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Abstract

This paper introduces the Collaborative Likelihood-ratio Estimation problem, which is rele-
vant for applications involving multiple statistical estimation tasks that can be mapped to
the nodes of a fixed graph expressing pairwise task similarity. Each graph node v observes
i.i.d. data from two unknown node-specific pdfs, p, and g,, and the goal is to estimate the
likelihood-ratios (or density-ratios), r,(z) = ZUEZZ;
we present a non-parametric collaborative framework that leverages the graph structure of
the problem to solve the tasks more efficiently; we present a concrete method that we call
Graph-based Relative Unconstrained Least-Squares Importance Fitting (GRULSIF) along
with an efficient implementation; we derive convergence rates that highlight the role of the
main variables of the problem. Our theoretical results explicit the conditions under which
the collaborative estimation leads to performance gains compared to solving each estima-
tion task independently. Finally, in a series of experiments, we demonstrate that the joint
likelihood-ratio estimation of GRULSIF at all graph nodes is more accurate compared to
state-of-the-art methods that operate independently at each node, and we verify that the
behavior of GRULSIF is in agreement with our theoretical analysis.

, for all v. Our contribution is multifold:

Keywords: Unsupervised learning, f-divergence, likelihood-ratio estimation, kernel meth-
ods, graph regularization, multitask learning.

1. Introduction

The quantification and statistical validation of the difference between two probability mea-
sures, P and @), is a fundamental problem in Machine Learning and Statistics. The
likelihood-ratio between the associated pdfs, r(x) = %, can serve this purpose and has
been used in designing statistical tests and detectors (Tartakovsky et al., 2014; Lehmann
and Romano, 2022). In many practical cases where p and ¢ are unknown and only sampled
data are available from each of them, r(-) needs to be estimated from the available data via
non-parametric methods that require minimal assumptions about p and ¢. A critical compo-
nent in likelihood-ratio estimation (LRE) is the variational representation of f-divergences
(¢-divergence), which shows how measuring the dissimilarity between P and @, that is
Dy(P||Q), is equivalent to solving a functional optimization problem (Nguyen et al., 2008,
2010; Sugiyama et al., 2012; Agrawal and Horel, 2021; Birrell et al., 2022a). Interestingly,
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Figure 1: Collaborative LRE over a graph. Given observations from two probabilistic models p,
(blue) and ¢, (pink) at each node v of a graph (left), the proposed Collaborative LRE framework aims
at estimating jointly all the N associated likelihood-ratios r, (right) in a collaborative and distributed
manner. This example shows how using only the input data X C R?, essentially a vector-valued function
r(-)=(r1(-),...,mrn(+)) is derived holding the likelihood-ratios.

under some conditions on P, @, and Dy(P||Q), the solution to this optimization problem
leads to an approximation of the likelihood-ratio.

The existing research has focused on the single LRE problem, however, modern chal-
lenges are posed when multiple entities need to solve similar problems using local data
samples. For instance, each entity may correspond to an agency or sensor collecting lo-
cal data for different geographic areas, e.g. meteorological data, air pollution sensor net-
works, medical surveys across geographic regions. Then, one’s interest may be to estimate
a likelihood-ratio at each location, which can be subsequently used in application tasks.
In such application settings, Collaborative LRE could play a crucial role by ensuring that
the heterogeneity among what each entity observes locally will not get diluted by any sort
of global data aggregation. Under certain conditions, this approach can enhance the es-
timation of the likelihood-ratios associated to each entity, hence the performance in the
application task of one’s interest, as compared to ignoring the graph structure of the prob-
lem. Therefore, the intriguing question we put forward in this work is how can these entities
collaborate to solve their LRE tasks better than operating independently on their own.

Contribution. This work introduces the Collaborative LRE problem for multiple data
sources: each data source v, represented as a node in a fixed graph, intends to compare
two node-specific pdfs, p, and q,, using local i.i.d. observations. The novelty lies in the
collaborative estimation of the likelihood-ratios, r,(z) = Zq)zgg, instead of independently
at each node. Our fundamental hypothesis is that the graph structure conveys valuable
information about how similar are expected to be the estimation tasks at any two nodes.
A visual summary of the problem is provided in Fig.1. We also present an algorithm for
the Collaborative LRE problem, called Graph-based Relative Unconstrained Least Squares
Importance Fitting (GRULSIF). As in previous works in LRE, GRULSIF is defined in
terms of the variational representation of ¢-divergences (Nguyen et al., 2008, 2010). In this
graph-based extension where multiple likelihood-ratios need to be estimated, we consider
a functional space of vector-valued functions whose geometry encodes the node similarity
hypothesis. Our framework assumes that the likelihood-ratios we aim to estimate {7, },ev

are elements of a Reproducing Kernel Hilbert Space (RKHS) H shared among all nodes,
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and that at two adjacent nodes u and v, the likelihood-ratios r, and r, will be close to each
other in H. This graph-based setting has the following characteristics:

1. The Collaborative LRE is an instance of Multitask Learning, which has been shown
to improve the generalization in supervised problems (Maurer, 2006a,b; Yousefi et al.,
2018; Zhang and Yang, 2021) and has motivated special and often distributed opti-
mization schemes (Nassif et al., 2020a,b,c; Zhang and Yang, 2021).

2. The GRULSIF method is characterized by convergence rates that are derived thanks
also to the available theoretical results in the literature. Moreover, we identify under
which conditions the Collaborative LRE outperforms the independent LRE, as well
as the sensitivity of the former to important problem variables, such as the amount
of available data per node, the number of nodes, and whether prior information is
provided in the form of a graph structure.

3. Our numerical implementation exploits the graph structure of the problem and a
shared RKHS for all nodes, and scales well in the number of nodes. GRULSIF provides
also guidelines for hyperparameter selection and its sensitivity to different choices.

LRE applications and motivation for graph-based extensions. The interplay be-
tween ¢-divergence and likelihood-ratio has led to several applications, such as Transfer
Learning, Hypothesis Testing, and Change-point Detection. Transfer Learning relaxes the
classical hypothesis that the training and the test datasets are samples of the same distribu-
tion, and relies instead on importance weighting that trains a predictive model by focusing
on training losses that are weighted according to the test-over-training likelihood-ratio,
r(z)= % (Huang et al., 2006; Sugiyama et al., 2007; Yamada et al., 2013; Lu et al.,
2023). In Hypothesis Testing, statistical tests based on ¢-divergences are suitable when the
forms of ¢ and p are unknown, and only data samples are available. The test statistic takes
the form of an approximated ¢-divergence via empirical averages over estimated likelihood-
ratios (Sugiyama et al., 2011b, 2012; Yamada et al., 2013). Similarly, in non-parametric
Change-point Detection the goal is to detect the moment at which a time-series changes
behavior from p to ¢, which are both unknown (Liu et al., 2013; Ferrari et al., 2023). The
workflow in such applications comprises two stages: the likelihood-ratio is first estimated,
and then it is used to compute application-specific scores, e.g. a weighting function or a
test statistic. This explains the broad interest of the research community in generic LRE
approaches that can implement the first of the above stages.

The graph-based counterpart of this problem introduced in this work is motivated by
the recent technological advances that have increased the capacity to monitor many aspects
of daily life or natural phenomena by collecting and analyzing data coming from multiple
sources. Imagine, for example, a network of sensors monitoring air quality of a city, where
sensors that are close to each other are likely to record similar signals. Using the data from
each sensor and the similarities between them, one could design a two-sample test based
on likelihood-ratio estimation to detect pollution peaks. In another example, the similarity
between hospitals in terms of the patient profiles they receive, can be exploited by graph-
based LRE to enable Transfer Learning and update their diagnostic algorithms in response
to changes in the behavior of a disease.

The emergence of such systems that are made of multiple sensors or agents, each of them
generating their own data, poses the intriguing question how to adapt LRE approaches so
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they integrate this heterogeneity while enabling collaboration. This challenge has already
been mentioned in Sugiyama et al. (2012) (chapter: “Conclusions and Future Directions”),
where the need for such methods was acknowledged so that likelihood-ratio-based techniques
to be applied to real-world problems such as sensory data, finance and neuroscience. Besides,
Multitask Learning and Federated Learning literature acknowledges graph-based modeling
as a promising research direction to address within their scope. The underlying hypothesis
is that agents share similarities that can be modeled via graph-based techniques, and then
those similarities can be leveraged to design more efficient machine learning methods. This
work is on this direction by proposing the GRULSIF framework that can enable applications
such as the aforementioned. Worth noting, this framework has already been employed in
works developed in parallel as foundation for Change-Point Detection and Two-Sample
Testing that account for graph-structured data (de la Concha et al., 2023, 2025).

Organization of the paper. Sec.?2 introduces the Collaborative LRE problem and pro-
vides the building elements of our framework. Sec. 3 presents the main technical contribution
of the paper, the GRULSIF method. Sec. 4 provides theoretical guarantees on GRULSIF’s
excess risk. Sec. ) discusses the elements allowing an efficient GRULSIF implementation.
Sec. 6 illustrates the performance of GRULSIF in experiments on synthetic and real-life
data. Our concluding remarks follow in Sec. 7. Technical details are in the Appendix.

2. Problem definition and background

In this section, we start by giving general notations and a problem statement. Then, we
provide a brief background for each of the diverse technical elements we combine in this
work, while at the same time justifying a series of choices that have been made.

General notations. Let a; be the i-th entry of a vector a; when the vector is itself
indexed by j, we refer to its i-th entry by a;;. A;; denotes the entry at the i-th row and
j-th column of a matrix A, and A, . is its ¢-th row. 1p; and 0y represent vectors with M
ones and zeros, respectively, Ips is the M x M identity matrix. The Euclidean norm and
dot product appear as ||-|| and (-, -), and when referring to a functional space H they are
indexed as ||-||y and (-, -)m. We consider a fixed, undirected and positive-weighted graph
G = (V,E,W), without self-loops, defined by the set V' containing N nodes, the set of
edges E, and a non-negative weight matrix W € RV*¥ such that Wy, =0, Yu € V, and
Wiy = Wiy > 0. The set containing the neighbors of node v is ng(v) = {u : Wy, # 0}, and
the node degree is d, = |ng(v)| = >, 1{Wu, #0}, where |set| € N* is the cardinality of a
set, and 1{condition} € {0,1} is the indicator function. The combinatorial graph Laplacian
operator is defined by £ = diag((dy),cv)— W, where diag(-) is a diagonal matrix with the
input elements in its diagonal. In the rest, composite objects (vectors, matrices, sets, etc.)
referring to all the nodes of a graph appear in bold font.

2.1 Collaborative likelihood-ratio estimation (LRE): Problem statement

In a given fixed, undirected, and positive-weighted graph G = (V,E, W), suppose each
node v has independent and identically distributed (i.i.d.) observations from two unknown
probability measures P, and @, (see the formal Assumption2): n, observations from P,,
and respectively n] others from @Q,. Let the measures P, and @, admit the pdfs p, and
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¢y with respect to (w.r.t.) a reference measure p over a common input space X’; then, the
available observations are defined as:

. iid.
{ X :{XU}’UGVZ{{x’l},lw"axv,nv}}ve‘/? Vv, Ly,i S Do, xv,i€X§ (1)
. Lid.
X' ={Xl} ey = {{%71,...,3:;7%}}1}6‘/, Vv, : x;” " s :):;z eEX.

Consider a LRE task at each node v, quantifying how different p, and g, are by learning a
node-specific model f, that approximates the likelihood-ratio function. The Collaborative
LRE problem aims to learn jointly all the N models by leveraging the similarity between
tasks of adjacent nodes (see Fig. 1). Note that for technical reasons, explained in Sec. 2.3 and
later in the paper, instead of the typical likelihood-ratio function r,(-) = 228, we propose

to approximate the a-relative likelihood-ratio function expressed in Eq. 2.

2.2 Likelihood-ratio functions

Let (X,Z) be a measurable space. We denote by M1 (X) the set of positive o-finite measures
over (X,Z), M(X) refers to the space of all finite signed measures, and P(X) is the set of
probability measures. Any p € M(X) admits a unique decomposition as the difference of
two positive measures, p=pT —p~, where at least one of them is finite (Hahn decomposition
theorem). Then, the total variation measure of p € M(X) is defined as |p|=pT +p~.

For two probability measures P,Q € P(X'), the Radon-Nikodym derivative r = g—g(x)
exists iff Q < P (consequence of the Radon-Nikodym theorem). When both P,Q admit a
pdf, p and ¢, w.r.t. a reference measure p, the Radon-Nikodym derivative is rewritten as
r(x)= %(x) = %. The quotient % is known as the likelihood-ratio or density-ratio.

In practice,  may not be absolutely continuous w.r.t. P (i.e. @ &« P), which implies that
the Radon-Nikodym derivative does not exist and hence the LRE problem is ill-defined. A
flexible workaround is the a-regularization that chooses a value 0 < a <1 and introduces the
convex combination of P and @) as a composite probability measure: P* = (1—a)P+aQ.
An advantage is that setting o > 0 ensures Q < P; in addition, when P and ) admit a pdf
p and ¢, the likelihood-ratio is replaced by the a-relative likelihood-ratio function (Yamada
et al., 2011), r*: X — R, indexed by a:

(1—a)p(z) +aq(z)

Notably, when a > 0, the ratio r® is always bounded above by 1/a and does not suffer from
numerical problems typically faced when trying to approximate an unbounded function.

