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Abstract

Reproducing Kernel Hilbert Spaces (RKHS) provide a rigorous functional analysis framework to perform non-
parametric learning. Kernel methods, optimization methods in these spaces, enjoy very nice statistical proper-
ties. However, up to recently, these methods scaled very badly in the number of data points, both in time and
memory requirements, hence their limited applicability. However, the FALKON algorithm proposed by Rudi
et al. has made a huge step in scaling down these requirements in the case of classical least-square regression,
namely scaling the complexity to O(n+/n) in time and O(n) in memory while keeping optimal statistical prop-
erties. Our aim in this talk is to explore the possible extensions of the ideas behind Falkon to more complex
loss functions, such as the logistic loss. These methods rely two main ideas: 1) reduction of the feature space
using random projections and 2) the use of iterative solvers, combined with a good pre-conditioning



Contents

1 Introduction 4
2 Backround 5
2.1 Supervised learning . . . . . . L. 5
2.2 Regularized ERM and Kernel Ridge Regression . . . . . . ... ... ... ... ... ... 6
2.2.1 Finding a good estimator : Expected Risk Minimization . . . . . .. ... ... ... ... 6
2.2.2  Optimization and finite dimensional formulation of ERM . . . . . . ... ... ... ... 7
2.2.3 The specific case of squared lossand KRR . . . .. .. ... ... ... ... ... 7
2.3 Large scale methods for squared loss . . . . . . . . . . . ... 7
2.3.1 Falkon for squared loss . . . . . . . . . . 8
3 FALKON for smooth losses 10
3.1 Generalizing FALKON to smooth losses : reduction to a quadratic optimization problem . ... 10
3.2 Extending FALKON to more general quadratic optimization problems . . . . . . .. .. ... .. 11
3.2.1 Thealgorithm . . . . . . . .. e 11
4 Theoretical results 14
4.1 Results for FALKON with weights in the optimization setting . . . . . ... ... ... .. ... 14
4.2  Theoretical Guarantees of FALKON with weights in the statistical setting . . . . . .. ... .. 15
4.2.1 Bounds for the risk of the algorithm . . . . . . ... ... ... ... L. 15
4.2.2 Fast rates and Nystrom leverage scores. . . . . . . . . . . . . . oo 16
4.3 Second-order methods . . . . . . . ... 16
5 Experiments 18
5.1 FALKON for the least squares regression . . . . . . . . . . . . . o vt i i i 18
5.2 Experiments on logistic regression . . . . . . .. .. Lo Lo 19
A Definitions and notations 23
A.1 Optimization setting . . . . . . . . . o e 23
A2 Statistical setting . . . . . . . . L e 24
B Analytic results 25
B.1 Controlling the condition number of H . . . . . . . . ... ... ... ... 25
B.2 Representation of the FALKON estimator . . . . . . . . . . .. .. ... . ... ... ....... 26
C Probabilistic estimates 28
C.1 Optimization case . . . . . . . . . . . e e e 28
C.1.1 Bounds involving @ for the condition number . . . . . . . .. ... oo oL 28

C.1.2 Bounds involving M to measure the precision of the Nystrom approximation in the sub-
sampling case . . . . . ..o e 30
C.2 Statistical case . . . . . . . e 31
C.2.1 Bounds involving @ for the condition number . . . . . . .. .. .. ... ... ... ... 31

C.2.2 Bounds involving M to measure the precision of the Nystrom approximation in the sub-
sampling case . . . .. L. e e e 33
C.3 Bounds for the intrinsic dimension . . . . . . . . . ... Lo 35
C.4 Bounds for the sampling error in the statistical case . . . . . . . .. ... ... ... ... 36



D Final bounds for FALKON with weights
D.1 Optimization setting . . . . . . . . . . . . . L e e
D.2 Statistical setting . . . . . . . . . L e



Chapter 1

Introduction

Large-scale supervised learning problems are ubiquitous in machine learning. Their goal is usually to learn from
examples a function which generalizes well, i.e. which predicts well new data. Linear and parametric models
are often very limited and do not allow to learn complex functions; it is therefore crucial to have tractable non-
parametric methods. Among them, kernel methods are probably the ones with the best theoretical guarantees;
however, their applicability to large-scale problems is still fairly limited as they scale very badly in the number
of data points.

Overcoming these difficulties has led to a variety of practical approaches, such as stochastic methods and
pre-conditioned extensions,as well as random projections to reduce the time complexity. Random projections
have also helped reduce the memory costs; they include methods like Nystrom [4] or random features [6].

From a theoretical point of view, the key question has been keeping the balance between statistical accuracy
and computational gain. The main trade-off element appears to be the intrinsic dimension of the problem,
which is a way to formalize the way the complexity of the problem scales in terms of the number of data points.

Recently, many significant steps have been made to reduce both time and memory complexities in the least
squares error case. Recent results have shown that using both ridge regression and random features or Nystrom,
one can keep the statistical optimality of Kernel ridge regression while keeping the time complexity under O(n?).
The last very significant step was made in [5], combining both Nystrom sampling and pre-conditioning strategies
to achieve statistical optimality with complexities of O(n+/n) in time and O(n) in memory.

During this internship, our aim was to use the FALKON algorithm as a starting point to develop fast
algorithms for other losses than the least square loss, for instance logistic or robust losses. Using the two main
components of FALKON : Nystrom sub-sampling and using an iterative solver with a pre-conditioner, we tried
developing general methods for quadratic problems, and apply them to perform second order methods on these
more complex loss functions. We succeeded in doing the former but still have not solved the latter problem.
However, we have numerical experiments which suggest that generalizing these methods should be possible from
a theoretical point of view.

The rest of the report will be organized as follows: in section 2, we will present general information on kernel
methods and motivations for extending FALKON to more general cases; in section 3, we present a modified
version of the FALKON algorithm to deal with more general quadratic functions; in section 4, we present a
statistical analysis of FALKON to quadratic losses and explain how we want to perform second order methods
as well as the limitations of our approach for the moment. Finally, in section 5, we present a few experiments
which a) show that we indeed achieve optimal statistical accuracy in the quadratic case and b) that we have
hope of achieving good rates for certain losses such as the logistic regression.



Chapter 2

Backround

In this chapter, we introduce the backround of our work. In section 2.1, we introduce the basic framework
and aim of non-parametric supervised learning. We then present kernel methods in section 2.2 more in detail,
explaining which estimators they approximate as well as the basic computational difficulties they entail. In
section 2.3, we present large-scale methods for the square loss and in particular FALKON, the method on which
we will build throughout the rest of the report.

2.1 Supervised learning

The aim of supervised machine learning problems is, given (z1,¥1), .., (Zn, yn) € X XY, to learn a good predictor
0 : X — Y such that for any new z € X, 0(z) is a good prediction for the corresponding y. Throughout this
report, we will make the following hypotheses to put this learning problem in a clear mathematical setting.

e the data space X is a polish space, the target space J) = R and the observation space is Z := X x ).
Moreover, we represent the data X' in a Hilbert space H with the function ¢ : X — H;

e the observations z; = (z;,¥;) € Z are i.i.d. samples from the law of Z = (X,Y) which is unknown; we
assume that ||¢(X)|| < k almost surely for a certain constant x. Moreover, we note 6; = ¢(x;) € H the
representation of the i-th data point;

e the loss function ! : (z,y’) € Z x R — R is made to depend on the full observation z = (x,y) in the first
coordinate and compares y’ to the objective y. We assume that for all z € Z, the function I(z, -) is convex,
three times differentiable.

Here, we see an element 6 € H as a function on X, by identifying Vo € X, 6(x) := (0, #(x)) : we can see
H as a Hilbert space of predictors. Our aim is to find the best predictor, i.e. to minimize the expected risk
E0) =E[l(Z,0(X))]. Therefore, we aim at solving the following problem:

inf £(0), £(0) =E[U(Z, (6,6(X)))] (P)

Given (1,Y1), .y (Tn,Yn) 1.i.d. samples from the law of (X,Y), our aim will be finding an estimator 6 with
small excess risk R:

R(0) := E(0) — inf £(6)

We give here some examples of loss functions which we may comment during the report. Recall that
l: Z xR — R where an element z € Z is of the form (z,y).

Examples of losses

e the square loss I(z,3') = (y — ¥')? which is a particular case of

e the weighed square loss I(z,y") = w(z)(y — y')? where w is a positive function on the support of Z;

e the robust regression : I(z,v') = /1+ (y — ¥')?;



e loss functions of the type I(z,y') = ¢(yy’) where ¢ is a three times differentiable non-negative convex
function;

o the logistic regression which is an instance of the previous point with ¢(t) := log(1 + exp(—t)).

Note on the representation ¢ : X - H : RKHS

A particular way of embedding the space X in a Hilbert space can be constructed as follows.

A continuous function K : X x X — R is called a positive definite kernel on X if for every n € N, for every
Z1,..., T € X", the matrix (K (z;,2;))1<i j<n IS positive semi-definite.

Given a positive definite kernel K on a space X, we can define K, := K(z,-) for all z € X, and (H, (-, -)3)
the Hilbert space associated to the inner product defined by K that is

H =span{K, | x € X}, Va, 2’ € H, (K, Ky) = K(x,2")

(This definition can be formalized, see [1])

The mapping ¢ : £ € X — K, € H embeds the space X in the Hilbert space H and this embed-
ding reflects the similarity measure K. Note that H is a space of functions on X. Moreover, we have that
VO eH, Vee X, (0,p(x))ny = (0, Ky)u = 0(x). Moreover, for any z, 2’ € X, ¢(z) - ¢(z') = K(z,2').

Thus, computing any coefficient of a matrix of the type (¢(z;) - #(%;)) 1<i<n 1s in the same complexity as a
1<EM

<G<
so-called kernel evaluation, which can be very fast and only uses the function K. In practice, all the matrices
we will consider in our algorithms will be products of matrices of this form.

2.2 Regularized ERM and Kernel Ridge Regression

In this section, we present the main estimators we will consider for ., the solution of our problem of interest (P),
obtained through regularized Expected Risk Minimization (sub-section 2.2.1). We will present these estimators
as solutions to finite-dimensional convex problems (see sub-section 2.2.2) and make this problem explicit in the
case of the Kernel Ridge Regression, the problem associated to the squared loss (see sub-section 2.2.3). This
will illustrate the computational difficulties which motivated the introduction of the tools in the next section.

