0, otherwise.

Similar to regression, we also define an objective function, including a data fitting term
and a regularization term, to learn the gradient of f ;}’ . For classical binary classification, we
commonly use a convex loss function ¢ () = log(1 4+ ¢~') to learn fg’ and define the data
fitting term to be % Z:.;l & (y; fpd’ (x;)). The usage of loss function ¢ (¢) is mainly motivated
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by the fact that the optimal ff (x) =log[P(y = 1|x)/ P(y = —1|x)], representing the log
odds ratio between the two posterior probabilities. Note that the gradient of f g’ exists under
very mild conditions.

As in the case of regression, we use the first order Taylor expansion to approximate
the classification function f¢ by f¢(x) & f?(x0) + V f¢(Xo) - (X — Xo). When x; is close
to X;, f(x;) ~ FOxi) +f(x;) - (x; — x;), where f£:= (f!,..., fP) with f/ = afy/dx/ for
j=1,...,p,and f°is a new function introduced to approximate f ;7” (x;). The introduction
of f0 is unavoidable since y; is valued —1 or 1 and not a good approximation of f ;,7’ at all.
After considering Taylor expansion between all pairs of samples, we define the following
empirical error term for classification

l n
EL(£01) = — 3 o} (3 (£00x) +E6x0) - (%) = X)), (59)

ij=1

where ;] j is the weight function as in (5).
For the regularization term, we introduce

14
2.8 =Ml + 22 Y 1 k- (60)

i=l

Comparing with the regularization term for regression, we have included an extra term
M O“%c to control the smoothness of the f° function. We use two regularization parame-
ters A and X, for the trade-off between || f||%- and Y7, || £/ [Ix.

Combining the data fidelity term and regularization term, we formulate the sparse gradi-
ent learning for classification as follows

(f2.£2) =arg BB, EL(F0.0) + 2(f°.1). 1)

5.2 Forward-backward splitting for classification

Using representer theorem, the minimizer of the infinite dimensional optimization problem
in Eq. (61) has the following finite dimensional representation

2= wzkxx), () =) ckxx)
i=1

i=1

wherea,-’g,cl{z eRfori=1,...,nand j=1,..., p.
Then using the same technique as in the regression setting, the objective functional in
minimization problem (61) can be reformulated as a finite dimensional convex function of

vector o = (ay, ..., a,)" and matrix C = (¢/)")] j=1- That is,

~ L T Ty 2 T o
V. O)=— 4-21 ) ¢ (v; (ki + (x; = %) CK?)) + Mo’ Kot + 2o Zl 171
ij= j=
Then the corresponding finite dimensional convex

@%,C%)=arg min ¥(O) (62)

aeR"?,CeRP*n

can be solved by the forward-backward splitting algorithm.
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We split & (a, C) = ¥, + ¥, with

V4
W=y @]
j=1

and

1 n 1
V= D0l o0k + (x; —x)"Ck?)) + 1o’ Ka.
i,j=1

Then the forward-backward splitting algorithm for solving (62) becomes

—): v.k.
D — g _ 5(,%2 > e +2A1Kot(k)),
1-exp(y; ((@®)Tk;+(x;—x;)T COK2))
s /2.1
(+1) _ ) SU —} ;v (B =B (63)
D =C 2 ij=1 ’

1
14exp(y; (@®) Tk +(x;—x;)T COk2))
C(k+1) — TA 5(l)(k+1))

) )

where U, g satisfy equation (56) with U being a p x n unitary matrix.

With the derived 62, we can do variable selection and dimension reduction as done for
the regression setting. We omit the details here.

6 Examples

Next we illustrate the effectiveness of variable selection and dimension reduction by sparse
gradient learning algorithm (SGL) on both artificial datasets and a gene expression dataset.
As our method is a kernel-based method, known to be effective for nonlinear problems, we
focus our experiments on nonlinear settings for the artificial datasets, although the method
can be equally well applied to linear problems.

Before we report the detailed results, we would like to mention that our forward-
backward splitting algorithm is very efficient for solving the sparse gradient learning prob-
lem. For the simulation studies, it takes only a few minutes to obtain the results to be de-
scribed next. For the gene expression data involving 7129 variables, it takes less than two
minutes to learn the optimal gradient functions on an Intel Core 2 Duo desktop PC (E7500,
2.93 GHz).

6.1 Simulated data for regression

In this example, we illustrate the utility of sparse gradient learning for variable selection by
comparing it to the popular variable selection method LASSO. We pointed out in Sect. 2
that LASSO, assuming the prediction function is linear, can be viewed as a special case
of sparse gradient learning. Because sparse gradient learning makes no assumption on the
linearity of the prediction function, we expect it to be better equipped than LASSO for
selecting variables with nonlinear responses.

We simulate 100 observations from the model

y=(2)c1 —1)2+x2+x3+x4+x5+e,
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Fig.1 (Color online) Regularization path for SGL and LASSO. Red line represents the variable x 1 blue lines
represent the variables xz, x3, x4, x> and green lines represent noisy variables x6, x7, xg, x9, x10, (a) Hg
norm of each partial derivatives derived by SGL with respect to regularization parameter, where regularization
parameter is scaled to be —log A with base 10. (b) LASSO shrinkage of coefficients with respect to LASSO
parameter ¢

Table 1 Frequencies of 1 o 3 4 5 6 7 3 9 10

. Variable x X X* X X X X b X X
variables x! s x2, .. ,xlo

selected by SGL and LASSO in
100 repeats SGL 78 100 100 100 100 7 4 6 5 2

LASSO 16 100 100 100 100 25 14 13 13 19

where x',i = 1,...,5 are i.i.d. drawn from uniform distribution on [0, 1] and € is drawn
form standard normal distribution with variance 0.05. Let x’,i = 6, ..., 10 be additional five
noisy variables, which are also i.i.d. drawn from uniform distribution on [0, 1]. We assume
the observation dataset is given in the form of Z := {x;, y;}!%, where x; = (x}, x?,..., x/°)
and y; = (2x! — 1)? +x? + x7 + x} + x7 + €. It is easy to see that only the first 5 variables
contribute the value of y.

This is a well-known example as pointed out by B. Turlach (2004) to show the deficiency
of LASSO. As the ten variables are uncorrelated, LASSO will select variables based on
their correlation with the response variable y. However, because (2x! — 1)? is a symmetric
function with respect to symmetric axis x! = % and the variable x! is drawn from a uni-
form distribution on [0, 1], the correlation between x' and y is 0. Consequently, x! will not
be selected by LASSO. Because SGL selects variables based on the norm of the gradient
functions, it has no such a limitation.

To run the SGL algorithm in this example, we use the truncated Gaussian in Eq. (58) with
10 neighbors as our weight function. The bandwidth parameter s is chosen to be half of the
median of the pairwise distances of the sampling points. As the gradients of the regression
function with respect to different variables are all linear, we choose K(x,y) = 1 + Xxy.

Figure 1 shows the variables selected by SGL and LASSO for the same dataset when the
regularization parameter varies. Both methods are able to successfully select the four linear
variables (i.e. x2, ..., x*). However, LASSO failed to select x! and treated x! as if it were
one of five noisy term x°, ..., x'° (Fig. 1(b)). In contrast, SGL is clearly able to differentiate
x! from the group of five noisy variables (Fig. 1(a)).