1
<—, foranyO<a<l. (2)
«

2.3 Likelihood-ratio estimation with ¢-divergences

¢-divergence. ¢-divergences offer a unified view to various statistical problems, as they can
be used both for the quantification of the dissimilarity between two probability measures P
and @ and for training probabilistic models. In the LRE context, variational representations
of ¢-divergences have been used to define valid surrogate cost functions such that estimating
the likelihood-ratio to amount to solving an optimization problem defined in a functional
space F. This has the advantage of minimizing the required assumptions on P and @, and
allows the direct approximation of the likelihood-ratio. In most applications, for efficient
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estimation it is more intuitive to impose regularity conditions on the likelihood-ratio via
the geometry of the functional space F, rather than specifying explicitly P and Q.

Formally, a ¢-divergence is a positive measure that quantifies the dissimilarity between
two probability measured P and () defined over an input space X:

dQ ; .
Dy(PQ) = /cb(dp)(w)dP(:r), f Q<P;
+ 00, if Q& P,

3)

where ¢ : R — R is a proper closed convex function from (—oo,o0) to [0,00] with ¢(1) =0, and
such that its domain Dom(¢) ={z € R|#(x) < oo} is an interval with endpoints as <1 < by
(Csiszar, 1967; Broniatowski and Keziou, 2006; Birrell et al., 2022a). If Dy(P||Q) > 0 holds,
and if ¢ is strictly convex at 1, then Dy(P||Q) =0 iff P = Q. Notably, for z € R, setting
¢(z) = —log(z) recovers the KL-divergence (Kullback, 1959), while ¢(z) = £(z—1)? recovers
Pearson’s y2-divergence (Pearson, 1900).

Variational representation of ¢-divergences. Deriving valid variational representations
is an active research topic and there are several formulations built using different assump-
tions (Broniatowski and Keziou, 2006; Nguyen et al., 2008, 2010; Agrawal and Horel, 2021;
Birrell et al., 2022a,b; Bach, 2024). In this work, we focus on the following result.

Theorem 1 (Theorem 4.3 in Broniatowski and Keziou (2006)). Let F be some class of
measurable real-valued functions defined on X, B the set of all bounded measurable real-
valued functions defined on X, and span(FUB) the set of all linear combinations of the set
FUB; let also the set:

Mfz{@eM ‘ [1f1d1Q1<ox, erf}, (4)

where |Q| denotes the total variation of the signed finite measure Q.
Assume that ¢ is differentiable. Then, for all Q € MF, such that Dy(P||Q) is finite and
qb’(g—g) belongs to span(FUB), Dy(P| Q) admits the dual representation:

Dy(P|Q)=  sup /g(:v’)dQ(fC') —/qb*(g)(fv) dP(x) ()

gE€span(FUB)

where ¢* denotes the convex conjugate of ¢. And the function g* = qﬁ’(%) is a dual optimal
solution. Furthermore, if ¢ is essentially smooth, then g* is the unique dual solution P-
almost everywhere.

Solving Problem 5 to estimate the ¢-divergence, depends on the functional space F and
the set defined by the subdifferential of ¢, which is evaluated at the likelihood-ratio r(x)
for x € X. This link has been exploited to define convex functional optimization problems
that first estimate the likelihood-ratio and then the associated ¢-divergence (Nguyen et al.,
2008, 2010; Sugiyama et al., 2012). This approach makes no hypothesis about the form of ¢
and p, hence leads to non-parametric algorithms that only need data observations coming
from p and ¢. Note that we write Dg(P[|Q) :=Dy(P(|Q) to define a ¢-divergence in the
form of Eq. 3, but in terms of the relative likelihood-ratio r*. Moreover, Dg(P[|Q) is a valid

6
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dissimilarity function, since Dg(P[|Q) >0, and when ¢ is strictly convex around 1 it can be
verified that Dg(P||Q) =0 iff P=@Q. Then, the result of Theorem 1 links the variational
formulation of Dg(P|Q) and the relative likelihood-ratio r.

To address the Collaborative LRE problem stated in Sec.2.1, we define a surrogate
cost function based on the variational representation of Dg(F,[|Qu) to jointly estimate all

{r%}yev, i.e. one (relative) likelihood-ratio function r(xz) = (lfa)pgq(é?laqv 7 € R for each
node over a vector-valued functional space G. We choose a normed vector space G whose
norm encodes the given information regarding the similarity between the graph nodes, which

in this case amounts to the similarity between their likelihood-ratio functions {r§},cy .

2.4 Non-parametric estimation

LRE can be addressed using different functional spaces, e.g. Neural Networks (Nowozin
et al., 2016; Rhodes et al., 2020; Kato and Teshima, 2021) or Reproducing Kernel Hilbert
Spaces (RKHSSs) (Sugiyama et al., 2007; Nguyen et al., 2010; Yamada et al., 2013; Kanamori
et al., 2011; Zellinger et al., 2023; de la Concha et al., 2024; Nguyen et al., 2024). The
choice depends on the availability of data, the computational resources, or other prior
information about the likelihood-ratio. In this work, we focus on RKHSs as they offer
numerous comparative advantages: they provide geometrical operations defined in Hilbert
spaces that facilitate the estimation and theoretical analysis; they allow us to learn in
rich infinite-dimensional spaces, and the complexity of the approximated function can be
elegantly expressed by the norm ||-||y.

Traditional Kernel Methods model scalar functions in a RKHS space associated with
a positive definite kernel. In our context, we would like to approximate the vector-valued
function r®(-) = (r¢(+),...,r%(-)) € HY, where each dimension is associated with a node of the
graph. Moreover, we would like the functional space to be rich enough to approximate all
those N likelihood-ratios. This is possible via a Vector-Valued Reproducing Kernel Hilbert
Space (VV-RKHS), which is a multivariate generalization of the scalar RKHS (Micchelli
and Pontil, 2005; Carmeli et al., 2006 Alvarez et al., 2012). Formal definitions follow.

Scalar RKHS. Let X be a set, and H C RV a class of functions forming a real Hilbert
space with inner-product (-, -)g. K: X x X = R is a reproducing kernel function of H if:

1. H contains all functions of the form: Vo € X', K(z,-): t = K(z,t).
2. For every z € X and f € H the reproducing property holds: f(z)=(f, K(z,-))n.

If a reproducing kernel K exists, then H is called a RKHS. An RKHS has a unique repro-
ducing kernel, and conversely, a function K describes at most one RKHS.

Vector-valued Kernels and associated RKHS. A positive vector-valued kernel in RY
on Xx X isamap I': ¥ x X - RY*N guch that, for allneN, z1, ...,z, € X and a4, ...,a, € C:

Z a;aj (T (z;,z5)c, ¢) >0, Yee RN, (6)
ij=1

As in the scalar case, the positive vector-valued kernel is associated with a unique vector-
valued RKHS (VV-RKHS) denoted by G (see Theorem 1 in Micchelli and Pontil (2005)).
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However, the conditions to characterize the associated functional spaces are different in this
case (Micchelli and Pontil, 2005; Carmeli et al., 2006), more precisely it is required:

1. For every c€ RN and x € X: T'(z,-)c€G.
2. For every f € G: (f,I'(z,)c)c = (f(z), ).

In this case, the reproducing kernel function returns a matrix in RV*¥ (instead of a scalar),
and the elements of the associated Hilbert space are vector-valued functions f: X —RY.

2.5 Graph functions and graph smoothness

A graph function ¥ :V — ) assigns to each node of a graph an element of a given metric
space ). When Y =R |, ¥ = (¥1,...,09n) € RY is also called graph signal (Shuman et al.,
2013). The smoothness of ¥ w.r.t. a graph is defined as:

=37 Wa@(w) - 9(v)2 (7)

veV ueng(v)

For the needs of our discussion, we introduce a generalization of this notion for Y = H,
formally for graph functions 9(-) = (91(),...,9n(-)) € HY, which implies 9, (-) € H, Yv € V:

)= > Walldu() =)l (8)

vEV ueng(v)

The lower S(9(+)) is, the smoother we say the function 9J(-) is w.r.t. the graph. Smoothness
formalizes the idea that two adjacent nodes u and v have similar functions 9,(-), 9,(-).
Notice, for any = € X, J(z) = (91(x),...,0n(x)) € RY gives a graph signal. Moreover,
when H is a scalar RKHS with a bounded kernel, e.g. 3C' > 0 s.t. sup,cy v/ K(z,2) < C < o0,
the smoothness of the graph function 9(-) w.r.t. the norm ||| (Expr.8) implies also the
smoothness of the graph signal (x) in the classical sense (Expr. 7). More clearly, for x € X

(Fu(@) = 0(2))* = |{[Pu(-) =00 ()], K@, ))|*  (Reproducing property or 1)
< HK( )H]HI ||19u( ) ( )”H (Cauchy-Schwarz inequality) (9)
<C? |90 () — Do (- )HH (Kernel boundedness)
)= ) Wa(Wu(@) —du(2))”
veV ueng(v) (10)
<CPY TN Wi [[9u() = 0o ()l = C*S(I()).
veV ueng(v)

Further comments on what graph smoothness quantifies in a Multitask Learning context
are provided in Sec. 3B.

3. Graph-based Relative Unconstrained Least-Squares Importance
Fitting (GRULSIF)

The proposed Collaborative LRE framework estimates jointly the N likelihood-ratios at the
nodes of a graph (see Fig.1), in a collaborative and distributed manner. We approximate
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each node’s r§ with a function f, € H. Note that r® = (ry,...,ry) defines a graph function,
which we assume to be smooth over the graph (see Sec.2.5). This essentially suggests that
two adjacent nodes, u and v, generally exhibit similar likelihood-ratios, r and r{. This in
turn means that the learned models, f, and f,, will be close w.r.t. the norm ||-||; and, as
a consequence, will have similar outputs f,(z) and f,(z) for an input point x € X'. Notice
that, by the likelihood-ratio definition, this hypothesis is true when p, = q,, Vv, even if
there is heterogeneity among the nodes (generally, p, # p,). The latter is the basis of
our approach, taking inspiration from the RULSIF method of Yamada et al. (2011), hence
named Graph-based Relative Unconstrained Least-Squares Importance Fitting (GRULSIF).
Our estimation strategy capitalizes over the elements described in Sec. 2 as follows:

1. The variational representation of Theorem 1 will allow us to define a functional opti-
mization problem at the node level, aiming to approximate the relative likelihood-ratio
r¢, while requiring minimal hypotheses for {p, },ev and {qy }vev.

2. The concept of graph smoothness and VV-RKHS will encode the geometry of the
problem, and will formalize a collaborative estimation procedure.

3. The properties of VV-RKHS, more precisely the Representer theorem, will provide the
required elements to translate the optimization problem from a potentially infinite-
dimensional space into a simple optimization problem in R, where L is the total
number of available observations from all the nodes. Moreover, this approach will
lead to efficient likelihood-ratio estimators, fv, that can be evaluated at any point
x € X by just computing a dot product in RE.

This line of reasoning is general enough to be applicable to any ¢-divergences to pro-
duce likelihood-ratio estimates that account for a graph structure. However, for the rest
of the paper, we will focus on the Pearson’s y2-divergence. The main reason for using this
specific ¢-divergence is that collaborative LRE takes the form of an unconstrained penal-
ized least-squares problem. Moreover, the likelihood-ratio estimates are the solution to a
linear system. Leveraging these features, we can seamlessly adapt existing and efficient
optimization techniques tailored for penalized least-squares, and hence integrate a mature
theoretical framework to gain insight into the properties of the estimators. Such advantages
may not be offered or be readily available for other ¢-divergences.

A) Node-level relative likelihood-ratio estimation

At each node v, we approximate the relative likelihood-ratio r{ via the variational repre-
sentation of the y?-divergence. To explain the properties of the resulting surrogate cost
function, we focus on estimating a single relative likelihood-ratio r® (i.e. N =1) by the
elements of a scalar RKHS H, equipped with a scalar reproducing kernel K and a feature
map ¢(+) (see Sec. 2.4). To formally define the problem, we require H to satisfy the following
standard hypothesis of the Kernel Methods literature.

Assumption 1 (Kernel boundedness). The reproducing kernel map K(-,-) is measurable
and can be upper-bounded by a constant C' > 0:

sup VK(z,z) <C < oo. (11)
zeX
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This is satisfied by popular kernels, such as the Gaussian and the Laplacian kernels, and in
general, for continuous kernel maps K(+,-) defined in a compact input space X.

Theorem 2 states the variational representation of the y2-divergence when F =H. The
result is a direct consequence of Theorem 1, and its proof is provided in Appendix A.

Theorem 2 Under Assumption 1, the variational formulation of the x?-divergence between
P and Q takes the form:

ro 2
PE(PO‘HQ):/((y;)dPa >sup/f )dQ(z /f AP (y 7, (12)

feH

where f is an approzimation of the likelihood-ratio r<.

The optimization problem appearing in Expr. 12 can be interpreted as a least-squares ap-
proximation of r®*. This becomes more evident in Problem 13 where we state the LRE as
a least-square optimization problem in RKHS with respect to the norm of the space of
square-integrable functions w.r.t. P%, denoted by £?(P?):
. 2 (y)
inf L= inf / dPO‘ / f(2)dQ(x

feH feH

W) o (W)
<t [L0are)- [rwrwarw+ [CEarew) )
—inf/[f_r ] ( )dpa( )

feH 2

where ‘~’ indicates that both optimization problems are equivalent up to some constant
terms. The second equality is brought by E,a(,) [r*(y)?] = C1, where C] < 00 is a constant,
and the change of measure identity Eo(,)[g(y)r®(y)] = Eq@nlg(@)].