2.2.1 Finding a good estimator : Expected Risk Minimization
Recall that the aim is to find a good estimator of the solution to (P):

inf £(0), £(0) =E[U(Z, (6,6(X)))] (P)

Natural estimators 6 come from the minimizing of the so-called empirical risk i.e. the solution to

n

n B L 1 ~
0 € argmin E,(0), En(0) := ~ ;l(zi, (0:,6)) (Pn)

However, since E,, is not strongly convex and because the problem is ill-conditioned, one usually considers
the solution to the regularized ERM (Expected Risk Minimization), for a certain A > 0:

. . . 1 < by .
An . E)\ E)\ —— . . _ 2 A
2 < argmin BX0), B = 13l (0000 + 51013 G

In the case where the loss we consider is the squared loss [((z,y),y’) = 3|y —y/[?, this is called Kernel Ridge
Regression problem (KRR).

The statistical properties of these estimators have been studied for certain specific losses and for different
notions of risk. For example:

e if we consider the least-squares problem infpey E[|Y — 0(X)|?] which corresponds to the squared loss

function I((z,y),y’) = |y—y'|?, the main result in [3] shows that the KRR estimator is optimal if A = n~1/2
and that 1

R(@OI™) =0n~1?), A= — 2.1

(87) = O 12, A= (21)



e In the case where we are looking at the regularized risk R* (which is a bit different from the risk we are
considering in this report), the main result in [8] shows that under certain conditions on the loss function

A 1
RMO2™) =0 ( — 2.2
@ =05 (22

These statistical bounds are useful not only in the study of the general problem but in the way we should
compute our estimator. Indeed, they show that we can "afford" committing a certain error if we compute our
estimator 6 as a an approximation of the exact solution to a certain optimization problem (as in (?))), namely
an error of same order as the risk of this exact solution.

2.2.2 Optimization and finite dimensional formulation of ERM

We will now formulate the computing of this estimator as an optimization problem in order to simplify notations.
We are actually solving a problem of the form

. I A
02" € argmin E(0), Ep(0) =~ ¢i((6,6:)30) + 5110115, (P2)

where the ¢; are three times differentiable convex functions.

Introducing the operator S, : 0 € H +— n=/2(0-0;)1<i<,, € R", we see that E is of the form ®0S,,+3||-[|3,
where @ is of the form & :v € R" — % >or i(v/nv;), where the ; are convex and three times dlfferentlable
functions.

Denote with H,, = span{f; : 1 <i < n} which is also the range of S¥ : it is easy to see that if there is
a solution to (P}) in H, then there exists a unique minimizer and it is in #,,. This reduces problem (P,)) to
a n-dimensional problem by looking for a solution of the form 6 = S}a = ﬁ Z?zl a;0;. If we denote with

Lyy the matrix S,S = 1+ ((6:,05)),<; j<, then we can reformulate (P;) as the following finite dimensional
problem: T

mlan EMa), EMa) = ® (Ly,) + %aTLnna (P
aeR™

2.2.3 The specific case of squared loss and KRR
In the case of the squared loss {((z,y),y’) = 3|y — ¥/|?, problem (P;)) becomes

— i — (0,05 ]* + Z110]? 2.
gganZIy Yaul® + || I (2.3)

and its finite-dimensional form, the Kernel Ridge Regression, is the following;:

2
Yi A p

—a' Ly, 2.4
NG + 5 « (2.4)

— [Lnn()é]i

whose solution is simply a = (Ly, + )\I)_lﬁ(yi)lgign.

It is clear that the exact solving of this system cannot scale up to high dimensional problem as it is in O(n?3).
Taking into account (2.1), we can solve afford to solve this problem with an error of O(n~'/?), using iterative
solvers for example, and obtain a time complexity of O(n?). This is still too large for problems with millions of
data points. This motivated the introduction of new large-scale methods for the squared loss, described in the
next section.

2.3 Large scale methods for squared loss

In this section, we present the basis of large scaled methods for the squared loss, based on dimension reduction,
and then describe informally the FALKON algorithm, a large-scale method for the squared loss introduced in
[5], based on the addition of iterative solvers with pre-conditioning.



In order to reduce time and memory complexities, we reduce the dimension of the space of solutions by
considering a subspace Hjy; of H of dimension at most M << n. We define this subspace as the image of a
mapping S}, : RM — H, seeing it as a dual map to be coherent with our notations S,,. The following example
will be crucial in the developments of this report.

Example 1 (Important form for S3,). The following form of Si; : RM — H will be of particular interest to us
in many respects. We will formulate them as assumptions, to refer to them later on.

o The first interesting forms are S}, which satisfy
;M M
Vo e RM, S%,a = W;m(@j) g a;0; where (%),<;cp € XM, 0, = ¢(&;)  (M-1)

o We can also consider the following stronger assumption:

Syr satisfies (M-1) and (Z;)1<j<m is a sub-family of (;)1<i<n (M-2)

When restricting to H s, problem (2.3) becomes

min — 0,0:)%:]> + =110/ 2.5
min %Dyv l? + S0l (25)

Define Lary = SmSyy and Ly = 5,5, and assume any coefficient of these matrices is computable in
near-constant time (in the case of (M-1), they are simple kernel evaluations). The solution of this problem oM
is of the form SMa;\’M where o™ is solution to

1 2

min —
a€RM 21 .
=1

; A
yzn + §OZTLMM06 (2.6)

- [L7LMa]i

that is o™ = (LTy Lun + Moarar) DLy 2= (i) 1<i<n-

Solving this problem exactly is still too costly as computing LI}, L,y will take O(nM?) (for statistical
reasons, M ~ n'/?). In [5], Rudi et al. introduce a new algorithm which avoids this computation time by
combining iterative methods and pre-conditioning.

2.3.1 Falkon for squared loss

The idea of the original FALKON algorithm is the use of iterative solvers and pre-conditioning. The principle
of iterative solvers is the following : given a positive definite symmetric matrix A € S and a vector b € R™,
solve Az = b not directly but by considering it as a convex optimization problem (min, %JCTAJC —b%z). One
can then use an iterative method such as gradient descent with a certain rate 7 : xyy1  x¢ + 7(b — Axy).

The interesting thing about these methods is that they only rely on matriz-vector products, and that there-
fore, if we were to apply it to (L mLnyv + ALy M) an iteration would only cost O(nM) since the matrix would
never be computed explicitly.

The number of iterations needed in such algorithms, however, is controlled by the condition number of A,
where the condition is defined as the ration between the largest and lowest eigenvalue of A:

Omax(A)

Cond(A) = ()

The convergence is given usually by a bound of the type |[z; — A7'b|[4 < €||[A7'b][4 if t = Q(Cond(A4)log1).
Thus, if we control the condition number of the matrix, we can solve the problem with certain precision € in
quasi-constant time.

Coming back to (2.6), we see that it is equivalent to solving the linear system Ha = T' where H =
(LZMLnM + )\LMM) and I' = LnM \}(yl)1<l<n However, we have no control on the condition number of
H which is necessary to apply an iterative solver in an effective way. That is why we pre-condition the matrix
H.

The idea of pre-conditioning is to find a matrix B called a preconditioner so that BT H B has a small condition

number. A good pre-conditioner typically satisfies BB ~ (Ln amLnm + ALy M)fl. We then compute quickly



an approximation to the solution of the system BT HBS = BT (since the problem is well conditioned) and set
a = Bp.

In [5], S3; is obtained under the form (M-2) by randomly sub-sampling M points from (x;). H is pre-
conditioned by setting BBT = (L%}MLMM + )\LMM)fl, which is a problem which costs O(M?) and running a
conjugate gradient algorithm with a constant number of iterations ¢. The total complexity of the algorithm is
then in order O(nMt+ M?3), and by taking M = Q(y/n), optimal statistical accuracy is reached for t = Q(logn).
Thus, FALKON is kernel method which reaches statistical optimality with complexities of O(ny/n) in time and
O(n) in memory for the squared loss problem, making it the first large scale kernel method.



Chapter 3

FALKON for smooth losses

In this internship, our goal was to start from FALKON, which solves (P) for the squared loss (infy E[|Y —0(X)|?]),
to create a large-scale kernel method for solving problem (P) for more general smooth losses (infg E[I(Z, 6(X))]
). We would like to keep the complexities of O(ny/n) in time and O(n) in memory to scale well in the number
of points for methods such as such as for logistic regression or robust regression.

3.1 Generalizing FALKON to smooth losses : reduction to a quadratic
optimization problem

In the general case, recall that minimizing the regularized ERM and finding 62 " the solution of (75%‘) can be
seen as an instance of an optimization problem of the type

1 — A
oI in EX0), EMNO) = = (0.0, 110112 A
«" € argmin L (0), E,(0) n;¢(< ; >7—L)+2|| |34 (P;)

where @2(9 . 91) = Z(ZZ, 0 - 91) = Z(Zi, Q(ZEZ))

We can apply the same dimension reduction principle as in section 2.3 and perform the minimization not on
H or equivalently H,, but on a subspace Hy — H given as the image of a certain linear map S3, : RM — H
(we give important examples of form of maps in section 2.3)

, - - 1 A -
o2 € arg min F,(0) or argmin By (0), B3 (6) =~ ;‘Pi(<9»PM€i>H) + 5110113, (Pir)

Where P, is the orthogonal projection on #j;. As in the squared loss case, defining Lyras = Sy S}, and

Ly = 5,7, solving problem (P3;) is equivalent to solving

n

. 1 A
min E7; (a) = - Z @i (Vn[Lnaa];) + gaTLMMOé (Par)

RM
ae =1

and taking 6 = Sj,o.

For now, assuming that oMM will have good statistical properties if considered as a proxy for O™ in a statis-
tical setting, suppose that our aim is to compute a good approximation of 02M . Since FALKON heavily relies
on pre-conditioning, transposing it directly to the solving of (P3,) is impossible.

On the other hand, second order methods like the newton method rely on iteratively solving quadratic
approximations of the function we want to minimize. Our goal in this section is therefore to generalize FALKON
to solving quadratic problems of the form

. 1
arg min —
0cHM N

- 1 < A
(0.0.)2 — — 0.0, i 2 A
;:1 w; (0 - 0;) NG ;:1 bit-0; + B 10]] (Qar)

because taylor expensions of Ef\‘/[ around 6y € Hjps can be put into this form for w; = ¢”(6y - 6;) and
b = w;bo - 0; — ¢'(0y - 0;). The solution to this quadratic approximation is called Newton step at 6y, and can in
turn be used to compute oM using a second-order method.