To summarize how often each variable will be selected, we repeat the simulation 100
times. For each simulation, we choose a regularization parameter so that each algorithm
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returns exactly five variables. Table 1 shows the frequencies of variables x!, x2,..., x!°

selected by SGL and LASSO in 100 repeats. Both methods are able to select the four linear

variables, x2, x3, x*, x°, correctly. But, LASSO fails to select x' and treats it as the same as

the noisy variables x®, x7, x3, x°, x!°. This is in contrast to SGL, which is able to correctly
select x! in 78% of the times, much greater than the frequencies (median 5%) of selecting
the noisy variables. This example illustrates the advantage of SGL for variable selection in

nonlinear settings.
6.2 Simulated data for classification

Next we apply SGL to an artificial dataset that has been commonly used to test the effi-
ciency of dimension reduction methods in the literature. We consider a binary classification
problem in which the sample data are lying in a 200 dimensional space with only the first 2
dimensions being relevant for classification and the remaining variables being noises. More
specifically, we generate 40 samples with half from +1 class and the other half from —1
class. For the samples from +1 class, the first 2-dimensions of the sample data correspond
to points drawn uniformly from a 2-dimensional spherical surface with radius 3. The remain-
ing 198 dimensions are noisy variables with each variable being i.i.d. drawn from Gaussian
distribution N (0, o). That is,

x/ ~N(0,0), forj=3,4,...,200. (64)

For the samples from —1 class, the first 2-dimensions of the sample data correspond to
points drawn uniformly from a 2-dimensional spherical surface with radius 3 x 2.5 and
the remaining 198 dimensions are noisy variables with each variable x/ i.i.d. drawn from
N (0, 0) as (64). Obviously, this data set can be easily separated by a sphere surface if we
project the data to the Euclidean space spanned by the first two dimensions.

In what follows, we illustrate the effectiveness of SGL on this data set for both variable
selection and dimension reduction. In implementing SGL, both the weight function and the
kernel are all chosen to be exp(— %) with s being half of the median of pairwise distance
of the sampling points. A

We generated several datasets with different noise levels by varying o from 0.1 to 3. SGL
correctly selected x' and x? as the important variables for all cases we tested. Furthermore,
SGL also generated two S-EDRs that captured the underlying data structure for all these
cases (Fig. 2). It is important to emphasize that the two S-EDRs generated by SGL are
the only two features the algorithm can possibly obtain, since the derived S-EGCM are
supported on a 2 x 2 matrix. As a result, both of the derived S-EDRs are linear combinations
of the first two variables. By contrast, using the gradient learning method (GL) reported in
Mukherjee et al. (2010), the first two returned dimension reduction directions (called ESFs)
are shown to be able to capture the correct underlying structure only when o < 0.7. In
addition, the derived ESFs are linear combinations of all 200 original variables instead of
only two variables as in S-EDRs. Figure 2(b), (e) shows the training data and the test data
projected on the derived two S-EDRs for a dataset with large noise (o = 3). Comparing to
the data projected on the first two dimensions (Fig. 2(a), (d)), the derived S-EDRs preserves
the structure of the original data. In contrast, the gradient learning algorithm without sparsity
constraint performed much poorer (Fig. 2(c), (f)).

To explain why SGL performed better than GL without sparsity constraint, we plotted the
norms of the derived empirical gradients from both methods in Fig. 3. Note that although the
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Fig. 2 (Color online) Nonlinear classification simulation with o = 3. (a) Training data projected on the first
two dimensions, (b) Training data projected on two S-EDRs derived by SGL. (¢)Training data projected on
first two ESFs derived by GL. (d) Test data projected on the first two dimensions. (e) Test data projected on
two S-EDRs derived by SGL. (f) Test data projected on first two ESFs derived by GL
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Fig. 3 (Color online) Nonlinear classification simulation with o = 3 (continued). (a) RKHS norm of empir-
ical gradient derived by SGL. (b) S-EGCM for first 10 dimension. (c) Eigenvalues of S-EGCM. (d) RKHS
norm of empirical gradient derived by GL, () EGCM for first 10 dimension. (f) Eigenvalues of EGCM
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Table 2 Summary of the Leukemia classification results

Method SGL SGL GL Linear LASSO
(variable selection) (S-EDRs) (ESFs) SVM

Number of 106 1 6 7129 (all) 33

variables or features

Leave one out 0/38 0/38 0/38 3/38 1/38

error (LOO)

Test errors 0/34 0/34 2/34 2/34 1/34

norms of partial derivatives of unimportant variables derived from the method without spar-
sity constraint are small, they are not exactly zero. As a result, all variables contributed and,
consequently, introduced noise to the empirical gradient covariance matrix (Fig. 3(e), (f)).

We also tested LASSO for this artificial data set, and not surprisingly it failed to identify
the right variables in all cases we tested. We omit the details here.

6.3 Leukemia classification

Next we apply SGL to do variable selection and dimension reduction on gene expression
data. A gene expression data typically consists of the expression values of tens of thousands
of mRNAs from a small number of samples as measured by microarrays. Because of the
large number of genes involved, the variable selection step becomes especially important
both for the purpose of generating better prediction models, and also for elucidating biolog-
ical mechanisms underlying the data.

The gene expression data we will use is a widely studied dataset, consisting of the mea-
surements of 7129 genes from 72 acute leukemia samples (Golub et al. 1999). The samples
are labeled with two leukemia types according to the precursor of the tumor cells—one is
called acute lymphoblastic leukemia (ALL), and the other one is called acute myelogenous
leukemia (AML). The two tumor types are difficult to distinguish morphologically, and the
gene expression data is used to build a classifier to classify these two types.

Among 72 samples, 38 are training data and 34 are test data. We coded the type of
leukaemia as a binary response variable y, with 1 and —1 representing ALL and AML
respectively. The variables in the training samples {x;}3%, are normalized to be zero mean
and unit length for each gene. The test data are similarly normalized, but only using the
empirical mean and variance of the training data.

We applied three methods (SGL, GL and LASSO) to the dataset to select variables and
extract the dimension reduction directions. To compare the performance of the three meth-
ods, we used linear SVM to build a classifier based on the variables or features returned by
each method, and evaluated the classification performance using both leave-one-out (LOO)
error on the training data and the testing error. To implement SGL, the bandwidth parameter
s is chosen to be half of the median of the pairwise distances of the sampling points, and
K(x,y) = xy. The regularization parameters for the three methods are all chosen according
to their prediction power measured by leave-one-out error.

Table 2 shows the results of the three methods. We implemented two SVM classifiers
for SGL using either only the variables or the features returned by SGL. Both classifiers
are able to achieve perfect classification for both leave-one-out and testing samples. The
performance of SGL is better than both GL and LASSO, although only slightly. All three
methods performed significantly better than the SVM classifier built directly from the raw
data in terms of LOO error and test error.
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In addition to the differences in prediction performance, we note a few other observa-
tions. First, SGL selects more genes than LASSO, which likely reflects the failure of LASSO
to choose genes with nonlinear relationships with the response variable, as we illustrated in
our first example. Second, The S-EDRs derived by SGL are linear combinations of 106 se-
lected variables rather than all original variables as in the case of ESFs derived by GL. This
is a desirable property since an important goal of the gene expression analysis is to identify
regulatory pathways underlying the data, e.g. those distinguishing the two types of tumors.
By associating only a small number of genes, S-EDRs provide better and more manageable
candidate pathways for further experimental testing.

7 Discussion

Variable selection and dimension reduction are two common strategies for high-dimensional
data analysis. Although many methods have been proposed before for variable selection or
dimension reduction, few methods are currently available for simultaneous variable selec-
tion and dimension reduction. In this work, we described a sparse gradient learning algo-
rithm that integrates automatic variable selection and dimension reduction into the same
optimization framework. The algorithm can be viewed as a generalization of LASSO from
linear to non-linear variable selection, and a generalization of the OPG method for learn-
ing EDR directions from a non-regularized to regularized estimation. We showed that the
integrated framework offers several advantages over the previous methods by using both
simulated and real-world examples.