For Problem 13 to be well-defined, the optimal solution f* should exist and f* € H, as
well as f* should coincide with the relative likelihood-ratio r® we want to estimate. To
ensure this, notice that Assumption 1 implies H C £2:

Epo(y) [1* (1)) = Eper ) [(FK (Y, )m)?] (epresenter property)
< F 5 Epe ) IK Y, )] (Cauchy-Schwars inequaity)
§C2 HfHIQHI < Q. (Assumptionl)

For a well-defined model, i.e. r* € H, it is clear that f*=r* is P*-almost everywhere.

Moreover, it is worth to comment on whether this model specification constitutes a
restrictive hypothesis in the usual LRE context. Notice that the fact that r is an upper-
bounded function implies r® € £2(P®). Then, the elements of a RKHS H that is dense w.r.t.
the £2(P®) norm can approximate as much as we want 7®. Most LRE methods deal with
the case X C R?, where it can be shown that translation invariant kernels (e.g. Gaussian,
Laplacian, and the Matérn class of kernels) are universal kernels that can approximate any
function in £2(P%). Similar results can be obtained when X is a locally compact Hausdorff
space (Sriperumbudur et al., 2011).

To conclude, the approximation properties of RKHSs along with the a-regularization
imply that the proposed Problem 12 is a powerful functional optimization technique for
approximating relative likelihood-ratios. Moreover, under the hypothesis r* € H, the ap-
proximation error would be zero.

10
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B) Multitasking formulation of the LRE over graphs

Our goal is to estimate the vector-valued function r® = (r{,...,7%;). As in the previous
section, we need a surrogate cost function leading to an optimization problem with nice
numerical properties and a functional space with good approximation properties. More-
over, we would like to leverage pior knowledge about the similarities between the relative
likelihood-ratios to obtain better generalization. Thus, the LRE problem based on x?2-
divergence, motivates a multitasking formulation of the relative likelihood-ratios estimation
over a graph, through the following objective function:

A
argmin lz (;Epo‘(y)[[ —fl*(y > Z W || fu— vaH s Z vaH]HI

N
{foveverEN *Y =, quV veV

A
= argmin L3 (1,00 R0 - (@) +5 T Wanlfu— o+ 3 S 11

{fo}lveverN veV quV veV
(14)
The first term of the objective function is a loss asking for a good approximation at each
node; the second term introduces our hypothesis that adjacent nodes are expected to have
similar likelihood-ratios; the third term is a penalization term aiming to reduce the risk of
overfitting (Sheldon, 2008), where A,y > 0 are penalization coefficients.
Let us now define the vector-valued kernel:

T(z,2') =K(z,2")(L+yIn) " e RV, (15)

Given the properties of the graph Laplacian £, it can be shown that I'(-,-) is a positive
vector-valued kernel inducing a VV-RKHS G, in which the norm of any f € G is defined as:

612 =5 3 Wi lfu— fulli+r S IAIE. (16)

u,veV veV

Notice that the norm in G incorporates both the geometry induced by the structure of the
graph Laplacian £ and the geometry of the scalar RKHS H.

As explained in Sec.2.1, we assume that there is access to two samples, X and X'.
Then, the optimization Problem 14 can be written as a penalized empirical risk minimization
problem in terms of the elements of G, the vector-valued functions f = (fi,..., fx):

A
Ifrélélﬁz ZfQ vz 2 ;Z]d vz vz.fv vz +§||fH((2} (17)

The VV-RKHS formulation allows us to apply the Representer theorem (Theorem5 in
Micchelli and Pontil (2005)), meaning that the solution to Problem 17 takes the form:

L L

F()=> T(wi,-)ei =Y Kai, ) (L+vIn) e, (18)

i=1 =1

where L =3 _y/(n,+nj) is the total number of observations in all nodes, and ¢; € RN,
i=1,...,L. The second equality comes from Eq.15. More specifically, the node-level ap-

11
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proximation takes now the form:

L

L
Fo() = KCa) (LA In) osei= Y K(2:)8ui=0() b0, (19)

i=1 =1

where, for the second equality we have defined 6, ; =[(£L+In)"!],.ci, we define the feature
map w.r.t. all observations as the function ¢ : X — R, p(z) = (K(z,z1),....K(z,21))T € RV,
The last equality uses 6, = (0,1, ...,0s, )" € RL, which is an abuse of notation that is helpful
for the presentation. By the definition of fv(~), its norm in H can be elegantly written as:

||fUH]%1:9;|;/C0U, (20)

where IC € RE*E is the Gram matrix associated with the scalar kernel function K(-,-). We
conclude from Expr.19 that approximating (r{,...,r%;) amounts to estimating the node
parameters 6, for all ve V.

Further remarks on graph smoothness. A clearer interpretation of graph smoothness
in multitasking, can be given by developing the penalization term introduced in Expr. 16:

1
1612 =5 D" Wao (Ifulli+1£u =200 fudm) +7 D Il

u,veV veV

= > W (Ifulli+ 1ol =20, fui) +3 D 1ol (21)

veVulv veV
= (do AN ol =2D_ W fo, fudu-
veV u<lv

By hypothesis, we have W, >0, which implies that ||f Hé decreases as the dot product
(fv, fu)m of the functions associated with connected nodes increases. This dot product can
be interpreted as a similarity measure between the functions f,, f, € H w.r.t. the geometry
of the underlying scalar RKHS. These observations imply that a vector-valued function
f=(f1,..., fn) becomes smoother w.r.t. the graph as the functions associated to connected
nodes become more similar w.r.t. the geometry of the RKHS.

The exact meaning of the similarity measure (f,, f,,)um depends on the chosen kernel. For
example, consider the case of the input space X = R% and a translation-invariant positive
definite kernel k(z,t) = ¢(z—t), where ¢ and its Fourier transform ¢ are integrable functions
in RY. In this setting, each element of the scalar RKHS is an integrable and continuous
function f whose norm is given by:

L[k,
1= L g0 <+ (22)

Then, the similarity (f,, fu)m can be computed in terms of the Fourier transforms fu, fv:
(M) Jra  p(w)
For translation-invariant kernels, (f,, fu,)m measures the similarity of both functions within

the Fourier domai ichted by —1—.
e Fourler domain, weighted by 3w

<fu7fv>H: 9 w. (23)

12
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C) LRE as a quadratic problem in RV

Let © = vec(d],...,0%,)T € RVL be the concatenation of all node parameter vectors in a
vector. Let us also introduce the following terms associated with a specific feature map
(here, this is ¢(+)), which need to be computed only once at the beginning:

1 1 1
Ho=— 3 pla)p@ eRVE Hj=— 3" p(@)pa)TeRE, hy=— 3" pla') R,
v z€Xy v z'eX!, v 'eX),
H =block(Hy, ..., Hy) e REVXEN  H' —block(H], ..., Hy) e RENXEN
h' = vec(h}, hh,...,hly)T € RFY. (24)

Above, block(Hy, ..., Hy,) denotes a block diagonal matrix with each block corresponding to

one of the square matrices Hi,..., H,, and vec(h),..,h]) denotes the concatenation of the

input vectors h/,...,h), in a single vector. By putting everything together and by using
Eq. 20, 24, we conclude that the functional optimization Problem 14 can be restated as a
quadratic problem w.r.t. the vector ©:

d - TH TH/ /T ,
@I;l]}zlg%L (©) @rélﬂé%LNZ( T H,0,+2 9 6 hUG)

+2 2 ST W (00— 0T (00— 0) + ”Zeﬁce

u veV veV

1 /1—
— min ( T %9THe + & @TH’® h’T®>

@crRNL N \ 2 (25)

n 5@T(IN®IC%)T L] (In2K?)©
M@T( @K

e min B(O©)= min OTAO- —h"e,
©cRNL ©cRNL N

where ® is the Kronecker product of two matrices and:
1 /1 A 1 1A
A= v (O‘H —H ) +§(IN®1C5)T [L®IL] (IN@ICé)—F%(IN@K;). (26)

Notice that A is a semi-positive definite matrix given that £ and K are semi-positive definite
as well, which implies that Problem 25 is a quadratic optimization problem in ®. We will
exploit this fact in Sec.b to propose an efficient optimization procedure.

13
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D) Pearson’s x>-divergence estimation

We can use the estimated likelihood-ratio fv from Eq.19, and Eq. 24 to approximate the
following expectation that corresponds to the loss ¢,(6,) at node v:

W)~ Eqy o [Fo(@)] =1‘T“Epv<z> 2@+ 5 B2 >]—qu,<xf>[fu<x/>1 (27)
(Z fv )_l_g Z fv Z fv iL'
€ X,y z'eX! z’'eX] M

_ 1= aGTH f,+< eTH’e 1T, = Ly(6,). (28)

This expression leads to the more compact and convenient formulation of Problem 25:

1 Ay
@rélﬂér]%LNQ;L >+ O (IyoK?)" [,c@m(IN®IC2)®+7®T(IN®IC)®. (29)

Moreover, we use Eq. 12 to propose an approximation of PE(pS||q,) based on the estimated
parameters © and the available samples X, and X:

. A A 1
PE?(X’UHX;)):_LU(G’U)_g‘ (30)
Problem 29 and Eq.30 highlight how minimizing the former amounts to maximizing the
estimated y2-divergence, while at the same time accounting for the structure of the graph
and the geometry of the RKHS H. Finally, let us define the following expression for f € G:

1 1
PEY (fo) =Eq, (2 [fo(2)] — 2B ) [f2(y)] - 5 eV (31)

Notice that, as a consequence of Theorem 1, we have:

PE;(ry) = PE(pyllqy) and  PE(ry) = PE(fu). (32)

4. Convergence guarantees

In this section, we discuss the generalization properties of GRULSIF, more precisely the
gains brought by the Collaborative LRE when Pearson’s x2-divergence is used in the sur-
rogate cost function. The main result of this section is summarized in Theorem 3.

For the rest of the section, we assume n, =n, =n, i.e. that we have the same number
of observations from p, and g, at each node v, and all the nodes have the same sample
size. Moreover, we assume that observations come in pairs z, = (z,, ) as realizations of a
probabilistic model described by the joint pdf p., with marginal pdfs p, and g,.

Let us start by defining the functional space:

Fo={f=(fu f¥) €G: S [F]2 < A%, (3)

14
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where A >0 is a positive constant controlling the smoothness of the vector-valued function
to be learned w.r.t. the graph G and the Hilbert space H. The first thing to notice is that
Problem 17 can alternatively be written in terms of the functional space Fg:

min > (“;n g Zf3<xv,i>+;2f3<x;,i>—;Zmz,p) S
veV i=1 1=1 1=1

Assumption 2 (Independent observations). {zy;}vcv, i=1,.n = {(%,z’;%,i)}vev,izl,...n
represent nIN pairs of independent observations: for uw,v € V and i,j € {1,...,n}, 2z,; =
(To,is 7y, ;) is independent of zyj = (Tuj, 7, ;) if v#u or i j. Moreover, for each node
v eV, the pairs {(xv,i,x;m)}i:lw’n are also identically distributed under the joint law p, .,
with marginals p, and q,, where x,; ~p, and :d” ~ Q.

The data independence assumption appears in previous LRE works that study a single data
source (Nguyen et al., 2008, 2010; Sugiyama et al., 2012). The above graph-based variant
is standard in theoretical analyses based in multitasking involving Vector-Valued Kernels
(Maurer, 2006a; Yousefi et al., 2018), yet it can be considered as being a strong hypothesis
for many applications.

Assumption 3 (Well-specified model). There exists A>0 such that r* = (r{,...,7%) €
Fa, where Fg is defined by Eq. 33.

Assumption 3 states that the proposed statistical model is well-defined in the functional
space. In particular, it implies: i) r, € H, for all v € V|, a common hypothesis in the LRE
literature (Nguyen et al., 2008, 2010; Sugiyama et al., 2012; Nguyen et al., 2024); ii) it
introduces the parameter A, which relates to the regularization constant A (Problem 25),
and formalizes the a priori information encoded in the graph that is required to estimate
the vector r<.

Let ¢(y) the feature map associated with the RKHS H, and let us consider g,h € H, and
define the operator g@h:H—H as g@h(f)=(f,h)mg. Then, we can define the covariance
operator associated to the node v €V as:

Sy =Epa () lp(y) @0(y)]- (35)

Assuming the feature space X is compact and the K is continuous, the Mercer’s theorem
implies (Aronszajn, 1950; Dieuleveut, 2017):

00
Yy= Z,uv,z’@v,i ® Sbv,iy (36)
=1

where {(, ; }ien forms a Hilbert basis of H, with associated eigenvalues {t, ; }icn. Neverthe-

less, there exists more general settings where Expr. 36 is satisfied (see Dieuleveut (2017)).

Assumption 4 (Capacity condition.) For each v €V, assume ¥, satisfies Eq. 36. De-
note by I the set of indexes of non-zero eigenvalues {,uw-}iel of the operator ¥, arranged
in decreasing order. We assume that i, ; < s2i=C, i eI, for some C, > 1 and some s, > 0.

15



DE LA CONCHA, VAYATIS AND KALOGERATOS

The capacity condition quantifies the size of the RKHS H w.r.t. the eigenbasis {(y,i}ier-
Larger (, values lead to faster eigenvalue decay, which means less basis functions are re-
quired to approximate H, hence r{ can be approximated by a smaller space. When (,
approaches 1, a bigger space will be needed to approximate the elements of H, including r¢.
This assumption has been discussed and analyzed in previous works for obtaining optimal
convergence rates in the context of Kernel Ridge regression (Caponnetto and Vito, 2006;
Ying and Pontil, 2007; Steinwart et al., 2009).