10



3.2 Extending FALKON to more general quadratic optimization prob-
lems

As explained in the previous section, the main work of this report is to generalize the FALKON algorithm to
solve problems of type (Q},) ("with weights"). Hence we suppose we are given the following:

e a positive diagonal matrix W,, = diag (w;),,;,, € R™*";
e a vector b = (b;) € R™

One way to see FALKON is to consider problem (73]’\\4) and approximately solve this problem in the "quadratic
case", that is where ; : t € R —~ %witQ — b;t. We can write this problem down in the following condensed way

(we denote with 2" the solution to the FALKON problem in the rest of the chapter)

1 A
oMM € argmin = (0, Par SE W, Sy Par0)3 — (ParSiib, 0)4 + =|10]1%, Q)
0eH 2 —— 2
Cn

Where Py is the orthogonal projector on H,s. Note that C,, = % S wif @6, = >0 (Vwib) @ (ywib;).
The solution of (Q},) is

OOM = (ParSiWa S, Py + M) PaySib (3.1)

and can be obtained by solving the equivalent finite dimensional problem

1
O‘i\’M € arg HlDlQI}/I §<OL, (LZ:M [/[/nLn]\/[ + /\L]VIM) OL>RNI — <LMnb, O[>RIW (Q%)
aE

: M A M
setting 07 = Sy,al

The original FALKON solves this problem for W,, = I,,. In this slightly more general case, we keep the core
idea of combining iterative solvers and pre-conditioning to solve (Q3};)-

In this context, we are solving the linear system Ha = I’ where H = (LX) W,,L,ps + ALpgar) and I = LT b,
As in the original FALKON algorithm explained in section 2.3.1, to apply the conjugate gradient algorithm in
an effective way, we need to pre-condition H.

3.2.1 The algorithm

In this section, we describe the FALKON algorithm with weights and particularly the construction of the pre-
conditioner. In this section, we suppose Sy is given; the way we select those points will be discussed later.
FALKON therefore simply solves the optimization system (Qj},) approximately.

Recall that and ideal pre-conditioner would satisfy BBT = (LzMWnLn M+ ALy M)_l. However, comput-
ing this pre-conditioner would be, in terms of complexity, equivalent to directly computing a solution to (Qj\w).
Instead, we compute a pre-conditioner by sub-sampling @ elements from {1, ...,n} according to a certain prob-
ability distribution.

Throughout the report, we will adopt and discuss three different sub-sampling strategies which we can use
to sample either the M points or the () points. We describe two of them below; the third one will be developed
specifically for the statistical case and will be described in C.

e Uniform sampling : we select indices in {1,...,n} without replacement;

e Sampling according to the weights : we select indices in {1, ...,n} according to the probability vector

n
o wi o w o 2ai=1 Wi
Pi = sm = where w = —

Throughout the rest of the report, given a sub-family J = (ji) of size p in {1,...,n}, denote with W the
diagonal matrix of size p with coefficients (Wy)rr = wj,. When the context is clear (i.e. the size of a family
refers to this particular family), we will simply write W, = W;

Definition 1 (Sub-sampling). Suppose we are given a probability vector on {1,...,n} which we denote with

(pi)i<i<n- Let J = (jx)1<k<q be Q #id samples from p.

11



We define

e Do € RY*9 the diagonal matriz with coefficients (Dg)kx = L 1<k<Q;

e Sp:xeEH— %(m-ﬁjk)lngQ € RY;

° LMQ = SMSEQ S RM*Q gnd LQM = SQS}& S ROxM

Note that since the @ points are sub-sampled respecting the condition (M-2), the computation of Lgas is
easy, especially if the Kernel is easily computable.

Using these sampled vectors, we will find a pre-conditioner for H.
To do so, intuitively, we do the following approximation (in the uniform case) :

H = (SuSEWESeSh + ASuSiy)

and look for a preconditioner of the form BBT = (SaS5W3ESqSh + ASaSh) ™"
In the non uniform case, we add a sampling term as we can see in the following formal definition.

Operation Time Complexity | Memory Complexity
Computing and saving T, U M3 M?
Computing and saving A M3+ MQ? + QM? M?+ MQ
Computing and saving B or BT § for B € R™ M? M
Computing and saving Ha for a« € RM nM n
Computing Ho for o € RM nM n
Total complexity with T iterations M3 +MQ?+TnM max(n, M2, MQ)

Figure 3.1: Time and memory complexities in computing the FALKON estimator

Definition 2 (pre-conditioner). Let U =€ RM*™ be q partial isometry such that UTU = I and T € R™*™ q
triangular matriz such that

UrTTTuT = Sy S,
A€ R™*™ q triangular matriz such that
ATA=T"TUT (LygDoWoDoLom) UT ™ + My,

Then we define the preconditioner as follows :

B=UT'A! e RM*™

Numerically computing the pre-conditioner can be done effectively using the following QR and Cholesky
decompositions

(U, ) =qr(SuSi), T = chol(U" LapU), A= cho(T-TUT LyjgDoWoDoLomUT ™ + Aly)
Definition 3 (preconditioned problem). Using the preconditioner B defined in definition 2, define the precon-
ditioned matriz

H := BT (LaraWoLnns + ALprag) B € R™™
Given T' and defining T = BT, the preconditioned problem is

B9 € argmin %ﬂTﬁﬁ ~(B'D)p=pTHE-TTP (3.2)

12



Definition 4 (FALKON computations). To compute the solution Bi"M’Q to the preconditioned problem (3.2),
define ﬂ;\’M’Q’t to be the t-th iteration of the conjugate gradient algorithm with matrices H and T

The resulting approzimation of ar™ in problem (Qj\\/[) is ap M@t .= Bﬁi"M’Q’t. We define the FALKON
estimator to be the element Hys associated to ai"M’Q’t which we write Hi"M’Q’t.

In order to measure the complexity of the algorithm, we measure the time complexity in number of matrix
coefficient evaluations (which we suppose to be fast, which is the case when they are kernel evaluations for
instance). As for the memory complexity, we measure it in the number of coefficients we need to have saved
at a given time. Note that given a matrix of size (n, M) and a vector in RM  we can compute the matrix
vector multiplication by computing stocking one block of the matrix at a time and therefore achieve a memory
complexity of order n if M < n. We present a table of the step-by-step complexity of the FALKON algorithm
in figure 3.2.1.

The algorithm itself can be found in algorithm 1.

Algorithm 1 FALKON method

Require: b, W,, x4, ..., x,, J for the M points, A, number of iterations in the conjugate gradient algorithm ¢,
{When we write @ in front of a matrix, we mean the function associated to this matrix}
Sample @ indexes and compute Lysar and Lysqg
{Computing the pre-conditioner}
(U, 7) — QT(L]V[M)
T «+ ChOl(UTL]\,{MU)
A chol (T-TUT LWy * DAWY *LouUT ™ + A1y )

QB+ (B~ UT'A71p)
QH, T + (Oz — QL (Wn@LnM(OZ)) + /\LJWMO() ,QL b {Original system}

QH,T «+ (B~ @BT(QH(@B(p)))),a@BT(I') {Preconditioned system}
M, Q,t

Perform ¢ steps of the conjugate gradient algorithm to retrieve g
ai\7M7Q7t — @B(ﬁ;\,J\/LQﬂf)
return ai"M’Q’t the FALKON estimator
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Chapter 4

Theoretical results

In this chapter, we present theoretical results on the FALKON algorithm we have just derived. In section 4.1, we
show that under certain conditions on @, our algorithm is effective in solving the optimization problem (Q3;).
In section 4.2, we show that in our general statistical setting, in the case of a quadratic loss, the FALKON
estimator can achieve statistical optimality with complexities of O(ny/n) in time and O(n) in memory. Finally,
in section 4.3, we present the directions of future work in solving more general problems using second-order
methods.

4.1 Results for FALKON with weights in the optimization setting

In this section, we consider FALKON as a solver of problem (Q7,) and evaluate its performance as such (and
not as that of the underlying statistical problem like in next sections).

The speed at which we solve (Qﬁ/[) is determined by the condition number of H, the result of the pre-
conditioning. In lemma 10, we obtain the following result :

Lemma 1 (bound on the condition number). Let Q be an integer, and suppose we sample (Z1,1), ---, (ZQ, Jq)
from (x1,91), ..., (Tn, yn) according to the probability vector p; := s, 1<i<n. Lt 0 <A< [|Cnll m >0
i=1 Vi

and § > 0.
Then with probability at least 1 — 9, if

2
Q>8d [wNOO()\) <<1;") +1+’7) Lt

3n 3n

with d = log 8%“2 and Noo(\) = sup; <, <, \|C’;n1/2

;]| < %2, then
Cond(H) <141

This result shows that as soon as @ > Q(%), the condition number of the pre-conditioned matrix H is
bounded by a constant, and therefore that our pre-conditioning is effective. This yields the following convergence
result of the falkon method towards 62 (it is a restatement of lemma 24).

Proposition 1 (performance of the FALKON wrt Qi"M). Let @ be an integer, and suppose we sample the Q)
points according to the probability vector p; := s, 1 <i<n. Let 0 <A < [|Crll and 6 > 0.
=1

i

If Q > d(16.4WNx (N\) + 3.4), then with probability at least 1 — 0,

~ - 1/2 -
W > 0, [ B (0290 — BN (0] < 271 B (02M)?

where d = log 8%“2 and Noo(X) = sup; <<, ||C;73/26i||2 < %2

Again, in this proposition, we see that g} M@t converges exponentially fast to 0™ as soon as the condition
number is bounded and therefore as soon as @ > Q(1/A).

Note: We can get similar results for random sub-sampling instead of sampling along the weights; the major
change is that instead of a w, a sup;«;<,, w; appears in the bounds, which makes them worse.
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4.2 Theoretical Guarantees of FALKON with weights in the statisti-
cal setting

In this section, we show how FALKON with weights can directly provide good estimators for quadratic machine
learning problems of the form (P), generalizing the statistical results in [5] with the same complexites of O(n\/n)
in time and O(n) in memory.

Consider problem (P) with losses of the type

o U(zy) = zw(2)ly’ —r(z)]
o I(zy") = zw(2)(y')* — b(2)y’

These formulations are equivalent under the following assumptions which we will keep throughout this entire
statistical part.
The main statistical problem we will consider is therefore

0. € axgminE(Z, (6(X), )] = 50, Blw(Z)6(X) © 6(X)]0) — (EB(Z)], by te)

Hypotheses
In order for this problem to be defined/solvable, we will make the following hypothesis
e we assume that the data is bounded by a constant « :

[|6(X)|| < k almost surely (S-1)

e Denote with w the so-called weight function : we assume it has the following properties :
w positive measurable on Z and ||w||eo 1= %ng {lw(Z2)| <t as.} <o (S-2)
>
Note that the first assumption makes the two losses equivalent. Moreover, this conditions implies that
wll = Efw(2)] < [lwlle < oo.
e 1 is called the target function (indeed we wish to lessen the gap between 3’ and r); we will usually use one

of the following hypotheses:

1711222 0ap) = Elr(Z)*w(Z)] < 00 & |[bl|72(2,00-1ap) = EIB(Z)* 0™ (Z)] < 00 (5-3)

E[lr(2)lw(2)] < 00 & ElJb(Z)] < 00 (8-3 bis)
Note that (S-3) implies (S-3 bis)
o We will assume that problem (Q) has a solution, that is

36, € argminE[L(Z, (6(X),0)3)] (5-4)

4.2.1 Bounds for the risk of the algorithm

Using these assumptions and the FALKON algorithm, we have the following bounds for the FALKON estimator
(this is a consequence of theorem D.2).