The SGL method can be refined by using an adaptive weight function rather than a fixed
one as in our current implementation. The weight function oj ; is used to measure the dis-
tance between two sample points. If the data are lying in a lower dimensional space, the
distance would be more accurately captured by using only variables related to the lower
dimensional space rather than all variables. One way to implement this is to calculate the
distance using only selected variables. Note that the forward-backward splitting algorithm
eliminates variables at each step of the iteration. We can thus use an adaptive weight function
that calculates the distances based only on selected variables returned after each iteration.
More specifically, let S® = {i : ||(&)® ||, # 0} represent the variables selected after itera-
tion k. An adaptive approach is to use Y, s (xf - xﬁ.)2 to measure the distance [|x; — X; II?
after iteration k.

An interesting area for future research is to extend SGL for semi-supervised learning.
In many applications, it is often much easier to obtain unlabeled data with a larger sample
size u > n. Most natural (human or animal) learning seems to occur in semi-supervised
settings (Belkin et al. 2006). It is possible to extend SGL for the semi-supervised learning
along several directions. One way is to use the unlabeled data X = {x,»},'.‘i,f 41 to control the
approximate norm of f in some Sobolev spaces and introduce a semi-supervised learning
algorithm as

R 2
Toxip = arg el | n2 ,-,Z=:1 @} (v =y +Ex) - (x; —x)))

n+u
“
tun Z Wi ;i If(x;) —f(xj)||jz(Rp) +A||f||K},

i,j=1
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where |[fllx = Y7, | f'llx, Wi are edge weights in the data adjacency graph, u is an-
other regularization parameter and often satisfies A = o(u). In order to make the algorithm
efficient, we can use truncated weight in implementation as done in Sect. 6.1.

The regularization term Z:’;Zl Wi i If(x;) — f(x j)||j2 &) is mainly motivated by the re-
cent work of Belkin and Niyogi (2006). In that paper, they have introduced a regularization
term Zﬁil Wii(f(xi) — f(x j))2 for semi-supervised regression and classification prob-

lems. The term Zﬁil Wi ; (f(x;) — f(x;))* is well-known to be related to graph Laplacian
operator. It is used to approximate fx e IV f |I>dpx (x), where M is a compact submani-

fold which is the support of marginal distribution px (x), and V . is the gradient of f defined
on M (Do Carmo and Flaherty 1992). Intuitively, fx e WV f I?dpx (x) is a smoothness

penalty corresponding to the probability distribution. The idea behind fxe IV f I>dpx (x)

is that it reflects the intrinsic structure of py (x). Our regularization term Zf’:ril Wi i If(x;) —

f(x_,»)||§2 (&p, 18 & corresponding vector form of Z?jil W ;(f(x;) — f(x;))? in Belkin et al.

(2006). The regularization framework of the SGL for semi-supervised learning can thus be
viewed as a generalization of this previous work.

Appendix A: Proof of Theorem 5

To prove Theorem 5, we need several lemmas which require the notations of the following
quantities. Denote

oM = / / o (x—w)((fx) = V £,(0) (@ — %) *dpy (X)dpx (),
XJX

the border set
X,={xeX:d(x,0X)>sand p(x) > (1 +¢,)s"}
and the moments for 0 < ¢ < oo
12 ~ 12
M, = e 7 |t|4dt, M, = e 7 |t|%dt.
RP iti<1

Note that X is nonempty when s is small enough.

Lemma 8 Under assumptions of Theorem 5,
M, sp+2+e
- 1) = V £,(0)Pdpx () < (D)

X

Proof For x € X, we have d(x,3X) > s and p(x) > (1 +¢,)s’. Thus {ue X : ju — x| <
s)CXandforuefueX:|lu—x| <s}, p(w) = px) — (p(x) — p(w) = (1 +c,)s’ —
cplu—x|? > s%. Therefore,

o) = f / o' (x —w)((fx) — V £,(0)(x — w)’ p(u)dudpy (x)
s /lIx—ull<s
=5 [ [ o w((E0 - V7,00)x - w) dudpyo
Xs ¢ lIx—ull<s
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Denote the i-th entry of a vector x by x'. Then ((f(x) — V fo(X)(x — u))? equals to

23 (- g

For the case i # j, we have

)(f’(X) _ e (x))(x" — i) (! —ud).

. . . . 2 . .
/ o' (x—w)(x" —u')(x/ —u’)du:sf’”/ e itdt=0.
lu—x|<s

[ti<1
Therefore,
2 .
Q(f) > P2+ Z / <f (x) — ) dox®) | e % (i) at
[tj<1
Mzsp+2+9 5
=—— | If®) -V /(X" dpx(x),
p Xq
which yields the desired estimate. ]

Lemma 9 Under the assumption of Theorem 5, we have
O < Ci(s*" + () — 207),
where Cy is a constant independent of s or f.

Proof Denote a; = (f(x) — Vf,(x))(u —x) and a, = f,(x) — f,(w) + V f,(x)(u —x). We
have

o = /X /X o (x — w) (@Y dpx (X)dpy (W)
and
) = /X /X o’ (x —u)(ay + a)*dpx (X)dpx () + 207 .
Note that (a; + a2)?> > (a;)? — 2|a;||az|. Thus

£ — 207> Q) 2 f / o (% — wlay|azldpx (Vdpx ().
XJX

By the fact V f, € Hy. and Lemma 19 in Mukherjee and Wu (2006), there exists a constant
Cx > 0 depending on K and f, such that

las| < Crc|x —ul?.

Together with the assumption p(x) < c,,, we have

/ / o' (x — way | azldpx (Vdpx (0)
XJX

< Q(D( / / wS(X—U)|02|2d,0x(x)dpx(ll)>2
XJX
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1
<Ce/Om (cp | [ ox-wix- U|4dXd,0X(ll)) 2
< Cx/e,Mas™ P2/ (F). (65)
Combining the above arguments, we obtain
Q) — Crey/c, Mus™ "/ QD) < £(F) — 207
This implies the conclusion with C; = 2maX{C,2CcpM4, 1}. a

Proof of Theorem 5 Write
-5 = | 0=V £,00 P9 + [ 100 -9 wPdprco. (66
PX X\ X X

We have
Px(X\X,) < €8 + (14 ¢p)cp | XIs” < (¢, + (1+¢,)e,|X[)s”,
where | X| is the Lebesgue measure of X. So the first term on the right of (66) is bounded by
K+ IV folle)* (co + (1 + cp)ey | X1)s”.
By Lemmas 8 and 9, the second term on the right hand of (66) is bounded by

pC1 1
Mz §pT2+6

(s*P + £ —207).

Combining these two estimates finishes the proof of the claim with

C
Co=r>(L+ IV f,lx)*(c, + (1 +¢,)c, 1X]) + %~
2

This is the end of the proof. O

Appendix B: Proof of Lemma 2

Proof of Lemma 2 Denote £(x, y,u,v) = o*(x —u)(y — v + f(x)(u — x)). Then E(f) =
EuwExnéEX,y,u,v)}and £z () = ,%2 Z?,j:l £(X;, yi,Xj, yj). One can easily check that

1 n
S(Z,r) < sup|E®) — = Y Eqpé(X, y,X;, ¥))
feF; n s
1 n
+sup| = Y EqpE (X, y.X;.y;) — Ez(F)
feF, |1 =
1 n
< SUp E | Ewnf(X. y. 0, 0) — = Y E(X.y.X;, )
feF, n P
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1 ¢ 1
+ =) sup sup |Exp&(X, y,u,v) = —— §(i, yi, u, v)
n Zfefr (u,v)eZ ) n—1 ; IZz;é]
2(n D Z Z E(Xi, yii Xj, y))
j=li#j,i=1
= Sl + S2 + S3.
Lete;,i =1,...,n be independent Rademacher variables. For S, by using the properties of

Rademacher complexities (van der Vaart and Wellner 1996), we have

n

1
By, 0,0) = =3 E(X,y,X;, )

j=1

ESl(Z) E(x)) Sup

<2 sup Esup|—
(X, ))EZ feF, |1

1
Zejw“(x—x,)( —y+ i) - ))2'

X, y)EZ fer, N

4(M+KDiam(X)r)< sup E sup — ! Ze, —y+Ex)(x—x;)) + %)

_ S Diam(X)r + M)?
< NG )

Similarly, we can verify ES,(Z) < . Obviously, S3
bining the estimates for S, S, and S3, we can get the desired estimate

. 2
e Diam -+ ) . Com-

< (M+x Diam(X)r)?
- n

10(c Diam(X)r + M)? (M + Diam(X)r)> _ 11(M + « Diam(X)r)’
Vn n N Vn '

ES(Z,r) <

Appendix C: Proof of Propositions in Sect. 3.3

Firstly, we would like to denote some operators and constants that would be used frequently
in this section.