Theorem 3 If Assumptions 2-4 are satisfied, and Fg is a class of functions with ranges
in [—b,b], b€ RT. Then, for any C > 1 and § € (0,1), with probability at least 1— 6, the
solution to Problem 34, £ = (f1,..., fn), satisfies:

1 i . (16B2C+24B,B 1
N Z [PE(ngQ’U> —PE‘;(fU)} <20(20%)Byp* + < i 0 1) .

< niN
b 1 32B2C +48By By 1 (37)
R a2 2 * 0
NZEP%@) [[fv—Tv] :| §4C(20 )Blp —|—( N >10 g,
veV
where:
Caﬂ,:min{é,HrfjHoo}, Co =maxyey Cou,
By=1 [(b+ca)2+4ca} , Bi=3(b+Ca)+(b+C),
*=mi 1 max — vy
¢ gg‘r/l{v (recall Cy>1,YveEV), Sma Iglea‘3<s
* 1 * 1
p* <8By ET (Teh2(b+ €)™ ) T 7T N I
To=B7"+1-B)A\ls (38)

where Tg encodes the graph topology, Amin. denotes the smallest nonzero eigenvalue of L,
and = %(G) € [0,1] is the ratio between the number of connected components of G and
the total number of nodes.

The proof is given in Appendix C and it relies mainly on the framework of Local Rademacher
Complexities for Multitask Learning introduced in Yousefi et al. (2018). Notice that the
convergence rates are given in terms of the excess risk and the average £2(P®) distance
between f, and rs w.r.t. the measure pf. The excess risk takes the form of the difference
between the expected divergence PE(f,) and the true x2-divergence PE(p®||q,) that former
alms to approximate.

*

—¢
The convergence rates depend mainly on the number of observations per node (n 1+ ),

—1
the number of nodes in the graph (N1+¢¥), the smoothness of the function to be approx-
1

2 E3 . N .
imated (AT#¢7), the topology of G (T;7°"), and the effective dimension of the space to
approximate each 7, which is encoded by (* and Spax. When ¢* is small and close to 1,
VsmaxTgA 1
the convergence rate can be as slow as O <ST\/7NG)’ and as fast as O (E) when (, — o

for all v € V. This means that the gains of the collaborative estimation in terms of the
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excess risk will be more relevant as (* is smaller, since the number of nodes, smoothness,
and graph topology play a role in the convergence rate. This situation occurs when a larger
number of basis functions {@, ;}ien are required to approximate the space H, which could
mean that r{ is harder to estimate with respect to w.r.t. the kernel function K and the data
distribution. In that case, a larger number of nodes and a smoother r® over the graph would
improve performance. However, the collaborative estimation will offer little advantage when
the H is low-dimensional (large values of (*), since convergence is governed by the number
of observations per node. This suggests that GRULSIF can be used in the regime in which
multitasking is also recommended: when there are many interrelated tasks with little data
per task, and each of the tasks is complex to be solved using only its available local data
(Yousefi et al., 2018; Zhang and Yang, 2021).

Example of collaborative vs independent LRE. To illustrate the gains collaboration
may bring, consider the special case where all the relative likelihood-ratios are the same,
with norms that are upper-bounded by a constant M > 0. Let G be a graph with weight
matrix W€ parametrized by a constant, such as ¢ >0 as W7, = &, for all u #v €V,
and W¢, =0 for all u € V. Notice that W= = 0y implies no collaboration at all (N
connected components), and WY induces a fully connected graph without self-loops (a
single connected component). For ¢ > 0, the smallest non-zero eigenvalue of the graph
Laplacian is Apin: = ¢. Importantly, in both cases the norm [|7||% remains the same. In
fact, if we choose v = %, then:

1

2 2

I e =7 Mgl < 5 > M =M.
veV veV

Thus, to satisfy Assumption 3, it suffices to take A% = M in both cases.
Let us now compare the two approaches in terms of Theorem 3. In the case of indepen-
dent LRE (¢=0), the leading term of Theorem 3 is upper-bounded as follows:

C+1
-1

On the other hand, in the case of full collaboration (¢ > 0), the bound becomes respectively:

AT o e
(07)°=0 <880y | 0 (M+Co)2 ) T TS

1
* 1 ]. * 1+¢* ,L __1 %
(p*)”Y < 8By §*+1 <[1+NC] M(b+0a)2<> n” T N TR spbs
* ]. * % ,L 1 %
<16B, gfl (M(b+ca)2< )“C n T NTTRE s ares 1)

The main difference between those upper-bounds is that the term N e disappears in
the independent setting. In other words, the convergence rates depend only on the number
of observations per node n, and no effect from having multiple nodes. Contrary, the col-
laborative approach benefits from enforcing the prior information regarding the similarity
between relative likelihood-ratios (larger values of ¢), and also from the number of nodes.
The benefit of collaboration is mediated by the complexity of the problem encoded in the
parameter C*.
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The case o = 0. The convergence rates given in Theorem 3 still apply when the a-
regularization is ignored, provided that @) < P and for each v € V' there exists C;, > 0
such that ||r||,, < Cy < oo. Although this hypothesis is quite standard in the literature
(Nguyen et al., 2010; Sugiyama et al., 2011a; Kanamori et al., 2011; Nguyen et al., 2024), it
is restrictive and hard to verify in the general LRE setting in the absence of prior knowledge
about P and ). In practice, if we set a =0 and this hypothesis is not satisfied, we may face
situations where LRE approximates a function that either does not exist or is unbounded,
which may hinder the numerical performance.

The impact on the convergence rates is visible in Theorem 3. If a =0, with the conven-
tion % =00, then C = maxy,cy ||ry||,, meaning that the generalization bounds scale with
the norms {||ry|| . }vev, which are unknown and potentially very large. a-regularization pre-
vents the likelihood-ratios from exploding and provides some control over the convergence
rates via the hyperparameter a.. Of course, there may be situations where Q, < P,, Vv €V,
and max,ecy |7, < é; in this case Theorem 3 suggests that regularization is unnecessary.
However, since such a condition cannot be verified in the general problem setting, we prefer
to fix the same « for all the nodes to avoid additional hypotheses on {Q,},ecv and {P, }yev .

The case Q, = P,,Yv € V. Here, the likelihood-ratios are well-defined: r,(z) =7r5(x) =1,
Vv € V, for any 0 < o < 1. Furthermore, it easy to verify that 1 = Coa—g = Cozo = 1.
Therefore, under the assumptions stated at the beginning of this section and Theorem 3,
the convergence behavior would be independent of the regularization in this case.

5. Practical implementation

A straightforward optimization of Problem 25 would set the derivative of the objective
function to zero, i.e. Vg®(®) =0, and solve to get the estimated parameters ©:

1
e= NAT n, (39)

where A! denotes the pseudoinverse of ANLXNL  Nevertheless, the size of matrix A scales
with the number of nodes in the graph (N) and the number of available observations (L).
The total complexity of this optimization approach would be of scale O((LN)3), which
makes it prohibitive to compute in most practical situations. For deploying GRULSIF in
practice, we propose in this section an optimization procedure that can handle efficiently
large graphs and a substantial number of observations. Additionally, we detail the strategy
to identify the regularization constants A, v > 0, and the hyperparameters related to the
kernel that we will denote by o, when K(-,-) is the Gaussian kernel o is the width parameter.

5.1 Computing the node parameter updates via CBCGD

Instead of computing the peudoinverse A to solve Problem 25, we propose to use the Cyclic
Block Coordinate Gradient Descent (CBCGD) method (Beck and Tetruashvili, 2013; Li
et al., 2018). Our optimization schema operates in cycles, and each cycle involves multiple
iterations of a block coordinate gradient descent (GD) one for each node v; therefore, the
high-level complexity is O(#Cycles-#Nodes- Cost_of_GD_at_one_node). Starting from the
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last term, CBCGD’s i-th cycle has to estimate the node parameter 671(}) at each node v:

component depending on node v

Al A 11—« @ A h!
(3) _ -1 (i—1) _ / (i—-1) _ "™
0y = (MK +n,11) [%9@ {(N Hv"‘NHv) 0, N]

(40)

component depending on the graph

Ve (dvéfj—ﬂ -3 Wao(L{u <o} + 1{u> M@f‘”))],

ueng(v)

where 7, is the node learning rate, recall that d, is the node degree and 1{-} is the indicator
matrix. Notice the elegance of the decomposition of the update into two components: one
depending on the node v itself, and the other depending on the graph, i.e. only on v’s neigh-
bors. Important to note that, the node parameters are estimated asynchronously in each
cycle in an arbitrary but fixed cyclic order; this is clear in the summation inside the graph-
related component. Tweaking this order to adapt it to specific communication restrictions
between nodes is possible, but it is left to the reader to specify the most convenient setting
for her needs (see Wright (2015) for a review of the topic). CBCGD is easy to implement,
and when applied to quadratic problems leads to a manageable complexity in terms of the
number of cycles required to achieve convergence (Li et al., 2018). This kind of result is
made explicit for the optimization schema described in Expr.40 in the following theorem.

Theorem 4 Suppose that for a dictionary D of size L > 2 we desire to solve the optimiza-
tion Problem 25 via the CBCGD strategy, where the update w.r.t. the node parameter 6, at
the i-th cycle is computed as detailed in Eq. 40. Then, if we fix the learning rate for node v

to be equal to the maximum eigenvalue 1y, = €max (%Hv—i—%H{)—i—)\dvlC , we will need at

most the following number of cycles for achieving a pre-specified accuracy level € > 0:

, Mye(Crin + Mye) +16C%1log? (3N L) 1 0) .
max — -1 (P -® , 41
! { 37¢(Contn + 270) og (- (2(0")~0(6)) (41)

where ®(O) is the cost function of Expr. 25, ¢> 0 is a positive constant, Cyyin = mingyey Cy:

1_
C:emaX(NaH+ %H'H(IN@/C%) L&11] (1N®/C%)> :
, (42)
_ i-a Qo
Cv—emax< N HU+NHv+)\dUIC>.

The proof of Theorem 4 is provided in Appendix A.3. The computational complexity of the
full optimization schema depends on two components: 1) estimating the optimal learning
rates 1, and the inversion of the matrix Ay 4 n,[L, operations to be done just once for
each of the nodes, this step amounts to a computational cost of O(NL?3). 2) The cost of
Eq. 40 across all nodes and cycles. The cost for a node v at a given cycle ¢ is dominated
by matrix-vector multiplications of dimension L, leading to a cycle cost of O(NL?). As
indicated by Eq. 25, the required number of CBCGD cycles for achieving a given accuracy
level € scales in O(log?(INL)). The total cost of the second step is then O(NL?*log?(NL)).
The total cost of the whole optimization schema is then O(NL?+ NL?log?(NL)).
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5.2 Nystrom dimensionality reduction strategy

The main computation burden of the CBCGD method is related to the dataset size, that
is the number of observations L. This is a common problem in Kernel Methods and has
motivated extensive research. For instance, the random features approach (Rahimi and
Recht, 2007) uses a randomized feature map to approximate the input space by a low
dimensional Euclidean space. Low-rank approximations, such as Nystrom approximations
(Williams and Seeger, 2000; Smola and Schokopf, 2000), use a subsample of observations as
a dictionary, to define a finite dimensional space that preserves the approximation properties
of the original space. In time-series analysis, Richard et al. (2009) proposed to grow the
dictionary by adding new elements one-by-one, according to a coherence threshold that
keeps the linear dependency of the dictionary elements as low as possible (i.e. as diverse as
possible basis functions), while still being able to approximate any of the functions in H.
The usual approach followed in non-parametric LRE is simply to create a dictionary out of
a subsample of the observations chosen uniformly at random (Sugiyama et al., 2012).

In general, the choice of the dictionary learning method depends on the task, the time
complexity requirements, and the nature of the chosen kernel. Nystrom approximations
replace the feature map ¢(z) by its orthogonal projection into a finite-dimensional space
F = span({y(z):x € D; }), where D; = {x; € X}, is a set of carefully chosen points in
the original input space (not restricted to data observations), and span(-) refers to the
set of lineal combinations of the input elements, for some chosen L < L. The points
@(x1),...,0(x;) are known as anchor points in H, and, via the associated kernel matrix

K; e RﬁXﬁ, [K;lij = K(xi,25), they allow the definition of a new feature map:

T

The idea is to choose the anchor points such that preserve the geometry of H, i.e. the dot
product in the infinite dimensional space H gets translated into a dot product in RZ:

K(z,y) = (o(z), o(y)m = (¥ (x), ¥ (y)), Yr,yciX.

According to the empirical risk minimization and the Representer Theorem (Expr. 19), the
node-level approximation in this new space takes the form:

ZKMZ i = <Zm s () )~ (wy, (2), (44)

where w, € RE. This approximation can rephrase Problem 25 in terms of vectors in RE and
the new feature map 9 (-):

. l—ar T N A
mlnAZ< O Hy b+ HvaG — (hly,) "0, +ZZWWH0 — 0, +fZ||e 112,

ocrNL N Iy uveV vev
(45)
where ||-|| refers to the Euclidean norm, and the terms Hy, ,, H), € RL*L | and hy., € RL

are those of Eq. 24, but now computed using their new assomated feature map (- ) Recall
that these terms need to be computed only once at the beginning. Moreover, Nystrom
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approximation does not affect the structure of the problem, which remains quadratic and
can be solved via CBCGD, with each iteration taking the form:

component depending on node v

l—« o 1
i—1 i—1

component depending on the graph

— (dv(;gn = Wy (1{u< v} +1{u> v}ég“)))) :

ueV

(46)

The final computational cost is the sum of the cost of encoding the data points via Expr. 43
and the optimization procedure. The encoding requires a matrix inversion O(L?) and
L matrix-vector multiplications of dimension L (this is overall O(LL?), while CBCGD
requires the estimation of the optimal learning rates 7, and has total cost O(N f,3), and
the cost of all node iterates across cycles that amounts to O(NL?log?(NL)). In conclusion,
Nystrém approximation enables the reduction of the computation complexity from O(N L3+
NL%log?(NL)) to O(NL*+ LL?+ NL2?log?(NL)), where L < L.