Theorem 1. Assume (S-1), (S-2) and (S-4), and that b is bounded or r is bounded (one can make either
hypothesis). There exists constants ng, to and co such that for any n > ng and any § > 0, if

44k2||wl|1n 264||w||1x*n

1
3= e M5 ([l 4 1) Vintos S Q 2 147 ([l + 0.08] o) 2 + 1) ViTlog <2
Then if t > %logntho,
2
R(é)\,M,t) < Co log g

ST/
Where cq, tg and ng do not depend on A\, M,Q,t,n and cy does not depend on §, and using random sampling
for M and weights sampling for Q.
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4.2.2 Fast rates and Nystrom leverage scores

In this section, we present a slightly more general result and conditions with which we can obtain faster rates.
Define :

o C =Ew(Z)p(X) ® ¢p(X)] the co-variance operator, such that for any 6,6’ € H, E[w(Z)0(X)¢'(X)] =
(0,0") 2(z,0) = (0,C0" )y

o N()\) :=Tr((C + M )~tC) the effective dimension of the problem.
In order to get faster rates, one must make two types of hypothesis :

e A source condition : there exists s € [0,1/2] such that C~%6, exists. s controls the regularity of the
solution 6, in the space of solutions; s = 0 is simply the previous case.

e A size condition of the type N'(A\) = O(A™7) where v € (0, 1]; 7 is a parameter which measures the size of
the RKHS H with respect to the problem. v = 1 is the generic case.

We also mention a different way of sub-sampling () and M points which is defined in appendix C : Nystrom
leverage scores, which allow us to reduce the number of necessary M points and ) points even more.

Theorem 2 (Fast rates). Assume (S-1), (S-2) and (S-4), and that r is bounded (one can make either hypothesis).
There exists constants ng, to and ¢y such that for any n > ng and any 6 > 0, if

S T 1
A=n TEEEY > ilogn—kto

Then
R(EM) < e (1og2 §) n-Hi

The bounds needed for M are the following depending on the different sampling schemes, setting d =
1327Tr(C) 132||wl||1£2 |
X5 X

log < log
e In the random case, M > (d — log 22)(4.5N»(A) + 2)
e In the Nystrom case M > 52 +21.2dg>N'())

o in the weighted case, M > 8 + 21.2d[[w|[; N ()

And on Q, setting d = log w <log % :

o In the weighted case Q > d (16.4||w||1/\/00()\) + 3.4)

e In the Nystrom case QQ > J(44q2/\/'()\) +3.4)

4.3 Second-order methods

Main direction of research

In this section, we do not assume the loss is quadratic anymore, but come back to a convex three times differ-
entiable loss function . In order to find a good estimator 6 of the solution to problem (P) : mingey E[L(Z,0(X))],
we would like to proceed in the following way:

e Find a statistical bound showing that for a certain M << n (and a certain sub-sampling strategy), the
estimator

A A N
= argmlnEM( Zl (2i, (0, Pr0:)30) + §H9||2 (P)
i=1
has a small excess risk, i.e. find a reasonable bound on R(#2"™);

e Find an effective way of computing an approximation to this oM using second order methods and the
FALKON algorithm.
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For the moment, we have not yet succeeded in proving good statistical bounds for R(éi‘ ’M).

Applying FALKON to compute a newton step

In order to minimize EA']T/[, we would like to apply second order methods to use FALKON. The typical
second-order method is the Newton scheme, which works as follows:

e Start at 6y € Hps (usually 0)

e Given the t-step #;, compute the second-order approximation of Ef\‘/[ around 6;:
a3y Py P 1 2 £\
En(0) = Ey(0r) + VE(01) - (0 —0,) + §<9 — 00, V=EN(0:)(0 — 01))n

e Then set 6;41 to be the minimizer of the quadratic approximation.A; = 6,11 — 6, is the newton step
and in closed form R A
V2EN (0:)A; = =V E7(6;) (4.1)

Computing the Hessian and gradient of EA’J>\‘4, it is easy to see that equation (4.1) is of the form which
FALKON can deal with as explained in 3.1. Indeed,

. 1 <
VO € H, V2EN(0) = = 1"(2,0(x:)) 0: ® 0; + AI
n =1 N—————
=w; (z)

In particular, applying directly lemma 24, we have that
Proposition 2 (performance of the FALKON ‘to compute a newton step). Suppose we are at 0y and let A be
the full newton step at point Oy, i.e. A = —VQEf\‘/[(HO)_lVE])\‘/[(HO) Let @ be an integer, and suppose we sample

: - 7. 1" (25,0(x4 . ~

the Q pomtf according to the probability vector p; := %, 1<i<n. Let 0 < X< [|V2E(0)|| and
0 > 0. Let A be the approximation of A obtained by solving the pre-conditioned system after t iterations.

IfQ >d (16.4MN00()\) + 3.4), then with probability at least 1 — 0,

HA — AHV”:J@(@O) < 2e_ty(90)

where d = 1og 8= and Noo(A) = supy<;<,, ||Cx 2012 < 5. v(Bo) = (VEX(60), VZEX(00) "V E(00))n is
called the newton decrement at point 6.

Making second order methods work: problems and possible directions

The previous proposition shows that we are able to effectively compute an approximation of a newton step
of the function E])\‘/I at any point using FALKON. However, to the best of our knowledge, it is very hard to prove
the fast convergence of a Newton method. Indeed, there exists a fast regime for Newton methods, but only once
the starting point 6 is sufficiently close to the optimal value (this region is called the Dynkin ellipsoid).

For example, if we assume that the function [ satisfies the generalized self-concordance hypothesis (see [2]
or [9]), that is |I”/(z,-)| < CI”(z,-), then E3, is Cx generalized self-concordant, that is

V0 € H, h,d € H, |D3E3;(0)[h,d,0]| < C“HhHHH‘S‘FWE;I(e)

Typically, this is the case for the logistic loss with C' = 1. This combined with the fact that E‘])QI is A strongly
convex shows that the Newton method converges quadratically in the region v(0) < Cstev/A. However, outside
this region, the full newton step algorithm has no guarantee of converging quickly, and even no guarantee of
converging at all | (we can modify it a bit using a learning rate, i.e. set 6,11 = 6; + 7A; to make it converge
but no good time guaranties).

For the moment, we are therefore constrained by the size of this ellipsoid which is very small a priori.

However, we aim to find conditions under which this ellipsoid can be made bigger, so that we could somehow
get in it with with another less effective algorithm and then use FALKON to compute newton steps.
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Chapter 5

Experiments

Here, we present FALKON'’s performace on two large-scale data-sets. As we are only in the beginning of our
experimentation, we have not proceeded to all of the classical pre-processing for these different data-sets but
rather on making a small comparison between the FALKON method and SAGA, both on the least squares
problem and the logistic regression. We indicate the performance of FALKON in terms of classification error
for both losses; however, our tuning of the parameters being very rough, they are not to be considered the
baseline results of the method. For more complete results on least squares, see [5] which performs an in-depth
experimentation of the performance of FALKON

In these experiments, we used a single TESLA P100 GPU with 16GB of RAM. We consider the two following
datasets:

SUSY (n =5 x 10%, d = 18, binary classification) We used a Gaussian Kernel with ¢ = 10, A\ = 10~ for
both least squares and logistic regression. When comparing to SAGA, we extracted n = 10° elements and used
M = 3000 Nystrom points in order for SAGA to still be tractable.

HIGGS (n = 1.1 x 107, d = 28, binary classification) We used a Gaussian Kernel with o = 10, A = 10~* for
both least squares and logistic regression. We did not perform the usual pre-processing of the Higgs data-set
(substracting the mean of each feature and dividing by its variance). When comparing to SAGA, we extracted
n = 10° elements and used M = 3000 Nystrom points in order for SAGA to still be tractable.

We obtained the values of A and ¢ by doing a quick cross-validation on the parameters.These parameters
should be tuned more precisely.

Note on SAGA in the kernel setting
In order to perform SAGA in an efficient way, we proceed in the following way. Using the statistical properties
of Nystrom points, we consider a Nystromized SAGA to reduce computations, i.e. we solve a problem of the

type :

1 & A
in — (2, [Lnmali) + =o' L
P SR RE X

In order to easily fall in the SAGA framework, we compute a square root 77T = Ly and set 3 to be the
new variable § = T« such that the problem is of the form

ﬂGRJW n

n - A
min l Zl(zi, [LnmB)i) + §Hﬁ||2
i=1

where En v = LoyT~'. We do this to find a problem which is regularized in the natural norm and thus
that can be solved using SAGA.

5.1 FALKON for the least squares regression

Here, we consider the least squares loss.

In figure 5.2, we compare the performance of FALKON and SAGA in terms of time. In figure 5.2, we compare
the performance of FALKON and SAGA in terms of epochs, where an epoch is defined (in the FALKON case)
as one evaluation in the conjugate gradient algorithm. We see that in terms of time, FALKON clearly outstrips
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SAGA whereas they are comparable in terms of epochs even if FALKON seems to generalize better (an epoch
in SAGA is much more expensive in terms of time).
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Figure 5.1: Comparison between SAGA and FALKON on the HIGGS (left) and SUSY (right) data sets for least
squares regression as a function of time
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Figure 5.2: Comparison between SAGA and FALKON on the HIGGS (left) and SUSY (right) data sets for least
squares regression as a function of epochs

If we use the complete power of FALKON to solve the least squares problem, we obtain the results classified
in figure 5.1.