£ = / / o (x =W (£, (W) — £, () — x3)Kdpx ()dpx (W), ©7)
XJX

= / f o (x =W (£, (W) — f,(0) e — x5 )Kdpx ()dpx (W), (68)
XJX

Ly(fy) = fx fx o (x— w)(E5(%) - (uy — x)) Wy — x)Kndpx Ddpy (). Ve HY, (69

L(fy) = /X /X @ (x —w)(f(X) - (uy — xp)) (Wge — xy0) Kxdpx (X)dpx (), ¥y € HY. (70)

For any d, g € N, denote
_u?
Md,q:/ e” 7 |t|7dt.
R4
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Denote Diam(X) = SUPg, 5yex IX| — X|.

Lemma 10 Let J=J(V f,) and Vy f, = (gxi‘})jd. Under Assumption 1, we have
I£,.c0 — Ly(Vyf)llc <577k C)Cpo My sMigey 2.
Proof According to the definition of f, ; y in (67) and Ly in (69), we have
f,0—LyVif,
— [ [ 0= (£ = 5,09 = V£, 09 (g = x0) 0y = 50)Ksds s ),
Assumption 1 implies
| £ = f,(0 = Vyf,(0) - (uy —xp| < Cylu—x>, Vu,xeX.

Therefore,

05— LyVy/f,ll < C, / f o (x — )y — x5]u — x| KxlLcdox ) dpx (0)
XJX

_\x—u|2
SKC;CP//€ 22" |uy — xy|[u — x|*dxdpx (u)
XJX
SSp+3KC;CpMm_3M‘Jq,2. O

The following Proposition which will be used frequently in this paper can be found in
Mukherjee and Zhou (2006).

Proposition 12 Let Z = {z;}_, be i.i.d. draws from a probability distribution p on Z,
(EL Il - ) be a Hilbert space, and F : Z" +— H be measurable. If there is M > 0 such that
|F(2) — E,(F(2)Il <M for each 1 <i < n and almost every Z € Z", then for every
€e>0

Probzc {

2
|F(2)— Ez(F(2))| > €} < 2exp{—~€7},
2(Me +0?)

where 6% := Y ! SUP 7\ (11 By (| F(2) — E, (F(2))|%).

Lemma 11 Let Z = (z;}}_, be i.i.d. draws from a probability distribution p on Z. Assume
fy e H‘,gl and independent of Z. For any € > 0, we have

62
Prob|{ ISz y(fy) — Ly(fp)llc > €} <2expl ——————1,
{18z 5(fp) — LyEpllx > €} < P{ Z(Ms€+052)}
where My = ¥ OO Milee o 16,64C, My 4 Mgy o1y 12, 2o
Proof Let

1 n
F&)=Sza) = o Do %) - (Xjg = X)) (Xjg = Xi Ky,

nn

ij=1
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By independence, the expected value of F(Z) equals

n(n — 1) ZEZ, ;Ezj i fJ(Xr) (X/J _xtJ))(XjJ —X; J)’Cx,}

1 n
=D E / o' (x; — w) (f(x) - (g — X;.1)) (uy — X; 1)Ky, dpx (W).
i=1 X

It follows that E z F'(Z) = Ly(fy). Now we would apply Proposition 12 to the function F(Z2)
to get our error bound on F(Z) — EzF(Z).Leti € {1, ..., n}, we know that

1
F@) = EF @)= Z o} ; (X - (X735 — Xi0) (K13 — Xi.)Kx,
J

1
+ n—1) Z o] (By(x)) - Ky — %)) (X5 — X Ky,
J#i
\x Xj \2

n(n -1 Z/ fJ(X) (x5 — XJ))(XJ 71— X)) Kxdpx (X)

Ix—x; %

n(n_l)éf T (Fy(x)) - (x5 — X;.0)) (X5 — X, 1)Ky, dpx ().

Note that Diam(X) = supg, . cx |X; —X»|. Therefore, |xy —X; 5| < |x —X;| < Diam(X). For
any x € X, we see that

4(x Diam(X))?
|F(2) - E,(F(2)|, <M= Wnﬁnm.
Furthermore,

1

4 _ el b
(E4IF(2) - E,F(2)%)" < (n’il)2</x(e = K||fJ||OO|x,,J_xJ|2)2dpx(x)>
—

[}

42 JCo My My ol oo =
pVE ], 471 J¢],0 11T 1T oo

Therefore,
5 n 4 17+4
?=>" sup  E,|F(2) - E,(F(@)|r. <02 :=16x*C, My aMiyeiollfs 1%
i—1 2\{z;j}ezn!
The lemma follows directly from Proposition 12. O

Lemma 12 Let Z = (z;}}_, be i.i.d. draws from a probability distribution p on Z. Assume
|yl < M almost surely. Let Yy and £, ; y be defined as in (30) and (67). For any € > 0, we
have

62
Problify 5.y = Yyllx = €} = 2expy =5 ———5 1
rob{[Ify.s.g = Yyl = €} = eXp{ Z(MY€+0§2()}

where My = ¥MPun 6y — 6412 M>C M|J|2M|JL|2—2
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Proof Let

1 S
F(Z)=Yy= noi—1) ”zz:l o (i — y)Xig — X DKy, .

By independence, the expected value of F(Z) equals
1 - s
m ; E, ; Ezjw,-,j()’i =y iy —x;PKx,
1 n
= Ey | & —w(i =)@y — X )Kxdpx W, v).
i=1 X
It follows that Ez F(Z2) =f, ;5.

Now we would apply Proposition 12 to the function F(Z) to get our error bound on
F(Z)—EzF(2).Leti €{1,2,...,n}, we know that

1
F(2) - E,F(2) = oy Y @i =y iy — %, ) Ky, +Ky)
J#

1
- m;/z{w(X—xj)(y—yj)(xJ—Xj,J)(iCerle.,-)dp(X, )

Using |x — x;| < Diam(X) for any x € X, we see that

8k M Diam(X)

I1F(2) = E; F(Z)|lx =My = .