Nystrom approximation not only offers computational gains, but it also brings inter-
esting features from a data accessibility perspective: notice that computing the node-level
quantities H,, H,, h; requires access to the full dataset (Expr.24), while Hy ,, H:/;,w hiﬁ,v
requires only the anchor points and the available samples at that node (X,, X|) (Expr.43).
In this problem formulation, the update of the vector parameter 6, of node v only requires
the computation of 1(-) using node’s own local observations, and the use of the parame-
ters of its neighbors {Gu}u@g(v). In conclusion, Nystrom approximation combined with our
optimization schema enables a distributed LRE at each node and, hence , limits to only
indirect node access to foreign data of other nodes through the parameters 6,, for u € ng(v).
This is appealing for applications with data access restrictions.

The remaining important question is how to select the set of anchor points. There are
many strategies to address this problem; for example, Kernel PCA (Schoélkopf et al., 1998),
random sampling (Williams and Seeger, 2000; Talwalkar et al., 2008), greedy approaches
(Bach and Jordan, 2002), or k-means clustering (Zhang et al., 2008). In this work we use
the approach proposed by Richard et al. (2009) that is based on the coherence measure.
That algorithm builds a dictionary of manageable size and low redundancy, has a low
computational cost, and, under mild conditions, it produces good approximations of the
whole space. The adaptation of this strategy in our context can be found in Appendix A.3.

5.3 POOL: a no graph variant

One important by-product of the GRULSIF framework and our supporting analysis, is that
we can derive a reduced LRE variant, which we call POOL, that we call that disregards
the graph, while enjoying all the other advantages of our non-parametric optimization for-
mulation. By setting W = 0y« y, which neutralizes the graph component and hence the
associated terms disappear from Eq. 46, we get POOL’s optimization problem:

. 1 l—« a ’Y
— —— 0 Hy 0+ =0V H, 0, —(h)y )"0, 0,
ot 35 (3 st 00 ) <G B
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This yields N independent quadratic problems admitting a closed form solution:

-1

0, = % % (l=a)Hyy+oH, )+ ;| Ry, (48)
POOL leads to a total computational complexity of O(NL3+ LL?) (the term related with
the cost of the CBCGD schema disappears). POOL can be relevant when it is believed that
there is no graph behind the observed phenomena at the different locations, or in situations
like those detailed in Sec.4 where the collaborative estimation may offer little advantage.
Moreover, POOL can be seen as a RULSIF variant (Yamada et al., 2011), where POOL’s
main differences are: i) its hyperparameters are selected jointly w.r.t. to the mean score
% > vey Lv(0y), while RULSIF selects independently the hyperparameters for each task; ii)
POOL uses the Nystrom dimensionality reduction technique over the full set of observations,
while RULSIF uses a simple uniform random sampling at each node (Sugiyama et al., 2012).

5.4 Hyperparameter selection

The performance of GRULSIF depends on the penalization constants v, A, and the hyper-
parameters of the kernel K (e.g. for a Gaussian kernel, that would be only the width o).
As in previous works in non-parametric ¢-divergence estimation, we use a cross-validation
strategy (Sugiyama et al., 2007, 2011a; Yamada et al., 2011). The main difference is that
in GRULSIF we aim to minimize the average of the cost function over all the nodes of the
graph. Thus, the score used to identify the optimal hyperparameters is:

£0.0) = X Lulbuno) = 3 (15200 o010, + GOV (010, ~ i (70, )
veV veV
(49)
where Hy,, (o), Hy, (0)(0), hy (o) explicit the relationship between these operators and
the hyperparameters of the kernel function K.
At each iteration of the cross-validation, we define two training sets, Xain, Xfpains O

update Hy (o), H, ,(0)(0), by, (o). We fix the two hyperparameters A and v to estimate

the parameter é(a,)\,’y), which is the solution to the optimization problem:

A B 1 o A 2, 7 2
(0.7 ) =argminy 3 Lu00) +§ 3 Waallbo =0+ 0% 60)

The solution of Problem 50 is found via Alg. 2. Finally, the parameter (:)(U,%)\) is used to
identify which combination of parameter values *, \*,v* are optimal such that they mini-
mize the expected value of the chosen score L(©(c,7,)),0) of Eq.49. The implementation
details of the model selection are provided in Alg. 1.

We can apply a similar approach to find the hyperparameters of POOL. As POOL
ignores the graph structure (W =0xxy), we fix A\=1, hence the penalization term related
to the norm of each functional f, will only depend on 7 (Eq.47). Then, we use cross-
validation to identify the optimal values of the hyperparameters ¢ and . The score to
decide for this choice is the same as one described in Eq. 49.

Once the anchor points of Nystrom approximation and the hyperparameters have been
fixed, we can learn the relative likelihood-ratios. For GRULSIF this amounts to estimating
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Algorithm 1 — Model selection for GRULSIF hyperparameters tuning

1: Input: X,X’: the two sets of observations to be used for estimating the likelihood-ratios;

2 G=(V,E,W): a given graph;

3: #o,7 2,7~ parameter grid to explore for values of o, A,v;

4: R: the number of random splits.

5: OQutput: ¢* the optimal scale parameter for the Gaussian kernel, the associated dictionary Dy,
and the two penalization constants A* and v*.

6: Randomly split X and X’ into R disjoint subsets {X,.}Z ; and {X/.}2 ;
7: for each o€ #, do
8
9

Compute a dictionary D, using the chosen kernel and hyperparameter o
for each (\,v) € #x x#, do

10: for each data subset r=1,..., R do
11: Let X! . =X\X., X/, =X/, and Xerain = X\X;, Xeest =X,
12: Compute hi,,;, (o) and H,;, (o) using the observations in X} ;. (see Eq.24)
13: Compute Hipain(o) using the observations in Xypain (see Eq. 24)
14: Find @(0,7,)\) by solving
15: Compute hi. (o) and H{.4 (o) using the observations in X{.y
16: Compute Hiest(0) using the observations in Xiest
17: Compute L0 (O(0,7,\) = % 3, cv Lo(0u (0,7, 1))
USil’lg hécst(o—)a Hécst (0)7 and HtCSt(J)
18: end for
19: Compute ﬁ(U, Ay) = % Zfil ﬁ(’“)(@(a,'y, A))
20: end for
21: end for

29: f)/* = argming,/\ﬁ E(O—a A? ’Y)
23: return o*, Dy+, \*, 7~

the parameter é(o*,)\*,’y*) via Alg. 2, while POOL estimates (:)(a*,)\* =1,7") by solving
the N independent quadratic problems of Eq. 48.

The hyperparameter « requires a more complex discussion. On one hand, it depends
on the LRE application: it is clear that when a =1, the relative likelihood-ratio r(z) =
m =1 and the y2-divergence P%(p||q) =0, independently to p and ¢q. That
would make them meaningless as quantities for quantifying the difference between p and gq.
On the other extremity, if a =0, we recover the classical likelihood-ratio r*=%(z) = r(z) =
%. As we mentioned in Sec. 2.3, in this case, r(-) may be an unbounded function and cause
problems of convergence or numerical instability (Yamada et al., 2011). Such phenomena
are visible in the rates provided in Theorem 3, where the constants depending on o become

undefined. The role of « is to prevent this from happening, since it upper-bounds r¢:

ar _ [A=a)p(z)+aq(x) _1_ 1
(=)= q(z) C (l—a)rl(z)+a =

1
o
Therefore, at the level of estimating a single likelihood-ratio, the best way to see « is
that it smooths the denominator of r%, which is the reference measure to compare p with
q. In that sense, values of a > 0 that are far from 1 help in defining meaningful and

sensitive estimators. In addition, a has an effect at the graph level: higher values make
all estimates getting closer to 1 and consequently become more similar to each other (i.e.
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Algorithm 2 — GRULSIF: Collaborative and distributed LRE over a graph

1: Input: X,X’: two samples with observations over the nodes of a graph graph G=(V,E,W);

a€[0,1): parameter of the relative likelihood-ratio (Eq. 2);

o, D: kernel hyperparameter, and a dictionary containing precomputed set of L anchor points
associated with a kernel K: X' x X — R;

A, 7 constants multiplying the penalization terms;

@(0), tol : initialization of node parameters, and tolerated relative error before termination.
Output: estimated parameters © :Vec(él, ...,éN).

for each node ve{l1,...,N} do
Compute Hy ., Hy, ,, and hy, ,, (see Eq. 24, using v instead of ¢)

Compute the learning rate by 7, = epax (FTQH@U”U + %H{bv + )\dvIﬁ) (see Theorem 4)
10: end for

11: =0

12: repeat

13: 1=1+1

14:  for each node ve{l,..., N} do

15: Update the node parameter 65 (see Eq. 46 and Sec. 5.2)

16:  end for
. e _@li-1)
17: untll W

18: return O

> tol

stronger higher graph smoothness), which impacts the convergence rates of Collaborative
LRE (see Theorem 3). To summarize, the optimal o value depends on the interplay between
the convergence rates of the used estimation method and the performance achieved in the
task we intend to address with the estimated likelihood-ratios. We investigate empirically
the first point in dedicated experiments in the next section.

6. Experiments

The empirical evaluation of the GRULSIF framework is conducted for the objective of
estimating the likelihood-ratio r for each node of a given fixed graph. In Sec.6.1, we
present synthetic experiments where the true likelihood-ratios are known by their design.
The evaluation in real problems is challenging since the true likelihood-ratios are generally
not known, however, in Sec. 6.2 we design a particular setting for seismic data where those
true quantities can be safely assumed. In all experiments, both GRULSIF and POOL follow
the numerical implementation guidelines described in Sec. 5, which include the CBCGD
optimization technique and the Nystrom approximation of the RKHS.

6.1 Synthetic experiments

Scenarios. Each instance of a synthetic experiment is generated by the three stages below.

1. Graph structure. A random graph is generated according to a standard model:
m A Stochastic Block Model (SBM) with 4 clusters, each containing 25 nodes (intra-
cluster edge probability: 0.5; inter-cluster edge probability: 0.01).
m A Grid graph model with 100 nodes arranged in 10 rows and 10 columns.
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Table 1: Synthetic scenarios. The scenarios are defined by the graph structure they employ, the node-
level distributions (p, and ¢, ) generating the data observations at each node, and the location where changes
take place in the graph. When the distributions or their parameters remain unchanged between p, and g,
this is indicated by ‘e’.

Node-level hypotheses

Experiment X Graph Location Py VS, Qv
SBM veCy N(p=0,0=1) vs. Uniform(fx/g, V3)
Synth.Ia R' 4 custers, vEC2UCS N(p=0,0=1) vs. e
25 modes each , € O N(p=0,0=1) vs. N(u=1l,0=e)
SBM veC1UC, N(p=(0,0)",S12=-2) vs. e
Synth.Ib R?  llustes,  v€CH N(p=(0,0)",S12= %) vs. N(u=e,%12=0)
25 modes cach (1, N(u=(0,0),S12= 0) vs. N(u=(11)T,S12=09)
) veV N(u=(0,00",2=1) vs. N(u=(rec)",Zoo=1+|r|,S1,1=1+|c|,S12=22,1=0)
Synth.Ila ~ R*>  Grid 7 = 2[(#r0ow —5) / maxrow (#row —5)]
¢ =2[(#col —5) / maxcol (F#col —5)]
Synth.ITb R Grid veCrUC3UCy N(p=04,X=1) vs. N(p=043; ;=% ;11=0.8,%4+1,;=0.8)
25 hivien ench
Grid veCaUC3UCY N(p=02,X=1I2) vs. N(p=02,%;=e, % ;+1=0.8,%11,=0.8)
Synth.IIc R* 4 quadrants,

25 nodes each

2. Nodes’ behavior. A scheme is considered that first specifies if a node v shall experience

a change of measure or not (p, # gy vs. Py, = ¢»), and then associates specific pdfs to
it. This is a critical design feature since, for the Collaborative LRE to be meaningful,
nodes’ behavior (expressed as likelihood-ratios) should be explainable by the graph. In
each scenario, one of the following two schemes is used:

m Cluster-based scheme: All nodes in a cluster exhibit the same behavior. It is used for
SBM graphs that have inherent cluster structure. Clusters are denoted by C,Cy,....

m Change in most of the graph: The four quadrants of a Grid graph are considered as
being separate clusters of nodes. The nodes of the first quadrant (C4) remain unchanged,
while for the nodes in the other quadrants the change is in the covariance matrix,
specifically the off-diagonal elements increase from 0 to 0.8.

m Smooth graph variation: All nodes in a graph experience a change in both their mean
vectors and their covariance matrices. The magnitude of a change get larger as the node
is more distant to the center of the grid, therefore the distribution ¢, is different for
each node. This scheme induces smooth node changes across a strong spatial structure,
without however corresponding to a multi-cluster structure.

. Data observations. Finally, for each node v, an equal number of n, =n,, =n (i.e. same
for all nodes) data observations are generated from each associated p, and g,.