5.2 Experiments on logistic regression

To perform the FALKON method for logistic regression, we used a full newton method starting at 0. While we

cannot prove that this converges to the optimum, this is a standard way of optimizing the logistic regression.
In figure 5.1, we compare the performance of FALKON and SAGA in terms of time. In figure 5.1, we compare
the performance of FALKON and SAGA in terms of epochs, where an epoch is defined (in the FALKON case)
as one iteration in the newton scheme. We make the same observation as previously, that is that in terms of
time, FALKON clearly outstrips SAGA whereas they are comparable in terms of epochs even if FALKON seems
to generalize better (an epoch in SAGA is much more expensive).

data set | number of training points | M,Q | number of test points | time (s) | classification error (%)
SUSY 4 % 108 10% 2 x 10° 300 19.905
HIGGS 107 107 2 x 10° 300 34.7065

Figure 5.3: Time and classification error on a test set after training with FALKON for the least squares regression
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Figure 5.5: Comparison between SAGA and FALKON on the HIGGS (left) and SUSY (right) data sets for
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logistic regression as a function of epochs

If we use the complete power of FALKON to solve logistic regression on a significant part of the data set,

we obtain results which are classified in figure 5.2.

empirical risk

0.60 4

0.55 4

0.50 4

0.45 4

—+— SAGA
+= FALKON

the HIGGS (left) and SUSY (right) data sets for the

D.70
—— SAGA
FALKON
D.65 -
D.60 -
D55 |
D.50 -
D.45 | _
D0 25 50 75 100 125 150 175 200
epochs

data set | number of training points | M,Q | number of test points | time (s) | classification error (%)
SUSY 4 % 106 104 2 x 10° 2000 19.835
HIGGS 107 107 2 x 10° 3000 36.0305

Figure 5.6: Time and classification error on a test set after training for logistic regression
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Conclusion

In this report, we have tried extending FALKON in order to find methods capable of dealing with large scale
Kernel methods. Combining random projections and pre-conditioning, we have succeed in generalizing FALKON
to solve a wider range of quadratic learning problems with complexity guarantees of O(ny/n) in time and O(n)
in memory (up to log factors), making weighed kernel ridge regression tractable for large-scale problems.

We have also tried using FALKON in order to solve non-quadratic learning problems using second order
methods. Experimentally, they seem to be promising for certain losses like the logistic loss, if we perform a
Newton method.

The aim for future work is to try to get satisfactory theoretical results and rates for second order methods.
This entails both finding good statistical bounds on the estimator we compute with FALKON as well as guar-
anteeing that this computation can be done in a limited number of iterations. In particular, a key element in
this analysis seems to be the better control of the so-called Dynkin ellipsoid, the region in which second-order
methods perform very well.
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Appendix A

Definitions and notations

A.1 Optimization setting

In the entire analysis, we will use the letter n to denote functions or operators attached to the family (x;)1<i<n,
@ to denote functions or operators attached to the sub-family (Z;),.;., which is a sub-family of (z;) used
to compute the pre-conditioner and the letter M to denote functions or operators linked to the reduction of
dimension. Recall the following definitions:

Definition 5 (Global problem). Recall that we are given a positive diagonal matriz W,, € R"*™. Moreover, we

define :

o S, : H — R" such that Sy(x) = ﬁ (z0i)1<icpn, with adjoint

Sy i R™ — M such that Sy, (ai);<icp, = ﬁ S av;

o C,, : H— H such that C,, = % S wif @6, = SEW,S,
e O\, =C, + I
Definition 6 (reduction to Hyas). In the whole of the report, we assume that we are given a linear map
Sar i H — RM

and its dual map:
Sy RM oy
We denote with Hyr the range of Sy, and Py the orthogonal projector on Hay.

Definition 7 (sub-sampling the Q-Points). Recall that we sub-sample the Q points from the (x;) according to
a certain probability vector p. Denote with (i1, ...,i¢Q) the sampled indices. We define

o Wo = Diag(wi,),<j<q € mEEe =\ ) | e’

° SQ:QEH'H%(z'ij)lngQ €R®

e G = 55DoWaDaSq = & Y2, (\/Kok) @ (\/320;, ) and Grg = G + Al
Definition 8 (matrices). We define

o Ly = 8,55 € R and Lyps := S, S € RMXM

o Ly = SyS; € RMX" and L, = SnShy € R*XM .

o Lyq = SuSH € RM*Q and Loy = 5¢S;, € ROM

Note that we always consider the computation of one of the coefficient of these matrices to be possible/in constant
time.

Definition 9 (Intrinsic dimensions). Define

n

NooX) 1= sup [|C5, "6
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A.2 Statistical setting

Recall that L?(Z) is the space of measurable functions ¢ : Z — R such that E[|1)(Z)|?] < +oo.
Definition 10. Under the assumptions above, for any 6 € H, 1 € L*(Z)

o S:H — L?(Z) such that SO : (z,y) — (0, ¢(x)) with adjoint

o S*: L%(Z) — H such that S* = E[v/(Z)$(X)]

o W:L*Z)— L*(Z) such that Wip = wip

o C:H — H such that C = S*WS. Note that C = E[w(Z) ¢(X) ® ¢(X)]

We also use all the previous notations for discrete operators, but with a hat on top to signify their dependance
on the data.
Let us introduce the two following quantities :

Definition 11 (effective dimension). Define

NQ) = Tr(C(C+ADTY), No(X) = Sup 16(2)(C + M) TV2I12, Ny(N) = sup ||V w(w, y)(2) (C + A 722

T,y

We have N'(A) < ||w][1Noo(A), Nw(A) < [Jw]]ooNoo(A) and Noo(A) < “72 N()) is called the effective dimension
and is somehow a measure of the complexity of the space H with respect to the measure wdp.
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Appendix B

Analytic results

In this section, we provide purely analytic results, seeing FALKON as the solving of the optimization problem
(Q3). These results will then be exploited in all settings, changing the notations depending on whether we are
in the optimization setting or statistical setting.

B.1 Controlling the condition number of H

The objective of this section is to bound the condition number of the matrix H (see definition 3) associated to
the pre-conditioned linear system. We wish to do so by bounding this condition number by quantities we can
more easily control in probability (see lemma 5).

Lemma 2. Let A > 0, H as in definition 3, B, A as in definition 2. The matriz H is characterized by :
H=ATTV*(C, + \X)VA™', where V = S);BA

Moreover, V is a partial isometry such that V*V = I, and V' has the range of S%; which is Has.

Proof. First, decompose the matrix we precondition in the following way :

= (SySiWnS,Sy + ASnmSay)
= Su(Cy + XISy,
Since by definition of V, VA~! = S%,B,
ATVHC, + ANV A = BT Sy (C, + M\)Sy,B=B"HB
where the last equality comes from the preliminary calculation. By definition of H, we have shown that

A-TV(C, + AX)VA™ = H.

To obtain the partial isometry, note that using the definitions of A, U, T in definition 2, we find V = S3,BA =
S%,UT~L. Then, using equation 1. in proposition ??, we find that

V'V =T"TUuT S8y S;,UT™!
=7 "vyTurtrvtur-! =1,

Finally, since Sy S;, = (UTT)(UTT)T, and T is invertible, the range of U is the same as the range of Sy;.
Thus, the range of S%,U is equal to the range of Sy and thus the range of V = S%,UT~! is also the range of
S

O

Lemma 3. H = [ + E where E = A"TV*(C,, — Go)VA~". In particular, if ||E|| < 1, then

7y < L]
cond(H) < ———+
1—[[E]
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Before proving this lemma, we will prove the following technical lemma, which shows that our preconditioner
satisfies the good matrix properties (see discussion before definition 2)

Lemma 4 (technical properties of the preconditioner). The preconditioner we defined in Definition 2 satisfies
the following property:

B” (8155DoWaDaSqSis + AnSnSis) B = B Sy (G +AT) Si/B = I (B.1)
Proof. Using the matrices U, T, A introduced in definition 2, we have by definition of A:

UTTATATUT = UTT (T-TUT SuSHDoWoDoSoSiUT ™ + Al,,) TUT
=UUT (SmSH5DoWoDoSoShy ) UUT + \UTTTU™

Using the fact that UUT Sy, = Sy (the span of Sy is the span of Sy S3,) and UTTTUT = S),S%, (see
definition 2),
UTTATATU" = Sy S5DoWqDoSq S + ASuSiy

Using this equality, since B = UT"*A~! and UTU = I,,, (see definition 2), equation (B.1) falls directly. [
We can now prove lemma 3, simply using the previous technical lemma:

Proof. We need to show that A*TV*(CA?Q +AM)VA~! = 1. To do so, develop this using operators :
ATV (G + N)VA™ = BYSy (Gg + \) S3 B
We then conclude using the (B.1) O

Lemma 5. Let E be as defined in 3. Then

IEI| < 11Gyg/* (C — G@) Gl (B.2)

Proof. First note that in the proof of lemma 3, we prove that A~TV*(Gg + AI)VA~! = I and thus
— e 1/2 Tk _
A7V IP = 1477V (G + AVATY| = [17]] =1
Then, we multiply and divide by G;é/ % to obtain

|E|| = |A~TV*(C, — Go)VA™Y]
1/2 ~4—1/2 —1/2 ~1/2 _
= |47V GGG (Co - Go)Grg G v AT
< ATV GG 1G> (Cn — Go)Gr PN NIGAG VAT
= | ATV GNP 11G 2 (Cn — GGy 21 = 1IGy 2 (C — GQ) Gyl

B.2 Representation of the FALKON estimator

Lemma 6 (Representation of the Falkon estimator in H).

0)\ M,Q,t S* )\ ,M,Q\t — SX/[BBAJ\/[’Q’t

Moreover, we have
MM ok \M,Q
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Proof. The fact that epMQt = Szdai"M’Q’t = S&Bﬁi"M’Q’t is just an immediate consequence of the definition
of the FALKON estimator. ~
Then note that by definition, Bi"M’Q = H1BTS,S!b, so that

S5, BANMQ — (S}QBFI*BTSM> S*b

Using the notations in Lemma 2, we see that H~! = A (V*C,V + )\I)_l AT and thus, using the fact that
V =SuBA, :
St BH 'BTSy =V (V*C,V + X)) ' V*

and therefore
St BAIMER = vV (V*C,V + M) VESEb

On the other hand, using the fact that V is a partial isometry with range Hys (see lemma 2), we see that
VV* = Py where Py is the orthogonal projection on H ;. Starting from the characterization of oM in (3.1),
-1
02 = (PrrSiWaSuPas + M) ParSib = PurSyWa/ (Wil SuPaSa Wl + A1) W,/

-1
= VVISIW (WS VYV SiW2 4 ML) W2
=V (V*SEWLS,V + M) ' VESih

which gives us the result.