Furthermore, (E,, || F(2) — E,, (F(Z))[|/%)? is bounded by

4 ) 1/2
TR Z{ / (0x —x)) x5 — xy* 2 M) dpx (x)}
i X
8K M / _ i R 2
= — e 52 |X"J—XJ| C,dx
8k M~/ sPt?2
= —— VG MMy
Therefore,
o?=>" sup E,(|F(2) - E,(F(£)|’} < 03 := 64> M>C, My oM s
= P z z =0y = pMy31,2M5¢)0 .
i=1 Z\(Z,‘]GZ"71 n
The lemma follows directly from Proposition 12. d

The following lemma can be easily derived from Theorem 19 in Mukherjee and Zhou
(20006).
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Lemma 13 Suppose Assumption 1 holds. Let 0 < s < min{1, AV P20V I LV, <
00 for some r > 5, then we have for any A > 0,

1Ly + AD 7'y £, Il < C, (P42 ™20,
where C,,, =2(V,(2)"*) " |IL V £l -
Proof of Proposition 7 Note that from Cauchy-Schwarz inequality, we have

(jZJj ||f,-||,c>2 =<

A |2 e )2
OxT {119 £, /9x7 1,2

Il f911%
2 0f,/9xi|lx”

K jes

%

ox/

We consider the unique minimizer fz y of the following cost function, built by replacing
the regularization by its upper bound,

n

1 d
F(fJ)ZmZ( -y ) - (X5 —Xip) +)LZH fp

Z I/ 1I%
A

(71)
Firstly, we would prove that there exists a constant 0 < so < 1 such that for all 0 < s < s,
we have

1 af - ~
PrOb{HfZJ = Vil = 5 min| =25 } <Prob{lifzy = Vifolx =5} (72)
That is, we need to show that for all 0 < s < s, [|[fzy — Vyf,llx < '~ implies
1 af,
Ifz5 = Vifollc < 5 5 min 8x/; i

Consider the cost function defining £z j.

n

~ 1 ) N2
Fty=o— 2=y + By - (xjy = %)+ A(Z If7 ||,<> :
i=1 jel
Denote Cy to be the uniform lower bound on the second derivative of (3 jes Il £71lx)*. Then
for all fy € H',g‘, we have

F(fy) > F®2y) + (£ — f2.5, Vi, F(E2 1)) + Crallfy — £ 5113 (73)

Note that

2
~ . d
F(fy) - F(fy) = A(Z (V& ||,<) -2y ai’;

3 £ 1%
K'jey ||3fp/3xj||zc’

jel jel
~ ; f ( afp ) S
V.iF({fy) —V,.F(f)) =2x J - —2A — _
i Ffy) = V5 F(ty) </Z€J:“f ||z<:> 7l o ax7 || ) 0f,/0x7 Ik
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There exists a constant C}, > 0 such that
IViFEzpllxc =1V F®zp) = Vi FEzy) — (Vi F(Vyfy) = Vi F(Vi ) e
< Cihlifz 5 — Vi, llx.

Together with (73) and the fact |[fz 5 — Vyf,llx < ', for any fy € {fy : [f; — £z 5 =

Vis'=f),
~ ~ - 3
F(t) > F(fz5) — Cpa(s'™?)? 4+ Cpas'™.

of

Choose sy = mln{(g—g) =0 (%mlnje.] ”:u_i'”’C) -7, 1}, then for all s < 59, we would have

F(fj) > F(fz,J)- Hence, we must have all minima inside the ball fy € {fy : |fy — £z jll,c <
+/s1=¢} which implies that

Ifzy —fzjllc <Vs'-9.

Together with the fact that 0 < s < min{sp, 1} and ||fz j — Vy f,[lx <s'~*

, we have

I£25 — Vifolle < If25 — Vifollx + 12y —Fz gl <s'7 + /510
af,,

1-6 L
<2 s—f—mmaj
by

2 jel

K

Therefore, the inequality (72) holds.
Now we would prove that there exists constants Cy such that

Prob{[Ifzy — Vy follx = s' 77} < 2exp{—Cyns’*?}. (74)
Since (71) is a regularized least-square problem, we have
f23=(Szy+D)'Yy, (75)

where D = (Y, .y 122 [|xc) diag(1/[13f,/3x7 ) jey. Let

. af, ”
Dinin =5,r,1é1}<2 Ki K)/Ilafp/axf Il

jel

and

af, y
Dinax =I}12;<(Z Pyl K)/Ilafp/axf llxc-

jel
Then D is upperbounded and lowerbounded, as an auto-adjoint operator on Hj, by strictly

positive constants times the identity operator, that is, DyaxI > D > Dy, 1. Note that f'zq J—
Vifp=8z5+ D)"Yy —LyVyf,) + (Szy+ D) 'LyVyf, — Vyf,. Hence

Prob{Ifzy — Vy follx = 5"}

1
< PrOb{”YJ —LiVifollic = Esl‘f’x}
1
+Pr0b{ [Szy+ D) 'LyVyf, = Vif,| . = Esl—"}. (76)
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Choosing A = Cy; 45”2 and using Lemma 10, we have
[
Prob | Yy — LyVyfllc > 75 A
[
<Prob |IYy —f,5llx > 7 A=, s3 —LyVifolx

< PI‘Ob{ ||YJ - fp,s,.]”lC > Sp+3}

S2p+6

o expl—Cynst, 77
Z(Mysp+3+0'y)}_exp{ v} 77

fexp{—

_ 1
where Cy = o XT3MC, My 2y o On the other hand,

(Szg+ D) 'LyVy f, — Vi f,
={Szy+rD)"" = Ly + D) " }L;V; £, + (Ly + AD) 'ADV, £,,.

Since (Sz y+AD)™' — (Ly+AD)"' =(Sz 5 +AD)"'(Ly — Sz y)(Ly + AD)~!, we have
1
{Sza+2D)7" = Wy +2D) Vs fy | = ZILaVa Sy = SzaVa ol

Together with Lemma 13 and the fact n” s @PH4+0U/2=N+1=0 4D - (Dpin) ™~ 3 (EM,g)’_% C
we have

purs

1
Prob{ |Sz5+4D) "' LyVyf, = Vifo| . = ESH}
1 e
=< PI'Ob{ ”LJVJf,D - SZ,JVpr”K > E)‘-Sl_g - Dmaxcp,r(Dmin)r_%)\()‘-sp+2) l/zn—r}
1 1-6
< Proby [ILyVy fy =Sz 3Vifollc = il £

Then using Lemma 11, we can easily get

sl_e} SZexp{—Esnsp+4}, (78)

N =

Prob{ |Sz4+ D) LyVyf, = Vifo| o =

where
~ (Cup)?
T 32((k Diam(X))2[IV £, e Caro + 1664 C, Mgy aMige  olIV £,112)

Combining (76), (77) and (78), we get (74) by letting Cy = min{Cy, 55}. Together with
(72), we get the desired result. O

Lemma 14 Let Z = {z;}}_, be i.i.d. draws from a probability distribution p on Z. Assume
fy e ]HI‘,%| and independent of Z. For any € > 0, we have

~ ~ €2
Probi ||Sz j(£y) — Ly(t >er<expl——=——1,
{ISz.yy) =Lyl = €} < P{ 2(Ms€+552)}
~ - 2 D
where My = *PA Ml 4 52 = 1614 C My 2 Mge 2 I 12 2
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Proof Let

F(Z.1y) =Sz = ~ ( Z of (B (%) - (X5 — Xi 1)) (K30 — Xi.3) K, -

i,j=1
By independence, the expected value of F(Z, fy) equals

n(n_l)z ;jE o} (B (%) - (%5 — Xi.0)) (.30 — Xi30)Ky, }

1 n
= Z E, / o' (x; —w) (fy(x;) - (uy — x;.)) (e — X; jo) Ky, dpx (u).
i=1 X

It follows that Ez F(Z,£)) = L j(£y). Now we would apply Proposition 12 to the function
F(Z,f)) to get our error bound on F(Z,fy) — EzF(Z,fj). Leti € {1, ..., n}, we know that

F(Z’f.]) - EZ,'F(vaJ)

m Zw, B - (%55 = X00) (X0 — Xi30)Kox

+ m ]X:wf, (B (x)) - (X550 — X1.3)) (X ge — X; 3o ) Kx;

Ix—x;

n(n —1) Z/ (B0 (%10~ %) (e — X1 Kndpx (9

Ix—x;

n(n_l)%‘/ e (Fy(x)) - (x5 — X)) (Xpe — X3 ) Ky, dpx (X).