In each scenario summarized in Tab. 1, the observations have the same dimensionality for
all nodes, 1-, 2-; 4- or 20, as our framework requires for nodes to have the same input space
X and RKHS. The scenarios are designed to pose various challenges. In some cases p,
and ¢, are different probability models, in others they are the same model with different
parametrizations. Moreover, there can be more than one type of change in a scenario; e.g. in
Synth.Ia, all p,’s are the same Normal distribution, the cluster C'; remains unchanged, while
C1 becomes a Uniform with the same first two moments of a standard Normal distribution,
and C3 changes its mean. In Synth.Ila, the change of measure is different for each node.
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Table 2: LRE competitors. All the methods included in our experimental evaluation.

Method Reference Target function ¢-divergence Graph
KLIEP Sugiyama et al. (2007) lL-r. KL-divergence No
ULSIF Sugiyama et al. (2011a) L-r.  x’-divergence No
RULSIF Yamada et al. (2011) relative 1-r.  x?-divergence  No
POOL this work (Sec. 5.3) relative L-r.  x>-divergence  No
GRULSIF this work relative L-r.  x%-divergence  Yes

Synth.ITb and Synth.IIc aim to illustrate the impact of dimensionality to the performance
of GRULSIF, similar experiments were originally presented by Rhodes et al. (2020).

Compared LRE methods. We compare against existing Kernel-based LRE methods built
upon an ¢-divergence variational formulation, namely ULSIF (Sugiyama et al., 2011a),
RULSIF (Yamada et al., 2011), and KLIEP (Sugiyama et al., 2007). POOL, RULSIF, and
ULSIF rely on the x2-divergence; the first two use the relative likelihood-ratio (Eq.2), and
ULSIF uses the classical definition (equiv. to when a=0). KLIEP uses the KL-divergence.
We also include POOL (Sec. 5.3) relies on the proposed optimization scheme and the same
Nystrom approximation as GRULSIF, but disregards the graph. Tab.2 summarizes the
compared methods, while their hyperparameter selection is discussed in Appendix B.1.

FEvaluation measures. The variational formulation of ¢-divergences, described in Sec. 2.3,
establishes the connection between estimating the likelihood-ratio between two probability
measures and quantifying their dissimilarity via a ¢-divergence (see Theorem1). All LRE
methods listed in Tab. 2 leverage this relation. In the graph-based extension presented in
this paper, an LRE method produces node-level likelihood-ratio estimates, which can ap-
proximate the ¢-divergence between the node-level probability measures p, and ¢,. The
connection between both approximations derives from a similar approach to the one de-
scribed in Sec.3. Therefore, when knowing p, and ¢,, we can compare the performance
of LRE methods along two dimensions: how accurately they approximate the target true
node-level likelihood-ratio functions, and how effectively they quantify the true ¢-divergence
between the corresponding probability measures.

The approximation to the true node-level likelihood-ratios is quantified by the average
node-level Mean Squared Error (MSE):

Pl P) = 5 S B [0 — )]
veV
(51)

= S (@B [ — A2 (@) + 0By [~ AP,
veV

(67

where the expected value Epa, [[fo —75]%(y)] is computed by averaging 10,000 independent
samples {(z;,2})}199% that were not used during the training phase. « equals 0 for the
LRE methods whose target function is the usual likelihood-ratio, and different from zero
for methods which target the relative likelihood-ratio (See Tab. 2).

The MSE of Eq. 51 refers to the whole graph and it is the quantity in terms of which
the convergence guarantees of GRULSIF (Theorem 3) and the theoretical results of Sec. 4
are given. Therefore, measuring the MSE can validate empirically those results. However,
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for some applications, such as Hypothesis Testing and Change-Point Detection, the interest
may be whether the graph is beneficial when comparing p, and ¢,. In such cases, the node-
level ¢-divergence estimates would be more informative, thus we also compare the node-level
approximations with the true ¢-divergence at each node. This information is summarized
by box-plots and heatmaps in Fig. 2-16. The choice of the ¢-divergence depends on the LRE
method being used; details are given in Tab. 2 and in the self-contained figure captions.

Results and findings. The first batch of results for the designed scenarios are in Fig. 2-6.
Two line-plots at the top of each figure show the convergence of the methods, in terms of
the logarithm of the MSE, as a function of the sample size n, for a graph with N =100
nodes. Recall that the sample size refers to the equal number of available observations from
each of the pdfs of a node v, i.e. n, =n! =n from p, and g,, respectively. The line-plot
on the right zooms into a smaller range of the y-axis to compare GRULSIF, POOL, and
RULSIF, therefore to investigate the impact of using the graph. The displayed error band is
for one standard deviation computed over 10 instances. Below the line-plots there is a grid
of box-plots (sample size x method) for n = {50,100,250,500}. Each box-plot shows the
¢-divergence estimates within meaningful node groups for each scenario, i.e. node clusters
C1 to Cy, or the subset C(u) and its complement C'(u)®. In these synthetic experiments, the
true ¢-divergence is identical for all nodes belonging to the same cluster, and the dashed
lines indicate this value. In Fig. 4, where g, varies according to the position of v in a Grid
graph, the box-plots are replaced by heatmaps. The first row shows the true node-level
¢-divergence, and the subsequent rows show the approximations for varying sample sizes.

In most of the experiments, POOL and GRULSIF show superior performance to the
other methods. Even though POOL disregards the graph, same as ULSIF, RULSIF, and
KLIEP do, it still shows better convergence behavior than those methods. Evidently, the
introduction of a global non-redundant dictionary, the Nystrom approximation, and the
joint hyperparameter selection that we propose, boost the LRE performance when multiple
sources of information are available and are all approximated by the same RKHS.

Concerning the effect of using the graph structure, when the smoothness hypothesis is
satisfied and the likelihood-ratios are smooth over the graph, GRULSIF achieves a consis-
tently better convergence and estimation quality compared to POOL, indicating the impor-
tance of the geometry of the problem. The advantage of GRULSIF becomes more clear as
the sample size (n) at each node is smaller, which is expected as node-level tasks become
more challenging. We see that GRULSIF’s estimates have lower bias compared to the other
methods, especially for nodes where p, = q,. This bias gets smaller as the sample size
increases. However, as expected, collaboration may bring smaller gains when the available
data at each node are sufficient to estimate the LRE independently, e.g. in Synth.Ia and
Synth.Ib where POOL and GRULSIF have similar performance for n =n’ =500 (Fig. 3).
For a thorough discussion, see Sec. 4.

The impact of the dimensionality (d) of the input space to Kernel-based LRE methods
can be investigated by comparing Fig.5 (Synth.Ilb, d =4) and Fig.6 (Synth.Ilc, d = 20).
The box-plots show that the bias of all methods increases as d grows, with GRULSIF and
POOL showing a smaller bias. The convergence of GRULSIF and POOL with the sample
size is slower in higher dimensions due to requiring larger dictionaries. This is expected as
the size of the dictionary built by the strategy we employ (Richard et al., 2009) depends on
the covering number of the RKHS. For Gaussian kernels, the covering number scales with
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d. This may explain why RULSIF, ULSIF, and KLIEP, which fix the size of the dictionary
independently of the kernel, show a higher bias. In conclusion, when the dimensions of
the input space reduces the smoothness of the likelihood-ratios w.r.t. the RKHS, Kernel-
based LRE methods converge slower, and adaptive dimensionality reduction strategies are
necessary. This highlights the need for further research in the high dimensional regime.

The role of a-regularization. To investigate the sensitivity of GRULSIF and POOL to
the regularization parameter o, we complement the previous experiments by reporting in
Fig. 7-11 results for o ={0.01,0.1,0.5}. We can see that tuning « affects convergence, as
suggested by Theorem 3. Low « values make the LRE task harder, hence leads to estimates
with higher bias and variance, and slower convergence to the true target quantities (this is
more evident in the box-plots). Moreover, graph regularization leads to more robust node-
level estimates, i.e. lower variance within sets of connected nodes and faster convergence,
especially for nodes where p, = ¢q,. Finally, when « is closer to 1, GRULSIF and POOL
get closer since the target relative likelihood-ratios become easier to estimate even without
collaboration. The findings show that the Collaborative LRE is more robust as a gets closer
to 0, when targeting a less regularized likelihood-ratio (see also Sec.5.4).

The role of the graph size (N ). The number of nodes affects GRULSIF’s performance,
both numerically and in terms of its generalization properties. For the first point, notice
that under the hypothesis that the size of the dictionary (I:) is fixed and the sample size at
each node remains the same (n, =n}, =n), GRULSIF’s complexity scales linearly with N,

specifically at a rate of O(NL?+nNL*4+ NL?*log?(nNL)) (see Sec.5.2).
Regarding the impact of IV on the generalization properties of GRULSIF, notice that the

bound of Theorem 3 is dominated by the term: N = (TgAQ) ﬁ, and each term depends
on N. Expr. 16 tells us that A increases as more likelihood-ratios need to be estimated, while
N TR decreases. On the other hand, the new nodes associated to added LRE tasks get
wired into the graph and modify its topology, hence affect 7. As a result, either the term

71 7_1 . . . . .
(7'GAQ) 1+¢* dominates or increases at the same rate as N 1+¢* | which implies that increasing

N would not help GRULSIF to converge faster; or the term NV e dominates, in which case
increasing N would be beneficial. These distinct convergence regimes are observed in the
example provided in Sec. 4, where the effect of N differs between a completely disconnected
graph and a fully connected graph, despite the LRE tasks being the same for all the nodes.

As A is an a priori unknown parameter, our current results do not allow the automatic
identification of the convergence regime as we increase the number of nodes. To demonstrate
the effect of node number, we compare GRULSIF and POOL in synthetic scenarios with
varying graph sizes (N = {100,500,1000}). The change of measure at each node is detailed
in Tab. 1: in Synth.la and Synth.Ib we increase the number of nodes per cluster, while in
Synth.ITa, Synth.IIb, and Synth.IIc we extend proportionally a Grid graph. The results are
reported in Fig. 12-16. As expected, the size of the graph does not affect all scenarios in the
same way. In Synth.Ilc (Fig.16), we observe that increasing N leads to faster GRULSIF
convergence. Contrary, in Synth.IIb (Fig. 15), including more nodes increases the bias of
GRULSIF. POOL appears unaffected by the variation of N across all scenarios, as it fits
a model at each node independently and hence its convergence rate depends only on the
sample size (n).
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Figure 2: Experiment Synth.Ia. Comparison of GRULSIF and POOL, with fixed a =0.1 and varying
sample size n = {50,100,250,500} (i.e. n from p, and n’ from gq,, with n = n’), against existing LRE
approaches. All methods are built upon the y?-divergence between p¢ and g¢,, except from KLIEP that
uses the KL-divergence. GRULSIF, POOL, and RULSIF target the relative likelihood-ratio with o =0.1,
while ULSIF and KLIEP target the original likelihood-ratio (aw =0). The graph size is fixed at N = 100.
Line-plots: Convergence to the respective target true likelihood-ratios, in terms of the log (PO‘ [[f— ra]2])
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n’). Box-plots: The
distribution of node-level ¢-divergence estimates obtained by each method for varying sample size n =n/'.
The horizontal dashed lines (red and green) indicate the target true ¢-divergence within each cluster.
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Figure 3:

Experiment Synth.Ib. Comparison of GRULSIF and POOL, with fixed « =0.1 and varying
sample size n = {50,100,250,500} (i.e. n from p, and n’ from gq,, with n = n’), against existing LRE
approaches. All methods are built upon the y?-divergence between p¢ and g¢,, except from KLIEP that
uses the KL-divergence. GRULSIF, POOL, and RULSIF target the relative likelihood-ratio with o =0.1,
while ULSIF and KLIEP target the original likelihood-ratio (o = 0).

The graph size is fixed at N = 100.

Line-plots: Convergence to the respective target true likelihood-ratios, in terms of the log (PO‘ [[f— ra]2])

(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n’). Box-plots: The
distribution of node-level ¢-divergence estimates obtained by each method for varying sample size n =n/'.