O]
Lemma 7. Recall that ﬁi"M’Q is the solution to ﬁBL\’M’Q = BT Sy S%b. Then
128229 g = | (ParCPar + M) ™2 ParSibl| = (103700
Proof. Using the definition of H , we can develop
|H'2Boo||> = [|H /2 BT Sy bl 2 =b"5,83BH "B Sy S;b
=078,V (V*C,V 4+ M) V*SEb =b"S, Pr (PryCrPas + M)~ PapSEb
= || (PaCoPag + A1) ™2 Pag Sl 2 =[O oM
L]

This yields the following lemma, using theorem 6.6 of [7]

Lemma 8 (performance of the conjugate gradient method). We can bound the performance of the conjugate
gradient method in the following way:

IHY2(8, — Boo)l| < QUH, )| (ParCr Par + M) ™% PaySibl| = Q(H, 1)||CYL200M| (B.3)
t
[ _ o 2
where Q(H ,t) = 2 <1 cond(ﬁ)+1)
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Appendix C

Probabilistic estimates

Throughout the report, we will adopt and discuss three different sub-sampling strategies which we can use to
sample either the M points (especially when we consider the statistical case and under the assumption (M-2))
or the @ points.

e Uniform sampling : we select indices in {1,...,n} without replacement;

e Sampling according to the weights : we select indices in {1, ...,n} according to the probability vector
w;

gt = 1 _ X
pi = Ty = e where W =

e Sampling using (¢, Ao, §)-approximate leverage scores

This method of sampling is meaningful only if we are in the statistical setting and not in the optimization
one. Let n € N and A > 0. We adapt the definitions from [4]. In this context, the exact leverage scores
are defined by

V1 <i<n, (i) = (M/;/QLMVI/;/Q(VV,}/ZL,WVV;/2 n )\I)‘l)

%

We then define approximate leverage scores:

Definition 12 ((g, Ao, §)-approximate leverage scores). Let 6 > 0, A\g > 0 and ¢ > 1. A (random)
sequence (Ix(i))1<i<n is denoted as (g, Mo, d)-approzimate leverage scores, when the following holds with
probability at least 1 —§:

1
VA= Ao, VI<i<m, glx(i) < Ia(1) < qla(9)

Thus, if we are given a sequence of approximate leverage scores ([)(#))1<i<n, we can sample indices in
{1,...,n} according to the probability vector given by p; = %
g=1"A

C.1 Optimization case

C.1.1 Bounds involving () for the condition number

In the optimization case, the only sampling we can really consider for the ) points is sampling along weights.

Lemma 9. Let Q be an integer, and suppose we sample (Z1,%1), ---, (Tq,Tq) from (z1,Y1), .y (Tn,Yn) according
to the probability vector p; := Zn“” o L<i<n. Let 0 < A < ||Cy| and p > 0.
Then with probability at least 1 — i,

20(1 + DN (V) , (200N (N)
3Q Q

2

where d = log =% S“WQ and Noo(A) is defined in definition 9. Recall Noo(A) < W5

G/ (Cn = Go) G 1/2|\<Lt with t < (C.1)

Proof. e The aim is to bound the following quantity :

1G30% (Cr = G@) G Il < 1G *CVEIRIICR 2 (G — G) Ol

28



IN

(1= M 52 (O = G) O517)) T 11CR 2 (€ — Gy €52

t _ _
< 7 where t = 2 (Cn — Go) Cil )

In this sequence we have used different inequalities to precise in [6]
e Define u to be the random variable distributed as follows:
u = &9]- = \/ﬁQj with probability p;, V1 <j <n
pin

It is easy to see that in our case, Gg is of the form % Z?Zl u; ® u; where the u; are independent and
identically distributed following the law of wu.

Let us now check the hypothesis for proposition 6 in the paper [6]

- w; W 1<
S () () - o
s Pj Pi i=1

— Let us now show the bound on the eigenvalues :

— By definition of u:

M2 w2 " w;
o, Gy < swp WO VIUIE_ Zpm gy i o
1<j<n bjn n ISJ
KJ2

Therefore we can apply the inequality in [6] to find, as long as 0 < A < ||C,,]|, so that for all x> 0, with
probability at least 1 — p,

2d(1 + WN (A 2dWN oo (A

where d = log ?\%.
O

Lemma 10 (bound on the condition number). Let () be an integer, and suppose we sample (Z1,G1), --., (T, Jq)
from (xz1,91), ..y (Tn, Yn) according to the probability vector p; := Z’wiwv 1<i<mn. Let 0 <A <||Cy|| n >0
1=1 3
and § > 0.
Then with probability at least 1 — 9, if

2
0 > 8d |[wNL () <1+n) +1+n +1+77
n 3n 3n

Cond(H) <141

with d = log 8?(';2, then

Proof. Using the notation from lemma C.1, we see that combining lemma 5 and C.1, we find that with probability
1 -0, since 0 < A < ||Cy]l, for any integer @,

1 2d WN oo )

with ¢ < (1+WNx(N)) n 2dWN oo (M)
1—2t 3Q Q

Solving the previous inequality, we easily find that /@ must be greater than the solution of an order 2
polynomial, and bounding this solution, we obtain the desired inequality.

Cond(H) <

O
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C.1.2 Bounds involving M to measure the precision of the Nystrom approximation
in the sub-sampling case

In this section and only in this section, we will always make the assumption (M-2) wich we recall below:

M
S& Lo Zajﬁij where (ij)lﬁjﬁM < {1, ,n}M (M—Q)
j=1
This allows us to make a probabilistic analysis of the effect of Py, and is also the most natural way to reduce
dimension. Let us define the different operators associated to this sub-sampling.

Definition 13 (M-points by sub-sampling). Suppose we make the assumption (M-2). Suppose the (i;)1<j<m
are iid samples from {1, ...,n} according to the probability vector p = (p;)1<i<n. We define

e Was = Diag (wi_j)lngM € RMXM gnd Dy = Diag( n; > ;
1<j<M

OSM:xEH%%(x~vij) ) cRM

M 1<j<M

o Gu = Sy DyuWaDuSur = 5 S%, ( “ii g, ) ( %e) and Gy = Gag + A

np7

Lemma 11 (Nystrom approximation in the empirical setting, non-uniform). Suppose we sample Nystrom points

Wi

by sampling M points from {1,...,n} along the probability vector p = (p;)1<i<n where p; = S = i Suppose

2
we have 6 > 0,7 >0 and 0 < A < ||Cp]|. If M > d <2wNoo()\) (H_T") + §1:">, then with probability at least
1-4,

(7 = Pan)CR 1P < AL+ )

where d = log 4TT(C") <log =% 4“’” In particular, ifn =2, if M > d ( WNoo () + 2), then with probability at least
1-9,

(I = Pa)Cy2 I < 3

pin
Using proposition 3 and 8 of [4], we find that

Proof. Recall that Gy = ﬁ Z;Vil ( Lig. ) ( %éj) = % Z;Vil éj ® éj which has the same range as Py;.

A

(I — Par)CyL2 |12 <
A (5,7 (o = Gar) €5,17%)

Proceeding as in lemma C.1, and applying proposition 6 of [6], we find that with probability at least 1 —§,

2

4Tr(Cy) <l 4wk

N S BTN

2d 2dWN ()
+ - 7

—-1/2 B -1/2) o 24
Amax<0 (Cp — Gar) O )_3M =

, where d = log

Following the same proof, we have the following lemma for uniform sampling.

Lemma 12 (Nystrom approximation in the empirical setting,uniform). Suppose we have a subset of M points
of {1,...,n} sampled uniformly at random with replacement and ||Cy|| > X > 0. Take § > 0, n > 0. With

2
probability at least 1 — 6, if M > d (2 SUP; << WiNoo (A) (HT”) + éngn) , then with probability at least 1 — 0,
1/2
(T = Pan) Oy < AL +)
where d = log 4T&(50") < log 4?(’;2 In particular, if n = 2, if M > d (3 SUP <<y WiNoo (N) +2), then with
probability at least 1 — 9,

(I — Par)Cy/2 1% < 32

Proof. We can obtain a bound with the "with replacement" version. However, in practice it is much better
without replacement and one must use an equivalent of Berstein thing with operators without replacement.
O
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C.2 Statistical case

C.2.1 Bounds involving @) for the condition number

n the statistical case, there are two possible ways of sampling the @) points which make sense : sampling
according to the weights or sampling according to leverage scores.
Sampling according to the weights

Lemma 13. Let QQ be an integer, 6 > 0. Suppose we sample indezxes i1, ...,ig from {1,...,n} according to the

re-normalized weights. When n > 405k2||w||s V 672 ||w]|x log 36”2‘)51””“, if 19K2|7|LwH°° log 32 < X < ||C|, with
probability at least 1 — 9,

HG—1/2 (C _ GQ) G—1/2|| < it where t < 2d(1 + (JJw[l +6||w||00)N00()‘))+\/2d(||w|1 + €] |w][00) Noo (N)

3Q Q
wheredzlog% and e = |/ 5-log 2

Proof. e Using techniques similar to the previous ones, for all g > 0 and A > 0

2d(1 + wNx (X)) N 2dwN 5 (M)
3Q Q

16" (€ = Ga) C %1l <

4intdim(é'7 el )

An 'n

where d = log m

e Applying the bound from proposition 3, we find that for any p > 0, n > 405k2||w|| 00 V67K ||w]| 0 log %
i % log 3. < A < ||C]], then the following holds with probability at least 1 — y :

11Tr (C) < 11 |w]|;x2

A g A A 3
. . —1 < 1/2,~1/22 < Z
intdim (CM C’n) < \ < h\ and [|Cy,,"CY7]7 < B

e Using the Hoeffding inequality, if € = /ﬁ log /lu then with probability at least 1 — p, W < ||w||1 + €||w]|co

2. 2
e Performing a union bound, we have for all 1 > 0, n > 40552 ||w]] o0 V67r2||w] |0 log 22 uw”‘” if 127 U;”H“ log 52 <

A <||C||, with probability at least 1 — 3y, for e = /- 1ogi

Ca (¢, Go) E <2 (1+<|w|1+33|w||oo>fvoo<x>>+\/2d<|w||1+e|c|2w|oowmu>

where d = log w

O

Lemma 14 (Sampling according to weights). Let Q be an integer, 6 > 0, n > 0. Suppose we sample indezxes

i1,y from {1,...,n} using p; = 2. When n > 40562 ||w]|s0 V 6762 ||w]|oo log 36K2|(‘5w‘|°° L if 19&2'};”“‘” log 32 <
A <|C||, then if

1 1 2 1
Q > 8d (J|w|1 + €]|w|]oo) Noo(N) <+” + (;") ) +8d t?”