Note that Diam(X) = supg, g, cx X1 — X2|. Therefore, max{|xy — x; j|, [Xye — X ye[) < |x —
x| < Diam(X). For any x € X, we see that

: 2
H F(Z, fJ) _ Ez,- (F(Z, fJ)) ”)C < MS _ 4(K Dlam(X)) ”fJ”oo )

n

Furthermore,

1/2
(E, | F(Z,8y) — E, F(Z,f)]%)"

1
4K ,w 2 2
= (/ (e” 27 kllfylloolxjy — XylIX; 3o — Xpe|) "dpx (X)
j# X

gai+2
K\/CoMyy), 2M\szllleloo
Therefore,
) n Nan:
o?=>" sup E,|IF(Z.6y)—E, (F(Z.f)l} <52 :=16k*C, My s Mige o lIf 1%,
i=1 Z\lzi}ezn~!
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According to Proposition 12, for any € > 0, we have

2

~ ~ €
Prob{[[S5 5 (F) — Ly () [ x > €} < expd ——— ,
rob{[|Sz,y(fy) J(J)”IC_G}_CXP{ 2(Ms€+552)}

4(x Diam(X))? [Ify | ~2 4 2 sPH
% and Us = 16k CPM‘_]|Y2M|_]<"_2||fJ||OOS . D

n

where ]VIS =

Note that B; = {fj : ||fj]lx < 1} and J be the inclusion map from B; to C(X). Let
O0<n< % The covering number N (Jx (B1), n) is the minimal ¢ € N such that there exists
£ disks in Jx(B;) with radius n covering S.

Proposition 13 Let Z = (z;}"_, be i.i.d. draws from a probability distribution p on Z. For
any € > 0, we have

~ . € €2
Prob{||Sz j — L 1-— J(B1)y ——————— ——= (>
rob{[ISzy — Lyllx <€} > N( x(B1) 8(KD1am(X))2)eXp{ S(Mse+2§§)}

= i 2 ~2 +4 .
where Mg = M and 65 = 16K4C/,M|J|,2M|Jc|,2%. In particular,

Sp+2+9

Prob{[Sz; — L pHAOY > 1 Ji(By), —————————
rob{[Sz5 — Lyllx <s }=1-N{Jc(B) 8(c Diam(X))?

>exp{—ans”+2+9},

(79)
where Cs = 1/(16(k Diam(X))* + 256K4CpMm.2Muq,2).

Proof (1) Let N = N'(Jx(By), m). Note that B; is dense in Jx(Bjp), there ex-

ists fy ; € H‘,g‘,j =1,..., N such that disks D; center at fj ; with radius m cover

Jic(By). It is easy to see that, for any f; € D; N H‘,g‘, we have
S ~ ~ ~ . 2 €
I1S2.5(fy) — Ly(fy) — Sz y(fy ;) + Ly(Ey ;) <2(k Diam(X))"[[fy — £y ;oo < 3
Since this holds for all fy € D; N HY' we get

~ ~ ~ ~ €
sup ISz 3y —LyEpllc=e = Sz 5y ;) —LyEy )llc > 5
fJGDjﬂH‘)@

We conclude that, for j =1,..., N,

~ ~ ~ ~ €

Proby sup [Sz j(fy) —LyEpllc > 6} < PrOb{ 1Szy(fy;) — LyE5 DIk = = }

13| 2
fJGDjﬂH,C

Note that By = {fy : [[fy|,c < 1} = (D, NHYH) U--- U (Dy NHY), we have

Prob{ sup 11825t — Lytlic = e

Ifylic=1

N
sZProb{ sup ||SZ,J<fJ>—LJ<fJ>||Kze}.
j=1

tyeD;nHLY
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Together with Lemma 14, we have

~ ~ € €?
Prob{||Szy—L >1=-2N|Jc(B), ——— ———— 1,
rob{[|Sz.y — Lyllc <€} = N( i (B1) 8(/<D1am(X))2>eXp{ 8(1\_456—1-25:)}

= ia 2 ~2 +4 .
where Ms = M and oy = 16K4C/,M‘J"2M‘Jc‘,zspn . Lettlng € = Sp+2+€, (79) fol-

lows directly. 0

Proof of Proposition 8 It is easy to see that |Ly(f))|x < Iy [x < lfllcox — wluy —
Xjy|luge — Xy¢| p(xX)dxdp(u). Using the fact that o (x)|xy||Xyc| = @ (—X)| — Xj|| — Xj¢| and
Ip(x) — p(w)| <C,|x — u|’, we have

T 2 246
ILyllc < &>CoMiy i Migep 187740

Note that [[Sz,5 ~Lyllx = 2.yl — Lyl . The inequality 1Sz sllx = (e>C, M1 Miyey1+
1)sP+2+0 implies ||Sz y — Lyllx > s7+2%. Together with (79), we have

Prob(£25) < Prob{[|Szy — Lyl = s>}
SP+2+9

G

) exp{—Csns” 7}
The desired result follows by using Prob(§2) =1 — Prob(£24). O

Proof of Proposition 9 On the event §2(, we have %Dmml <D, <X3DI. Therefore,

1Sz, + D) "' D, Vy £, llx

1 —1
< 3l)max (SZ,J + gDmin)\1> Vpr
K
1 ! 1 !
< 3l)max (SZ,J + gDmin)\1> Vpr - <LJ + gDmin)‘«I) Vpr
K
1 -1
+ 3Dmax <LJ + gDmin)\1> Vpr
K
27 Dimag 9Dnax 1 1
< L;—S \Y% L YN | — DpinAV
=D Ly =Sz Vyfolic + Do 1+ 3 3 1fo .

Together with Lemma 13, on the event £2p N £24,

ISz3(Szy+AD,)"'D,Vy £, lIx
< ISz 3llxl(Sz 5+ AD,)"'D,V; £, lIxc
27Dmax(K2CpM|J"1M‘J0|11 =+ 1)Sp+2+6
= D2. )2

min

Ly =Sz Viyfplic

L1
9D ax 1 ™2 _r
a (KZCleJ\,lM\JCI.l + I)Cp,r(gDmin}\SlH'Z) n'.

min A

+
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If 0/ s@PHHOG4P240 > Ep o then [|S2.5(Sz.g + AD) DLV folle = LIV L,k im-
plies

V5 follxc D2, Coy

LyVyf, —Sz,V. > e Pt
|| J pr Z.,]J pr”lc = 324Dmax(KszM\J\,lM\JC\,l T 1)
Therefore,
Prob (2|2 € 20 N £24) < Prob{IILyVyf, —Sz3Vyfolix = Cpps” "} (80)

3 2 /2
IVyfollc DinCir.o
324 Diax (K2 Cp My 1 Mige) 1 +1)

where Cp ., = Together with Lemma 11, we get the desired result

by letting

Ca, = C} .,/ B Diam(X))V f,llooCopoap + 32 C, My aMiye oIV £, 2. O

Lemma 15 Let Z = {z;}}_, be i.i.d. draws from a probability distribution p on Z. Assume
fy e H‘,gl and independent of Z. For any € > 0, we have

~ ~ ~ ~ 52
Probi ||S fy)) =Yy — (Lyy) — £, >er <2exp{———=——7"1¢,
{ISz.y(Ey) — Yy — (Ly(y) —£,55)lIc = €} P{ 2(M56+052)}
where
. 4(k Diam(X))?
Mg = T(ZM + 1Ifyllo0)
and
~2 2 e A /—25")Jr4
O’s :(K CPM‘JLzM‘Jc‘,z”fJ”oo+2MIC CpM‘JL‘"z) T
Proof Let

l n
D Dl i =y B - (X — X)Xy — X ) K,
n(n ) =]