The horizontal dashed lines (red and green) indicate the target true ¢-divergence within each cluster.
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Figure 4: Experiment Synth.ITa. Comparison of GRULSIF and POOL, with fixed a = 0.1 and varying
sample size n = {50,100,250,500} (i.e. n from p, and n’ from q,, with n = n’), against existing LRE
approaches. All methods are built upon the y2-divergence between p% and ¢, except from KLIEP that uses
the KL-divergence. GRULSIF, POOL, and RULSIF target the relative likelihood-ratio with = 0.1, while
ULSIF and KLIEP target the original likelihood-ratio («w=0). The graph size is fixed at N =10x 10. Line-
plots: Convergence to the respective target true likelihood-ratios, in terms of the log (P* [[f—ro‘]Q]) (see
Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n=n’). Heatmaps: In this
experiment, g, depends on the position of the node in the Grid graph, and so does their true ¢-divergence
value. In the first row, a heatmap shows the true node-level ¢-divergence associated to each method. The
heatmaps in the following rows show the node-level ¢-divergence estimates obtained by each method.
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Figure 5: Experiment Synth.IIb. Comparison of GRULSIF and POOL, with fixed a = 0.1 and varying
sample size n = {50,100,250,500} (i.e. n from p, and n’ from gq,, with n = n’), against existing LRE
approaches. All methods are built upon the y2-divergence between p® and g¢,, except from KLIEP that
uses the KL-divergence. GRULSIF, POOL, and RULSIF target the relative likelihood-ratio with a = 0.1,
while ULSIF and KLIEP target the original likelihood-ratio (o = 0).
Line-plots: Convergence to the respective target true likelihood-ratios, in terms of the log (Po‘ [[f— r"]Q])
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from gq,, with n =n’). Box-plots: The
distribution of node-level ¢-divergence estimates obtained by each method for varying sample size n =n'.
The horizontal dashed lines (red and green) indicate the target true ¢-divergence within each node group of

interest.
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The graph size is fixed at N = 100.
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Figure 6: Experiment Synth.IIc. Comparison of GRULSIF and POOL, with fixed « =0.1 and varying
sample size n = {50,100,250,500} (i.e. n from p, and n’ from gq,, with n = n’), against existing LRE
approaches. All methods are built upon the y2-divergence between p® and g¢,, except from KLIEP that
uses the KL-divergence. GRULSIF, POOL, and RULSIF target the relative likelihood-ratio with a = 0.1,
while ULSIF and KLIEP target the original likelihood-ratio (w =0). The graph size is fixed at N = 100.
Line-plots: Convergence to the respective target true likelihood-ratios, in terms of the log (Po‘ [[f— ra]Q])
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from gq,, with n =n’). Box-plots: The
distribution of node-level ¢-divergence estimates obtained by each method for varying sample size n =n'.
The horizontal dashed lines (red and green) indicate the target true ¢-divergence within each node group of
interest.
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Figure 7: Experiment Synth.Ia for varying a-regularization. Complement of Fig. 2 that focuses on
the behavior of GRULSIF and POOL for varying o = {0.01,0.1,0.5}. The graph size is fixed at N = 100.
Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PD‘ [[f — ro‘}Q]) (see Eq. 51),
as a function of the sample size n (i.e. n from p, and n’ from ¢,, with n =n’) and o. Box-plots: The
distribution of node-level estimates, { PES (X.||X})}vev (See Eq. 30), obtained for varying  and sample size
n=mn’. The horizontal dashed lines (red and green) indicate the true PE(p$|qv) (See Eq.32) within each
cluster.
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Figure 8: Experiment Synth.Ib for varying a-regularization. Complement of Fig. 3 that focuses on
the behavior of GRULSIF and POOL for varying o = {0.01,0.1,0.5}. The graph size is fixed at N = 100.
Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PO‘ [[f — ro‘]Q]) (see Eq. 51),
as a function of the sample size n (i.e. n from p, and n’ from ¢,, with n =n’) and o. Box-plots: The
distribution of node-level estimates, { PES (X.||X})}vev (See Eq. 30), obtained for varying  and sample size
n=mn’. The horizontal dashed lines (red and green) indicate the true PE(p$|qv) (See Eq.32) within each
cluster.
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Figure 9: Experiment Synth.Ila for varying a-regularization. Complement of Fig. 4 that focuses

{0.01,0.1,0.5}. The graph size is fixed at N =100.

Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PO‘ [[f — r"‘]Q]) (see Eq. 51),

on the behavior of GRULSIF and POOL for varying «

as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n') and a. Box-plots: The

Heatmaps: In this

’

distribution of node-level estimates obtained for varying « and sample size n =n’.

lg») (See Eq. 32).
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Figure 10: Experiment Synth.IIb for varying a-regularization. Complement of Fig.5 that focuses
on the behavior of GRULSIF and POOL for varying a ={0.01,0.1,0.5}. The graph size is fixed at N =100.
Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PD‘ [[f — ro‘}Q]) (see Eq. 51),
as a function of the sample size n (i.e. n from p, and n’ from ¢,, with n =n’) and o. Box-plots: The
distribution of node-level estimates, { PES (X.||X})}vev (See Eq. 30), obtained for varying  and sample size
n=mn’. The horizontal dashed lines (red and green) indicate the true PE(p$|lqv) (See Eq.32) within each

node group of interest.
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Figure 11: Experiment Synth.IIc for varying a-regularization. Complement of Fig. 6 that focuses
on the behavior of GRULSIF and POOL for varying a ={0.01,0.1,0.5}. The graph size is fixed at N =100.
Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PD‘ [[f — ro‘}Q]) (see Eq. 51),
as a function of the sample size n (i.e. n from p, and n’ from ¢,, with n =n’) and o. Box-plots: The
distribution of node-level estimates, { PES (X.||X})}vev (See Eq. 30), obtained for varying a and sample size
n=mn’. The horizontal dashed lines (red and green) indicate the true PE(p$|lqv) (See Eq.32) within each
node group of interest.

38




COLLABORATIVE LIKELIHOOD-RATIO ESTIMATION OVER GRAPHS

N =100 N =500 N =1000
0.4 —0.6
-0.6 07
=06 =07 = _o0s —— GRULSIF
& < os PR POOL
< o8 < L -09
o [ -0.9 |
= 4= = -1.0
5 5 Lo 5
& -10 g & -1
g g’—]“l g
- = -12 = -12
-1.2
-1.3 -13
14 -1.4
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
GRULSIF POOL GRULSIF POOL GRULSIF POOL
N =100 N =100 N =500 N =500 N =1000 N =1000
C1C2 C3 c4 c1C2 C3 c4 C1C2 C3 c4 C1C2 C3 c4 C1C2 C3 c4 C1cC2 C3 c4
1.0 1.0 1.0 1.0 21 10 e | 10 d
Q o5 - 0.5 - 0.5 0.5 0.5 - 0.5
L 1 o I S I R S o HI g o
~ 00 Fea 0.0 & %f% 00 % . 0.0 %%—% 0.0/ % % 1| 0o %?—% |
g -05 -05 i -05 “os{. 8B o os —0.5{ o S
o o o o o
-1.0 -1.0 -1.0 -1.0 8§ |-1.0 -10{ o °
1.0 1.0 1.0 s | 10 o | 10 1.0
(en]
(e]
= o5 % 0.5 B 0.5 0.5 |l 05
Il
T 0.0{F e 0.0{ F ez 0.0{F 4| 00 %?—? L] 0o F -+ 0.0 %%—% :
Il ° ° ° o g
g -05 -05 -05 -05 S -05 -05
-1.0 -1.0 -1.0 -1.0 8 |-1.0 -1.0
1.0 1.0 1.0 1.0 1.0 1.0
% o o H °
205 % 0.5 % 0.5 % 0.5 % 0.5 % 05 %
I e P . oo le o . I
~ 00 e — Y] — 0.0 F -5 00]F o8 o | 0.0{F s 0.0 F g
g -05 -05 -05 -05 -05 -05
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0
1.0 1.0 1.0 1.0 1.0 1.0
o ° o
S os & os R 05 & 05 & 05 & 05 %
TR — L Lo o Lo Lo Lo
- 00[F e 0.0]F oo (Y] R —— 0.0 F 55 0.0{F os- 0.0 F o—s
g -0.5 -05 -05 -05 -05 -05
-1.0 -1.0 -1.0 -1.0 -1.0 -1.0

Figure 12: Experiment Synth.Ia for varying graph size. Complement of Fig.2 that focuses on the
behavior of GRULSIF and POOL for varying N = {100,500,1000}. The regularization parameter is fixed at
a =0.1. Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PO‘ [[f—r"]ﬂ)
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n’) and a. Box-
plots: The distribution of node-level estimates, {PES(X,||X.)}vev (See Eq.30), obtained for varying N
and sample size n =n'. The horizontal dashed lines (red and green) indicate the true value of PE(p$|qy)

(See Eq. 32) within each cluster.

39



DE LA CONCHA, VAYATIS AND KALOGERATOS

N =100 N =500 N =1000
0.0 ~02
~02
-0.3
= -0.2 = = —— GRULSIF
S IS IS
g gL 04 g o4 POOL
| 04 | | —05
- w -
pauer — -0.6 et
?5 -06 “5.{ ‘é_’ -0.6
(o)} ()] [*)]
o S 08 oS -07
-0.8
-0.8
“10 -1.0
. -0.9
100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
GRULSIF POOL GRULSIF POOL GRULSIF POOL
N =100 N =100 N =500 N =500 N =1000 N =1000
€l C2 C3 c4 €l C2 C3 c4 €l C2 C3 c4 Cl C2 C3 c4 Cl C2 C3 c4 Cl C2 C3 c4
1.5 1.5 1.5 ° 1.5 1.5 1.5
3
| Lo #, L[ 1.0 - 10{ - 1.0 - 1.0 — 1.0{ e
ﬁ 0.5 0.5 I 0.5 0.5 0.5 % 0.5
g le = | oolpw le o lr 182 2 ° Ll gl 1.
0.014—% ] o.o%? 0.0 &% o.o%%g 00r$-% o.o%?o
-0.5 -05 -05 -05 -05 -05{ % .
o 15 15 15 15 15 .| 15
(e]
— o
TR Y AR 1.0{ ] 1.0{ -l § 1.0{ - § 1.0 100 ]
- % #
| 05 ! 05 05 | 05 0.5 0.5
N o Lo ° o 8 B
0.0 %= 0.0 g ° 0.01 55 o o.or——%——?— o 0.01 &% ° o.or——%———?—— 8
s ° 3 H .
-05 -0.5 ¢ l-05 -0.5{ o °|-05 -0.5
o 15 15 |1 15 15 .| 1S .
K
Lo %7% 1.0 ++ 1.0 ++ 1.0 ++ 1.0 9+ 1.0 ++
ﬁ 0.5 0.5 0.5 0.5 L1 o5 % 1 05 5
£ 0.0f-o-— 0.0{ = 0.0} 4% 0.0 frpr g 0.01-6—6— 0.0 g
-05 -0.5 -0.5 -0.5 -0.5 -0.5
o 15 15 15 15 15 15
3 s i
pLo %7% 1.0 %7$ 1.0 %% 1.0 %% 1.0 %% 1.0 %%
< l
ﬁ 0.5 0.5 0.5 0.5 0.5 s 0.5
£ 00f—v (Y] — 0.0 0.0}-= 0.0 0.0
-05 -0.5 -0.5 -0.5 -0.5 -0.5

Figure 13: Experiment Synth.Ib for varying graph size. Complement of Fig.3 that focuses on the
behavior of GRULSIF and POOL for varying N = {100,500,1000}. The regularization parameter is fixed at
a =0.1. Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PO‘ [[f—ra]2])
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n’) and a. Box-
plots: The distribution of node-level estimates, {PES(X,||X.)}vev (See Eq.30), obtained for varying N
and sample size n =n'. The horizontal dashed lines (red and green) indicate the true value of PE(p$|qy)
(See Eq. 32) within each cluster.
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Figure 14: Experiment Synth.IIa for varying graph size. Complement of Fig. 4 that focuses on the
behavior of GRULSIF and POOL for varying N = {100,500,1000} (i.e. from a 10 x 10 to a 100 x 100 Grid
graph). The regularization parameter is fixed at & =0.1. Line-plots: Convergence to the true relative
likelihood-ratio, in terms of the log (P [[f —r®]*]) (see Eq.51), as a function of the sample size n (i.e. n
from p, and n’ from g,, with n=n') and . Heatmaps: In this experiment, ¢, depends on the position of
the node in the Grid graph, and so does PE(p{||¢») (See Eq.32). In the first row, a heatmap shows the true
node-level true value of each method. The heatmaps in the following rows show the node-level estimates,
{PES(X,||X})}vev (See Eq.30), obtained for varying N and sample size n=n/'.
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Figure 15: Experiment Synth.IIb for varying graph size. Complement of Fig.5 that focuses on the
behavior of GRULSIF and POOL for varying N = {100,500,1000}. The regularization parameter is fixed at
a =0.1. Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PO‘ [[f—r"]ﬂ)
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n’) and a. Box-
plots: The distribution of node-level estimates, {PES(X,||X.)}vev (See Eq.30), obtained for varying N
and sample size n =n'. The horizontal dashed lines (red and green) indicate the true value of PE(p$||qy)
(See Eq. 32) within each cluster.
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Figure 16: Experiment Synth.IIc for varying graph size. Complement of Fig. 6 that focuses on the
behavior of GRULSIF and POOL for varying N = {100,500,1000}. The regularization parameter is fixed at
a =0.1. Line-plots: Convergence to the true relative likelihood-ratio, in terms of the log (PO‘ [[f—r“]ﬂ)
(see Eq.51), as a function of the sample size n (i.e. n from p, and n’ from q,, with n =n’) and a. Box-
plots: The distribution of node-level estimates, {PES(X,||X.)}vev (See Eq.30), obtained for varying N
and sample size n =n'. The horizontal dashed lines (red and green) indicate the true value of PE(p$|qy)

(See Eq. 32) within each cluster.
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Table 3: GRULSIF’s empirical time complexity*. Average running time in seconds in synthetic
experiments with n =500 observations at each node. The average is taken over 10 runs of GRULSIF, after
the model selection whose computational time is not included.

#nodes (N) Synth.Ia Synth.Ib Synth.IIa Synth.IIb Synth.IIc

100 0.09s 0.24s 0.31s 0.88s 29.19s
500 1.00s 1.25s 2.15s 1.70s 317.19s
1000 2.75s 6.05s 9.33s 5.54s 1395.95s

*On a single machine with 12th Gen Intel(R) Core(TM) i7-12700H processor and 16GB of RAM.

Finally, we compare the empirical time complexity of GRULSIF for different graph sizes.
Tab. 3 reports the average running time over 10 GRULSIF instances, after the model selec-
tion step. The time complexity increases with N. For the experiments Synth.la-Synth.IIb,
this increase does not seem to compromise the scalability of the algorithm. Nevertheless,
the overhear for Synth.Ilc is considerably bigger. The higher input space dimensionality of
the Synth.Ilc results in a larger dictionary of anchor points for approximating the associated
RKHS. Specifically, the size of the dictionary scales at rate O(ﬁ3), which is evident even
for graphs with as few as 100 nodes. In conclusion, the scalability of GRULSIF to large
graphs depends more on the size of the dictionary used for approximation rather than on
the number of nodes.