3n
with probability at least 1 — ¢, 3
Cond(H) <1+4n

where d = log 132}\?(0) < log 132”;\%“1KZ and € = /5~ log 3

Sampling according to leverage scores

Lemma 15. Let Q) be an integer, § > 0, ¢ > 1, \g > 0. Suppose we sample indezes i1, ...,iq from {1,...,n} using

(g, Mo, 8)-leverage scores. When n > 405k%||w||o0 V 67k2||w|] o0 log %, Ao V 19Kzl%log% < X <||Cl,
then with probability at least 1 — 9,
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t 2d(1 + 2.65¢° .3dq?
||G 1/2 (C’ GQ) 1/2||< = with ¢ < d(1+ 2.65¢ N()\))+ 5.3dq? N (\)

3Q Q
where d = log % TT(C) < log M
Proof. e As in a previous lemma :
16N (Cu = Go) 62Nl < 1 where t = |16,/ (€, — Go) €17

e Let us express the leverage scores using the operators we have introduced in section 3.

R n —1
Ih(i) = T WL, Wi/ (WQ/QLMW,W + )\nI) e;

—1

— WS, (Wg/Qﬁn)* (w28, (W;ﬂgn)* ) e
_ (W;/Qﬁn) ((W,Wén)* (W;”Sn) + )\I)_l (W,{/QS”)* e
- %W@Tﬁi, (Cn+ )\I>_l Vi)

711||C_1/2\/w70i\|2 = %Tr ((Cn + Mr)_1 wif); ® el)
In particular, the last equation easily shows that 327, Ix(j) = Tr ((C’n + )\])_1 C‘n> =N(A)

e Define v to be the random variable distributed as follows:
A /’LUj 0 .
\VPim !

It is easy to see that in our case, @Q is of the form é Z?zl v; ® v; where the v; are independent and
identically distributed following the law of v.

v = with probability p;, V1 <j <n

Let us now check the hypothesis for proposition 6 in the paper [6]

— By definition of v:

VI, 1y _ ¢
Bl @] = Zp;( VPl >®<\/pjn9j —ﬁZwﬂj@Gj—Cn

j=1
— Let us now show the bound on the eigenvalues :
) P K, |12 L(i L(i .
0.5ty < sup 1w VORAIE o DOy BOL Sy
1<j<n pjn 1<j<n Pj 1<i<n ()
() o2y
<@ () = PN
() ; () (N

Therefore we can apply proposition 8 in [4] to find, for all 0 < A, u > 0, with probability at least 1 — p,

(1+612/\7(>\))Jr 2dq2 N (\)
3Q Q

165272 (G = Ga) €321 <

41ntd1m(C>m Cn )
7# .

where d = log
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1262 |w]|o

e Applying the bound from proposition 3, we find that for any p > 0, n > 405k2||w|| 00 V67K ||w] |0 log

m )
if % log % < A <||C], then the following holds with probability at least 1 — p :
A 1Tr(C) 11 2 -
intdim (c;,}cn) < A( ) < ”‘”A”m and N(\) < 2.65N ()
Therefore, applying a good union bound with the previous result, with probability at least 1 — 2,
Al N A _ 2d(1 + 2.65¢°N'(\)) 5.3dg2 N (N\)
é 1/2(Cn—G ) 1/2 <
H n Q n || 3Q + Q
where d = log 44Tr(c) <log M
O

Lemma 16 (Bound on the condition number with Nystrom points). Let @ be an integer, 6 > 0, ¢ > 1,
Ao > 0, n > 0. Suppose we sample indexes i1,...,ig from {1,...,n} using (g, X, d)-leverage scores. When

n > 40552 [w]]so V 6752 |]| o log 22l -\ 197 wlles o0 m < ) < |||, then if

2
Q > 21.2d2N () [ 21 ¢ <1+”> Y
3n n 3n

with probability at least 1 — ¢, 3
Cond(H) <147

where d = log 88Tr(c) < log M

C.2.2 Bounds involving M to measure the precision of the Nystrom approximation
in the sub-sampling case

Lemma 17 (Nystrom approximation in the continuous setting, uniform). Suppose we have a subset of M points
of {1,...,n} sampled uniformly at random amongst subsets of Mpoints of {1,...,n} and A > 0. Take § > 0.
With probability at least 1 — 6, if M > d (3Nw(A)A + 2) then

(1 = Pa)Cy% |12 < 3
where Ny(A) = sup,e  [|C5 /> /w(@)p(@) | < [[w]loo s and d = log 255 < log Al

Proof. Recall that CM = M E; 1 (,/ 0. ) ® (,/wjgj) and C’M has range Hys as long as the w; are stricly
positive (positive weights hypothesis). Using proposition 3 of [4], we find that

1/2 —1/2 ~1/2
11 = Pan)Cy?|| < X205/ 20|
Then, using proposition 8 of [6], we have that

A

10 = PGP < - CACES

Let us apply proposition 6 of [6]. Define v to be the random variable \/w(Z)¢(X). We see that with our

hypotheses, C’M = ﬁ ZJM:I v; ® v; where the v; are i.i.d. and follow the law of v. Let us now check the
hypotheses of proposition 6 in [6].

e By definition of v, we have E[v ® v] = C.

- —1/2 —1/2 2
o (1,C510) S NW(A) = sup,ez [|C5 2 /w(2)o@)|1? < [[w]]oe sup,e [[C3 262 < [w]|e 5
We can therefore apply the proposition : with probability 1 — §, we have

2
1/2 /2 - 2d 2dNw(N) _ 4Tr(C) < 4)|wl|1
Amax (C’ <C’ C ) N ) S i + i where d = log s = log BBV

Then note that with the M we want, we systematically have Ap.x < % which suffices. O]
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Lemma 18 (With Nystrom leverage scores). Let M be an integer, § > 0, ¢ > 1, Ay > 0, and suppose the indices

i1,...,0iq have been sampled using (g, Ao, d)-leverage scores. When n > 405k2||w||s V 67£2||w]|oo log %,

Ao v 2 wllee 100 m < X < (O], then if M > 5 + 21.2dg?N'(\), with probability at least 1 — 6,
n 0 3
11— Par)C %17 < 3

Proof. Recall that Gy = ﬁ Z;Vil ( :T’]é]) ® ( %9}) and G has range Hjs as long as the w; are stricly
positive (positive weights hypothesis). Using proposition 3 of [4], we find that
I = Par)C3 2117 < MIGar G317 < MICY 2 CR P IPIGa * Ca 1P

Then, using proposition 8 of [6], we have that

(I = Par)CY? |2 < (1 T (c 172 (C 5 )c 1/2)) (1 A (é;n”z (én - GM) C‘inm))

Let us apply proposition 6 of [6] : with probability 1 — 7 and all A > 0, we have

2intdim (C,1C,)

)\max( -1/2 (C’ -G )C’;nl/2>§32—]\i+ 2(1(]2]\4/\7()\), where d = log

For any 7 > 0, n > 40562||w||o0 V 67K2||w]|s0 log 1%2!“’”“, if 1%2!;””“ log 3= < A < [|C]|, then the following
holds with probability at least 1 — 7 :

11Tr (C) < 11 |w]]1 2

N N 1 ~
intdim (C51C,) < Bl < 50 NV < 2.658(N)

A - A
Taking a union bound and 7 = §, we see that for any n > 40552||w||oc V67K2||w]| o log 245" ‘gw”‘” ,if 19+ U:”H“ log %
A<l o
11 = Par)Cy2 |2 < 7 7
2 (1= Amax (G112 (€0 = Gur) €117%))
and

1/2 _ A—1/2 < ﬁ 53dq2./\/()\) _ 44Tr (C)
Amax (O (C G )Cm ) =3 W where d = log —5

The right hand side quantity is upper bounded by % as soon as M > 8—3d +21.2dg>N'()\) hence the result.  [J

Lemma 19 (With weights). Let M be an integer, 6 > 0, and suppose the indices i1, ...,ip have been sampled
« 2 2

using the weights. When n > 40552||w||so V 67x2||w]|oo log 2% ‘(lsw”"", 19% Ulw”“’ log 22 < X < |[C||, then if

M > 8+ 21.2d ([|w||1 + €]|w||oc) Noo(A) , with probability at least 1 — 6,

(I — Par)Cy/?|2 < 32

66 TT(C and e = /£ log%

where d = log 5

Proof. As previously

A
(I = Pa)Cy?|? < (1= M (62772 (€= €0) €372 ) (1= Ao (€527 (€0 = G ) €37%))

Let us apply proposition 6 of [6] : with probability 1 — 7 and all A > 0, we have

2intdim (C5,1C,,)

Amax (C 1/2 <C’ —GM)C’ 1/2>§32—]\d4+ MTU'?\A[;O()\), where d = log

For any 7 > 0, n > 40552 [w][se V 67k2||w]|o log 225wlles i 1957 lwlle 150 . < X < [|C]|, then the following
holds with probability at least 1 — 7 :

NTr (C) _ 11||wl||1x2 1
< s 1Bl < 5
A A 3

intdim (C5,1C,,) <
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Using the Hoeffding inequality, if € = /5= log 1, then with probability at least 1 — 7, @ < [[wl]1 + €||w||oo

Taking a union bound and 7 = 2, we see that for any n > 405k%||w||e V 67x2%||w]|s log

3 onlulle
19ff?l%log%l <AL ||C||

) , 3\
S v (oo e et

and

o A A A— 2d 5.3d o) Noo (A
e (G527 (G — ) C5277) < 244\ [30 Tl T el N

— 3M M
where d = log 66Tr(c and € = /5~ log

The right hand 51de quantity is upper bounded by % as soon as M > & + 21.2 (||wl[1 + €|[w||s0) N (N)
hence the result.
C.3 Bounds for the intrinsic dimension
We first take this bound from proposition 1 in [4], easily adapted to the case with weights.