F(2) =8z, - ¥y =
By independence, the expected value of F(Z) equals

1 < ,
2D Zl: E, ; E, {wf,,-()’i =y ) - (X — Xi)) (X e — Xi30) Ky, |
l « s
= - D Eu [ o' —w (= v+ %) - (g — Xip) (e = X 3) K dp (W, v).
i=1 z
It follows that Ez F(Z) = Ly(f;) — ~p,S. 7- Now we would apply Proposition 12 to the func-
tion F(Z) to get our error bound on F(Z) — EzF(Z).Leti € {1, ...,n}, we know that

F(Z) — E, F(Z)

1 :
= nin—1) Zw?,j(yi =+ - (x5 — Xi.J))(Xj,Jc —X; 3o ) Ky,
J#
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n(n ni—1) 4 Zw, S =y ) - Xy = Xi9)) (X ge — Xigo) Ky,

\xx|2

n(n — 1) Z/ 232 y Yj +f;(x) - (X/J _XJ))(X/JC —x30)Kxdp (X, y)

\xx

n(n - ;/ 2 (y =y + X)) - (X —X; ) (Xpe — x; 30 )Kx; dp (X, ).

Note that Diam(X) = supg, ,cx X1 — Xa|. Therefore, max{|xy — x; j|, [Xje — X ye[} < |x —
X;| < Diam(X). For any x € X, we see that

~ 4(k Di X))?
|F(2) - E, (F®)|, <M= W@M 1y ll).

Furthermore,

(E4IIF(2) — E,F(2)%)"
5

4 _bex? )
=— (/ (727 @M +«lfylloclXjg — X5 D)X ge — Xpe]) dpx(X))
X

P
5+1

N
< (KZ‘/ CpM‘_]|,2M|J<-‘,2||f_]||OO + 2MK\/ CpM‘Jc‘,z)

Therefore,
n )
=" sup  E,||F(8) - E,(F(@)|
i=1 2\lzi}ezn—!
) 2 Sp+2
= (K VEC My 2Mige2llfylloc +2Micy/ CpM\JC|,2> -
The lemma follows directly from Proposition 12. ]

Proof of Proposition 10 According to the definition of f},,x, y in (68) and EJ in (70), we have
£, —LyVif,
— [ [ 0= (£ = £, = V£ 0+ g = x0) e = 30 e dpxw.
Assumption 1 implies

£, (@) = f,(®) = Vi f,(®) - (g —xp)| <C)lu—x[°, Vu,x€X.

Hence,

ps —LaVifyl < C, / / o (x — wluge — xpelJu — XL Ky lledpx (90 dpx ()

|x— u\z
<«C,C // 22 |uge — Xpe|[u — x|2dxdpx (u)

<" CCoMiy 2 Mye, 5.
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Note that | ¥y — Sz 3Vy f,ll < If,.0 — LyVifoll + 1Yy —Sz3Vyfo — Eosg — LyVi o).
Choose A = Cy.g5”+**?, we have

Prob(25) < Prob{[|¥y — Sz 3V fy — (Bysq — LyVy fo)llx = 72k CLCo My 2 Myge; 3}
(81)

The desired result follows directly from Lemma 15. a

Proof of Proposition 11 On the event §2, we have %Dminl <D, <X 3Dy.I. Therefore,

3
S 1Yy = SzV ok

min

Szy+ D)~ (Yy =Sz Vi)l <
On the event £2¢ N £24, we have

ISz 35Sz + D)~ Yy —SzyV 1)l
<18z 3lkllSz3+ D) (Y5 =Sz yV )l

- 3(k*Cy My Mye ) + 1)s
- Dmin)"

PENYy =Sz 3V follkc.
Note that |[Yy — Sz 3V fullc <1Y5—=Sz3Vf, + LyVyfo —Losillc + 1LV — 5 5llk-
Choosing A = Cjy.9s”*?+% with Cj ¢ in (35) and using Lemma 10, we have

Prob(£25|Z € 20 N £24)

< Prob{||¥y = SzyV £, + LyVyf, — £, 5yl = s77217)

p+2+6

< Prob{ 1Yy —fosallc >

p+246
} +Pr0b[ ILyVyfp =SzaV ol = }

Together with Lemmas 11 and 12, we get the desired result. O

Acknowledgements This work was partially supported by a grant from National Science Foundation grant
and a grant from University of California.

References

Aronszajn, N. (1950). Theory of reproducing kernels. Transactions of the American Mathematical Society,
68, 337-404.

Bach, F. R. (2008). Consistency of the group Lasso and multiple kernel learning. The Journal of Machine
Learning Research, 9, 1179-1225.

Belkin, M., & Niyogi, P. (2003). Laplacian eigenmaps for dimensionality reduction and data representation.
Neural Computation, 15(6), 1373-1396.

Belkin, M., Niyogi, P, & Sindhwani, V. (2006). Manifold regularization: a geometric framework for learning
from labeled and unlabeled examples. Journal of Machine Learning Research, 7, 2434.

Bertin, K., & Lecué, K. (2008). Selection of variables and dimension reduction in high-dimensional non-
parametric regression. Electronic Journal of Statistics, 2, 1224-1241.

Bickel, P, & Li, B. (2007). Local polynomial regression on unknown manifolds. In IMS lecture notes-
monograph series: Vol. 54. Complex datasets and inverse problems: tomography, networks and beyond,
(177-186).

Cai, J. F,, Chan, R. H., & Shen, Z. (2008). A framelet-based image inpainting algorithm. Applied and Com-
putational Harmonic Analysis, 24(2), 131-149.

@ Springer



354 Mach Learn (2012) 87:303-355

Combettes, P. L., & Wajs, V. R. (2005). Signal recovery by proximal forward-backward splitting. Multiscale
Modeling & Simulation, 4(4), 1168-1200 (electronic). doi:10.1137/050626090.

Cook, R. D. & Yin, X. (2001). Dimension reduction and visualization in discriminant analysis. Australian &
New Zealand Journal of Statistics, 43(2), 147-199. doi: 10.1111/1467-842X.00164 With a discussion by
A. H. Welsh, Trevor Hastie, Mu Zhu, S. J. Sheather, J. W. McKean, Xuming He and Wing-Kam Fung
and a rejoinder by the authors.

Cucker, F., & Zhou, D. X. (2007). Learning theory: an approximation theory viewpoint (Vol. 24). Cambridge:
Cambridge Univ Press.

Daubechies, I., Defrise, M., & De Mol, C. (2004). An iterative thresholding algorithm for linear inverse
problems with a sparsity constraint. Communications on Pure and Applied Mathematics, 57(11), 1413—
1457. doi:10.1002/cpa.20042

Dhillon, I. S., Mallela, S., & Kumar, R. (2003). A divisive information theoretic feature clustering algorithm
for text classification. Journal of Machine Learning Research, 3, 1265-1287.

Do Carmo, M., & Flaherty, F. (1992). Riemannian geometry. Basel: Birkhauser.

Donoho, D. L. (1995). De-noising by soft-thresholding. IEEE Transactions on Information Theory, 41(3),
613-627.

Donoho, D. L. (2006). Compressed sensing. IEEE Transactions on Information Theory, 52(4), 1289-1306.

Donoho, D., & Grimes, C. (2003). Hessian eigenmaps: locally linear embedding techniques for high-
dimensional data. Proceedings of the National Academy of Sciences, 100(10), 5591-5596.

Efron, B., Hastie, T., Johnstone, I., & Tibshirani, R. (2004). Least angle regression. Annals of Statistics, 32(2),
407-499 with discussion, and a rejoinder by the authors.