Lemma 20 (Empirical effective dimension). Recall that N'(\) = (C c ) For any d > 0, n > 405x2||w||sV
6752 |w|| o0 log 6"’~ZII§UHOO if 19n2|7|LwH°° log 7% < A <||C||, then the following holds with probability at least 1 — 4,

IN(A) = N(N)] < 165N (V)

Remark 1. Under the same conditions, with probability 1 — 2§ :

IN(A) = N(N)| < L.65N(N) and || B,|| <

Wl =

where B, = C;/* (€= ¢,) ;1%

Proposition 3 (Bound on the intrinsic dimension). Recall the definition of the intrinsic dimension of a

trace-class operator T : intdim (T) = % For any § > 0, n > 405k2||w||o0 V 67K2||w||oo 10

% log 55 < A < |[|C||, then the following holds with probability at least 1 — 6 :

1262 |w]]oe
g 5 ) if

intdim ((Z*;,}C*n) < 2.65 <1 4 A > intdim (C5*C) < 5.3intdim (C5*CO)

[IE]
and 53Tr(C) 53Tr(C) _11Tr(C) _ 11]|w||1x>

AT R S
Proof. Let § > 0 Using the previous, under the conditions of the theorem, we have with probability at least
1-6:

ntdim (CA';nlCA'n) <

0 1
V) =NV < L6V (A) and [|Ba]] < 3
where B, = C} /2 (C ¢ )0 /2 Note that

Cole, —cite = —xe; (1 - B,) ' B,Cy P

Thus,
o _ ~ _ Bl
CLIC, — OO < ACTH|(I — Bp) ™ 'By| € —=— Clc ” " cyte
Noting that intdim (C’MlC ) %, applying a simple bound, we get
An
intdim (C51C,,) = N 266 N __ 265 i (050)

— A -1 - A
G Call ~ 1= e ICX'CIL 1= 5y
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<1+ 2- and intdim (C;lc) < 2T+(C)’

- el
2[[C]
2
5.3Tr (C) L 53T (€) _ UTe(C) _ Wwls
[1C| P U A

Then, using the fact that if A < ||C|] ,

intdim (CA';;CA',L) <

C.4 Bounds for the sampling error in the statistical case

In this section, we aim to bound the sampling error, that is the quantity S(A,n) = HC/\_l/2 (S’;Bn — C’nG*) ‘ =
|32 ($aWatn = Cut

We will consider two different technical hypotheses depending on the point of view and precision we need.
Assume that hypothesis (S-4) is satisfied.

50> 0, L>0, ¥p > 2, E[B(Z) ~ w(Z){6(X), 0.)u]") < 5plo* L7~ (5-5)

1
Jo >0, L>0,Vp>2,Vz€eZ, |r(z) — (0x, ()| w(z) < §p!02LP_2 (S-5b)
We now state two lemmas whose proof is straightforward using proposition 11 in [4].

Lemma 21. Assume (S-5). Then for any 7 > 0, with probability 1 — T,

2\/Noo (V) L log 2 2N () log 2
SOun) < og 2 0?Noo(A) log £

n

Lemma 22. Assume (S-5b). Then for any T > 0, with probability 1 — T,

2 N L log 2 2\(\) log 2
SOun) < VN og 2 a2 N () log ©

n

Remark 2. We have the two following particular cases.

o If||b]]|oo < 400, if we assume (S-1), (S-2) and (S-4), then (S-5) and (S-3 bis) are satisfied, with o = L =
(1Blloo + &lwl[oo 6124

o if ||r|loc < o0, if we assume (S-1), (S-2) and (S-4), then (S-5b) and (S-3) are satisfied with o =

(Illoo + #1162 ]|2¢) [[w]|5£> and L = (|[r]|oc + #][64]]2¢)-
Lemma 23. Assume (S-1), (S-2) and (S-4).

o If (S-5) is satisfied, then with probability at least 1 — T,

A1/9 A 202logt Llogi
L e K A Ll (©2)

e If (S-5b) is satisfied, then with probability at least 1 — T,

Héifféi’MH < VT + e + VIl + elfwllkll6 | (C:3)

AL%||w log = 2(4Lo)*||w]|1 lo =
where €] = I ||oo g 2 /2( )H [|11og 2 and €5 = /1 2gn

Proof. Recall that

—-1/2

AL/2 AN, M A —1/2 Gk ] A / Crx ~
HCM o> H - (PMC’HPMJr)\I) Py8b, || = (PMOHPM+M) Py 8 Wi,

e Assume (S-5). Using the first part of the equality, we easily get :

1/2 a A
1/29“4” - H PMC’ PM+M) Pu8:by
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—1/2

szqs )
Db = i) -6, +i2|wi¢<xi>-9*>
2

-1/2,, <
-1/2,. <
Thus, using a basic Bernstein inequality, we find that with probability at least 1 — 7,

A1/2 A 202log L Llog?
|eze| < a2 | |00 2255 o w6l

e Assume (S-5b). Using the second part of the equality, we get

i=1

— wip(z;) - O +Hl9*IIHIIwII1>

N A A —1/2 A
ez < H (PuCaPr+ A1) PySiw

<1 HWQ/%,L

Let us now bound the term HWﬁ/an . Separating it in two, we get

¢zl L wilry? ¢z“wm—e ()2 ¢z“wzw ()2

HWg/zfn
n

The second term is easily bounded by v/T@k)||0,|7. To bound the first term, we set ¢ = w(Z) |r(Z) — 6, - ¢(X)|*
and apply a Bernstein inequality. Indeed, let s := E[(]. Using (S-5b), we get that for all p > 2,

1
E[IC] < 5 (2p)!o L2 [l 55 [w] ]

1
<SP L ][y (417 |w]| )72

Setting L = 4L?||w|| and 6 = 40 L|jw||1, a Vp > 2, E[|¢[P] < 4plG2LP~2. Thus, with probability at least

1—7,
1 Elog% 2&log%
=3 G-E[] < +/
n & n n

Finally, since E[¢] < 02, we get our final bound, with probability at least 1 — 7 :

il Llog 25 log 1
_ e 8-
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Appendix D

Final bounds for FALKON with weights

D.1 Optimization setting

Since FALKON approximates 62 ie. the solution to problem (Q3,) using a conjugate gradient algorithm,

our first step is to estimate the distance between our FALKON estimator oM@t

the purpose of the following lemma:

and this quantity, which is

Lemma 24 (performance of the FALKON wrt Qi’M). Let @ be an integer, and suppose we sample the QQ points

according to the probability vector p; 1= aniw, 1<i<n. Let 0 < A< ||Cy]| and 6 > 0.
=1 7

For all v > 0, if Q > 8d cosh? (%) [(% + cosh? (%)) WN(A) + %] , then, with probability at least 1 — 4,
Vi > 0,[|Cy (009 — 02 M)|| < 27 |Cy 200 |

— 2
where d = log 8"%.

In particular, if Q > d(16.4WNx(\) 4+ 3.4), then with probability at least 1 — 0,
vt >0, Hcif(gi\,M,Q,t _ ei’M)H < 267t‘|0i£20i\’MH
which is equivalent to saying

2 0, B (02M90) - B(02M) < de M B (02)

Proof. e By lemma 2, H = BTS), (C,, + \) Sy B. Using lemma 6,

[ HY2(BIMQ0 — pAMQY||2 — [|C)/2() M — gAM)| 12

Since |[H'V2(g0M@ — gEMO) 12 < Q(H,)||[HY?5M ||, combining the previous calculation with
lemma 8, we have
IO = 0212 < QU B)l|C 6|

e Bounding the term Q(ﬁ ,t) is equivalent to bounding the condition number with the right constant, and

then use lemma 10.
O

Note: If we use random sub-sampling instead of weights, we only need to replace w by sup; <, <, w;.

D.2 Statistical setting

Recall that we always make the (S-4) assumption on the existence of a solution to problem (Q). In this section,
we study the problem under the more general hypotheses (the so-called source condition)

ds € [0,1/2], C™%6, exists and IR > 1, [|CT°0.|| < R (S-4b)
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Let us now decompose the risk between 62 and 6., as is done in Theorem 2 of [4].

Lemma 25. Let s be as in assumption (S-4b) and 62"

have the following bound on the objective:

be the Nystrom estimator. Then for any A\, M > 0, we

E(OMM) — £(0.)[V2 < K2S(A,n) + R | (1 + kyks)C(M)Y/2Hs + k%AW*S] (D.1)

where ky = [|C32C3 2, ke = (|CY2C5 211 SOum) = (105285 (b = Wi8u.)|| and C(M) = [|C}/*(1 —
Par)|2.

Proof.
E@XM) — (0.2 = [|CV2 (02 — 0. ) |

< 16205 11(C,) 5 bn = W 8,0.) | +11CV (T = g5, 1a(C,)C,) Bl

A

B

N ~ —1
where gx 1(C,) =V (V*CnV + M) v

e Let us first bound term A.
A<CY2E | 1CVE annt (C) ORI G 232 1O 255 (b — WS

And thus, using techniques from [4]
A<k3S(\n)

e Dealing with term B is done exactly as in the proof of Theorem 2 in [4].

O
Theorem 3. Let§ > 0. Assume (S-1),(S-2),(S-4b). Assume that n, \ satisfy n > 40562||w]]0o V6TK?||w]| o M\/
100 max(1, ||w|| ) log &, 19"””rz)‘%log 31 X < A< |[C||. With probability at least 1 — 6,
A\, M,t 1/2 4 1/2+s
VE > i, R (O2M) 7 < SS(n) +10RA (D.2)
Where, assuming (S-5),
1.20 4 0.01L 4 24/Ns(A)Llog ¢ 2Noo(A) log &
b g P02 OOk wlBulbllul) s 2VNEOILIog§ | o3 log
8RAl+s n n
and assuming (S-5b),
o+ 0.3L + 1/ ||w||16] 0«1 2/ N (N Llog 8 2N(\) log 8
foin = log [|w|[1]0] and SO\ n) = (A) 85 |7 (A)log %
SRA\1/2+s n n
The bounds needed for M are the following depending on the different sampling schemes, setting d = log w <
2
log 132“)1\%”15 .

e In the random case, M > (d — log 22)(4.5N,(X) + 2)
e In the Nystrom case M > 52 +21.2dg>N'())
o in the weighted case, M > 8 + 21.2d[[w|[; N ()

And on Q, setting d = log %3;(0) < log % :

o In the weighted case Q > d (16.4||w||1./\/00()\) + 3.4)

e In the Nystrom case (Q > J(44q2N()\) + 3.4)
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where ||w||1 = ||w]||1 + 0.08]|w]|sc -

Proof. First note that

R (éA,M,t) 1/2 < Hcl/z (éA,M B é)\,M,t)

e (@2 -a,)]
Using the definitions in the previous lemma, we have
HcW (éivM - 9*) H < k2S(\n) + R [(1 + kyko)C(M)Y/2Fs 4 kgxl/”ﬂ

and
o (02— o) < s ez

Then we combine the following elements:
e we bound k7 and ks using section C.3, which is essentially asking that n be greater than a certain constant;
e we bound S(A,n) using the bounds we obtain in section C.4;

e we bound C(M) by 3\ under the conditions given in section C.2.2, depending on the sub-sampling strategy;

These three elements allow us to bound HC1/2 (GAfM — 9*)

= RV by
4 1/2+s
SO\ n) +8.5RA

To bound [[0/2 (92 — 1)

, We use
e once again the bound on ks;

e the bound on HCA')l\r/fé;\MH provided in section C.4

e the bound on Q(H,t) given in section C.2.1 depending on the sampling strategy for Q.

We can now apply this result to obtain the generalization bounds, only supposing that 6, exists.
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