Fukumizu, K., Bach, F. R., & Jordan, M. 1. (2009). Kernel dimension reduction in regression. Annals of
Statistics, 37(4), 1871-1905. doi:10.1214/08-A0S637

Golub, G. H., & Van Loan, C. F. (1989). Matrix computations. Baltimore: Johns Hopkins University Press.

Golub, T. R., Slonim, D. K., Tamayo, P., Huard, C., Gaasenbeek, M., Mesirov, J. P., Coller, H., Loh, M. L.,
Downing, J. R., Caligiuri, M. A., Bloomfield, C. D., & Lander, E. S. (1999). Molecular classification of
cancer: class discovery and class prediction by gene expression monitoring. Science, 286(5439), 531—
537.

Guyon, ., Weston, J., Barnhill, S., & Vapnik, V. (2002). Gene selection for cancer classification using support
vector machines. Machine Learning, 46(1), 389-422.

Guyon, 1., & Ellsseeff, A. (2003). An introduction to variable and feature selection. Journal of Machine
Learning Research, 3, 1157-1182.

Hiriart-Urruty, J., & Lemaréchal, C. (1993). Convex analysis and minimization algorithms. Berlin: Springer.

Hristache, M., Juditsky, A., & Spokoiny, V. (2001). Structure adaptive approach for dimension reduction.
Annals of Statistics, 29(6), 1537-1566.

Lafferty, J., & Wasserman, L. (2008). Rodeo: sparse, greedy nonparametric regression. Annals of Statistics,
36(1), 28-63. doi:10.1214/009053607000000811

Langford, J., Li, L., & Zhang, T. (2009). Sparse online learning via truncated gradient. In D. Koller, D. Schu-
urmans, Y. Bengio, L. Bottou (Eds.) Advances in neural information processing systems (Vol. 21, pp.
905-912). Cambridge: MIT

Li, K. C. (1991). Sliced inverse regression for dimension reduction. Journal of the American Statistical As-
sociation, 86(414), 316-342 with discussion and a rejoinder by the author.

Li, K. C. (1992). On principal Hessian directions for data visualization and dimension reduction: another
application of Stein’s lemma. Journal of the American Statistical Association, 87(420), 1025-1039.

Li, B., Zha, H., & Chiaromonte, F. (2005) Contour regression: a general approach to dimension reduction.
Ann Statist pp 1580-1616.

Lin, Y., & Zhang, H. H. (2006). Component selection and smoothing in multivariate nonparametric regres-
sion. Annals of Statistics, 34(5), 2272-2297. doi:10.1214/009053606000000722

Mackey, L. (2009). Deflation methods for sparse PCA. Advances in Neural Information Processing Systems,
21,1017-1024.

McDiarmid, C. (1989). On the method of bounded differences. Surveys in Combinatorics, 141, 148—188.

Micchelli, C. A., & Pontil, M. (2005). On learning vector-valued functions. Neural Computation, 17(1), 177—
204. doi:10.1162/0899766052530802

Micchelli, C. A., & Pontil, M. (2007). Feature space perspectives for learning the kernel. Machine Learning,
66,297-319.

Micchelli, C. A., Morales, J. M., & Pontil, M. (2010). A family of penalty functions for structured sparsity.
Advances in Neural Information Processing Systems, 23, 1612—1623.

Mukherjee, S. Zhou, D.X. (2006). Learning coordinate covariances via gradients. Journal of Machine Learn-
ing Research, 7, 519-549.

Mukherjee, S., & Wu, Q. (2006). Estimation of gradients and coordinate covariation in classification. Journal
of Machine Learning Research, 7, 2481-2514.

@ Springer


http://dx.doi.org/10.1137/050626090
http://dx.doi.org/10.1111/1467-842X.00164
http://dx.doi.org/10.1002/cpa.20042
http://dx.doi.org/10.1214/08-AOS637
http://dx.doi.org/10.1214/009053607000000811
http://dx.doi.org/10.1214/009053606000000722
http://dx.doi.org/10.1162/0899766052530802

Mach Learn (2012) 87:303-355 355

Mukherjee, S., Wu, Q., & Zhou, D. (2010). Learning gradients on manifolds. Bernoulli, 16(1), 181-207.

Roweis, S., & Saul, L. (2000). Nonlinear dimensionality reduction by locally linear embedding. Science,
290(5500), 2323-2326.

Ruppert, D., & Ward, M. P. (1994). Multivariate locally weighted least squares regression. Annals of Statistics,
22(3), 1346-1370.

Samarov, A. M. (1993). Exploring regression structure using nonparametric functional estimation. Journal of
the American Statistical Association, 88(423), 836-847.

Scholkopf, B., & Smola, A. (2002). Learning with kernels: Support vector machines, regularization, opti-
mization, and beyond. Cambridge: MIT.

Tenenbaum, J., Silva, V., Langford, J. (2000) A global geometric framework for nonlinear dimensionality
reduction. Science 290(5500): 2319-2323

Tibshirani, R. (1996). Regression shrinkage and selection via the lasso. Journal of the Royal Statistical Soci-
ety. Series B, Statistical Methodology, 58(1), 267-288.

van der Vaart, A. W., & Wellner, J. A. (1996). Springer Series in Statistics. Weak convergence and empirical
processes. New York: Springer. With applications to statistics.

Vapnik, V. N. (1998). Statistical learning theory. Adaptive and learning systems for signal processing, com-
munications, and control. New York: Wiley.

Weston, J., Elisseff, A., Scholkopf, B., & Tipping, M. (2003). Use of the zero norm with linear models and
kernel methods. Journal of Machine Learning Research, 3, 1439-1461.

Xia, Y., Tong, H., Li, W. K., & Zhu, L. X. (2002). An adaptive estimation of dimension reduction space. Jour-
nal of the Royal Statistical Society. Series B, Statistical Methodology, 64(3), 363—410 10.1111/1467-
9868.03411.

Ye, G. B. & Zhou, D. X. (2008). Learning and approximation by Gaussians on Riemannian manifolds. Ad-
vances in Computational Mathematics, 29(3), 291-310.

Zhang, T. (2004). Statistical behavior and consistency of classification methods based on convex risk mini-
mization. Annals of Statistics, 32(1), 56-85. doi:10.1214/a0s/1079120130

Zou, H., & Hastie, T. (2005). Regularization and variable selection via the elastic net. Journal of the Royal
Statistical Society. Series B, Statistical Methodology, 67(2), 301-320.

Zou, H., Hastie, T., & Tibshirani, R. (2006). Sparse principal component analysis. Journal of Computational
and Graphical Statistics, 15(2), 265-286.

@ Springer


http://dx.doi.org/10.1214/aos/1079120130

	Learning sparse gradients for variable selection and dimension reduction
	Abstract
	Introduction
	Sparse gradient learning for regression
	Basic definitions
	Regularization framework for sparse gradient learning
	Error analysis
	Variable selection and effective dimension reduction

	Convergence analysis
	Convergence analysis in the Euclidean setting
	Comparative analysis
	Error decomposition
	Sample error estimation
	Approximation error estimation
	Convergence rate

	Convergence analysis in the manifold setting
	Excess error estimation
	Convergence rate

	Proof of Theorems 3 and 4

	Algorithm for solving sparse gradient learning
	From infinite dimensional to finite dimensional optimization
	Change of optimization variables
	Forward-backward splitting algorithm
	Matrix size reduction

	Sparse gradient learning for classification
	Defining objective function
	Forward-backward splitting for classification

	Examples
	Simulated data for regression
	Simulated data for classification
	Leukemia classification

	Discussion
	Appendix A: Proof of Theorem 5
	Appendix B: Proof of Lemma 2
	Appendix C: Proof of Propositions in Sect. 3.3
	Acknowledgements
	References