6.2 Real-life experiments

In this section, we compare GRULSIF to other Kernel-based LRE methods in examples
of seismic data. Although this work focuses on the LRE performance, GRULSIF can be
used for designing Change-Point Detection and Two-Sample Testing methods that account
for graph-structured information. Such applications have been developed in parallel to this
work in separate contributions in de la Concha et al. (2023, 2025).

Seismic data fall into the setting described in Sec. 2. Modern geological hazard monitor-
ing systems consist of several stations located across a territory. Each station gathers data
on ground noise and shaking at its specific location. It is expected that stations located
close to each other will exhibit similar observations, which is a fundamental hypothesis in
Spatial Statistics. We follow here a simple approach that considers the stations as nodes
within a graph that encodes the similarity induced by their geographical proximity.

The main difficulty in evaluating the approximation of LRE methods using real data is
that, in most cases, the likelihood-ratio is unknown. In this application, though, there is a
specific case where a likelihood-ratio can be known in advance: the case when there is no
seismic activity, i.e. both p, = ¢, for all v € V', implying r§ =1 for all v € V, regardless of a.
We leverage this observation to illustrate how incorporating geographical proximity within
LRE improves the approximation accuracy.

Seismic data preprocessing. We start by identifying three seismic events that occurred
in New Zealand. Seism A is of magnitude 5.5R (in Richter scale), occurred on May 31, 20211;
Seism B is of magnitude 2.6R, occurred on Oct 2, 2023 2; Seism C is of magnitude 2.3R,

1. Public data available by the GeoNet project GNS Science (1970):
https://www.geonet.org.nz/earthquake/2021p405872
2. https://wuw.geonet.org.nz/earthquake/2023p741652
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Figure 17: New Zealand seismo-
graphic network. The purple nodes repre-
sent the locations of seismic stations. The edges
illustrate a 3-nearest neighbors graph, inferred

based on stations’ geographical coordinates to Table 4: Results on seismic data

capture spatial proximity. set. We report P*[[f —r“]*] (see Expr.51) for
each LRE method. To estimate this quantity,
we preprocess the data corresponding to a time
period where r; = 1 for all v € V, fit the LRE
method using 4/5 of the observations as train-
ing set, and the remaining 1/5 as test set. By
design, a reported value closer to 0 indicates a
better approximation.

LRE Method Seism A Seism B  Seism C

KLIEP 0.31 0.36 0.37
ULSIF 0.10 0.17 0.14
RULSIF (a=0.1) 0.10 0.16 0.13
POOL (a=0.1) 0.14 0.20 0.08
GRULSIF (=0.1)  0.08 0.09 0.02

occurred on Oct 30, 2024 3. The data is made public available by the GeoNet project that
operates a geological hazard monitoring system in that territory. The system is composed
by seismic stations equipped with strong-motion accelerometers that provide 3d signals
corresponding to the shaking across three perpendicular directions.

To emulate the situation where p, and ¢, are approximately the same, we analyze the
waveforms recorded during one minute time, between 30 and 29 minutes before the seismic
event at 100Hz frequency. The purpose of this choice is to ensure that observations within
this time-window are stationary. The waveforms correspond to the measurements provided
by the three perpendicular directions of the accelerometers, defining the input space X C R3.

The preprocessing is performed independently for each station, and independently for
each direction, using the Obspy Python package (Beyreuther et al., 2010). We apply a series
of standard preprocessing steps used in seismology: the instrument response is deconvolved,
the linear trend is removed, the observations are demeaned, a 2-20 bandpass filter is applied,
and the filtered data are downsampled by a factor of 5. To reduce the temporal dependency,
we fit an autoregressive model of order 1, and we keep the residuals to analyze further. The
output is then standardized so that it has zero mean and unit variance. After completing
these steps, we obtain 1200 observations at each location. We then assign the first 600
observations to p, and the remaining 600 of them to g,.

To account for spatial similarity, we generate an unweighted spatial graph Gg = (V, E, W)
where the nodes represent the seismic stations and the edges are computed in order to form
a spatial 3-nearest neighbors graph, as visualized in Fig. 17.

3. https://wuw.geonet.org.nz/earthquake/2024p817566
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Results and findings. Tab. 4 compares the Kernel-based LRE methods listed in Tab. 2 in
terms of their average node-level MSE (Eq.51). To compute this measure, we need both the
approximated relative likelihood-ratio f and the true r®. The former is given by each LRE
estimator trained on 80% of the observations, while by design we have r%(z) = (1,...,1) € RY
for any o and x € X. This choice is consistent with the sampling from p, and ¢,, which
is done such that p, =~ ¢,. The expected value Eyo(y)[[fo —75]%(y)] is then calculated by
averaging the estimation result on the remaining 20% of the observations that were not used
during the training phase. In this configuration, we expect Epa[[fo —72]*(y)] to be low
and close to zero. In the results of Tab. 4, GRULSIF achieves the best performance (lowest
MSE) for all the seismic events, which highlights the importance of the graph structure in

enhancing the likelihood-ratio approximation.

7. Conclusions

In this paper, we first introduced a graph-based extension to the likelihood-ratio estimation
(LRE) problem that we call Collaborative LRE. Then, we presented GRULSIF: a novel
collaborative non-parametric LRE framework for multiple data sources whose similarity is
encoded in a given fixed graph. We provided a detailed convergence analysis that highlights
the conditions under which collaboration is beneficial compared to individual local LRE at
each node, but also more specifically the role played by important variables of the problem,
such as the complexity of the problem at hand, the amount of available data for each local
problem, the expressiveness of the graph structure chosen for estimation, and the number
of nodes. The provided distributed GRULSIF implementation scales well for big graphs.
This is supported by the computational complexity analysis as well the reported empirical
running time. In fact, the results show that the scaling of the algorithm is more affected by
the size of the dictionary used for approximation than on the number of nodes.

As future work, there can be applications enabled by GRULSIF, some of which were
outlined in this article. The presented theoretical guarantees could be used to study the
behavior of task-oriented algorithms built on the top of GRULSIF estimates. Finally, an
interesting question that deserves thorough investigation in the future, is how we can choose
a graph that would render Collaborative LRE meaningful and more efficient.

Acknowledgments

The authors acknowledge support from the Industrial Data Analytics and Machine Learning
Chair hosted at ENS Paris-Saclay, Université Paris-Saclay, and the Ile-de-France Region.

46



COLLABORATIVE LIKELIHOOD-RATIO ESTIMATION OVER GRAPHS

APPENDIX
Appendix A. Methodological aspects

A.1 Connection between Pearson’s divergence and likelihood-ratio estimation

This section explains the relationship between y2-divergence and likelihood-ratio estimation
(LRE), which justifies why we formulate the problem of comparing probabilistic models
defined over the nodes of a graph as a LRE problem. In other words, we prove Theorem 2.

Proof of Theorem 2. The y?-divergence refers to the ¢-divergence with ¢(¢) = (4—21)2,

which is strictly convex around 1 and essentially smooth. Its convex conjugate is given by
2

¢*(s) = % +s. Furthermore, from Inequality 2, we can conclude that PE(P“||Q) is bounded.

As Q € P(X), then the total variation measure becomes |Q| =@ and Q € My. To verify

the last point, take f € H, then:

/ F(a)|dQa') = / (K ()] dQ() < C |l < oo,

where the first equality is given by the representer property of H, and the second one is a
consequence of the Cauchy-Schwarz inequality.

The upper-bound on r® implies that the function ¢'(r*(z)) = r*(z) — 1 belongs to
span(HUB), thus the requirements of Theorem 1 are satisfied and we obtain the expression:

a _ su z 2 — 92(3/) a
PEPQ)= s Jotaaw)-[ [ +g<y>] aP(y), (52)

gEspan(HUB 2

which admits the unique optimal solution g* =r%(z)—1. Let us rewrite Eq. 52 in terms of
functions of the form g= f —1:

132
Q= s [ -niew) - [(f(y)l)ﬂf(y) - 1)} aP*(y)

f€span(HUB) 2

2
= s rehaeu) - [Hape) - (53)

f€span(HUB)
/ ’ fQ(y) o 1
> [ (@) - [P dPo) -

A.2 Creating an efficient dictionary

In this section, we describe in detail how the implementation of GRULSIF creates the
dictionary. Our strategy is an adaptation of the greedy algorithm introduced by Richard
et al. (2009) that defines the dictionary’s coherence, which measures the redundancy in a set
of basis functions with regard to their lineal dependency and is computable in linear time
to the dataset size. In practice, this approach selects a subset of observations (datapoints)
forming a non-redundant subset of basis functions with good approximation performance.
This strategy is applicable to a unit-norm kernel (i.e. K(z,z) =1, 2 € X). Formally, the
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Algorithm 3 — Dictionary creation

1: Input: {X, }oev = {{Zv,1,Tv,n, }oev s {X4 foev = {2} 1,7, v }}vev: the observations
indexed by the node of the graph G = (V, E,W) they belong;

2: o € (0,1) : a coherence threshold;
3: o : kernel hyperparameter (we assume a unit-norm kernel);
4: Output: D: a dictionary containing selected elements from {X,},ey and {X) },ev.
5. D={}
6: for veV do
7:  m Select non-redundant elements from X/
8 forie{l,..,n,} do
9: if maxgep, | Ko, (Z0,i,2)] < o then
10: D=DuU{x,;}
11: end if
12:  end for
13:  m Select non-redundant elements from X/
14:  forie{l,.,n,} do
15: if max,ep, [Ko, (xﬁm,x)‘ < o then
16: D=Du{z, ;}
17: end if
18:  end for
19: end for
20: return D

coherence of a dictionary Dy = {z;}L | of size L is defined as:

uzqﬁ;\(@(m), e(ar))] ZI};%IK(%W)\. (54)
This quantity can be read as the largest level of collinearity between pairs of elements of
the dictionary. When the basis functions are orthogonal, this quantity equals to zero. The
greedy recipe processes the observations one after the other and integrates a new observation
x to the current dictionary D if its addition keeps the dictionary coherence bellow a given
threshold pg € (0,1), that is if: max,,ep, |K(z,2;)| < po. The strategy is detailed in Alg. 3.

In all the reported experiments, we fix puo = 0.3. Larger values of pg increased the
running time of GRULSIF without offering performance gains.

A.3 Analysis of the proposed optimization algorithm

In this section, we detail the Cyclic Block Coordinate Gradient Descent (CBCGD) strategy
described in Sec. 5. In particular, we prove an upper-bound for the number of interactions
to attain a given precision € in terms of the size of the dictionary L and the number of
nodes N.

Theorem 4 is a particular case of the results appearing in Li et al. (2018). In that work,
the convergence of Cyclic Block Coordinate-type algorithms is analyzed. For completeness
of the presentation, we present some of their main results. The objective functions analyzed
in Li et al. (2018) takes the form:

Juin ©(©) = min Z(0)+R(6), (55)
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where Z is a twice differentiable loss function, R is a possibly non-smooth and strongly
convex penalty function, and the variable ® is of dimension M = Zi\;l M, and is partitioned
into disjoint blocks © = (61,05, ...,0N) each of them being of dimension M,. It is supposed
that the penalization term can be written as R(©®) = Zivzl R,(6,).

Assumption 5 Z(-) is convex, and its gradient mapping V Z(-) is Lipschitz-continuous and
also block-wise Lipschitz-continuous, i.e. there exist positive constants C and C, such that
for any ©,0' e RM and v=1,...,N, we have:

|Vz(©')-vZ(©)|<C|e -6

(Vo 20y, 00,8, )~ V0 Z(©))| < Cu |60 — ). (56)

u<v?

Assumption 6 R(-) is strongly convex and blockwise strongly convez, i.e. there exist pos-
itive constants p1 and ju,’s such that for any ©,0" € RM and v € V, we have for any
£eVR(®):

R(©)> R(@’)+(®—®’)T£+g lo—e|?,

/ T Ho /12 (57)
R'U(HU) > R(ev) + (91} _0v> 5’0 + ? HHU —QUH :
Under the above assumptions, the CBCGD cycle i for block v is defined as:
o A A Al N 2
0 = argmin(6, — 05TV, 2001, 000) + |0~ 000+ R (59)
0, =

Then, Theorem A.1 characterizes the maximum number of interactions required to achieve
a pre-specified accuracy e.

Theorem 5 (Theorem 3 in Li et al. (2018)) — Suppose that Assumptions5 and 6 hold with
M >2. And that the optimization point is @*. We choose o, = C,, for the CBCGD method.
Given a pre-specified accuracy € >0 of the objective value, we need at most

tmax =

pC. +16C%1og? (3N Minax) (00— d(O@%)
I log ( )
uC

min €

iterations to ensure ®(O@W) — d(O*) < € for i > imax, where C*

min

= mingyey Cy + iy and
Minax = maxycy My, .

Proof of Theorem 4. In this section, we assume that I is positive-definite,i.e. its mini-
mum eigenvalue is strictly positive: emin (K) > 0. This is in not the general case, but we can
transform the problem for this condition to hold, e.g. using the approximation K = K+cl7,,
with ¢ > 0. Alternatively, /U can be ensured to be positive-definite by selecting a dictionary
with linear independent components (Richard et al., 2009), or via Nystrom approximations
along with anchor points selected via Kernel-PCA, as described in Sec. 5.2.
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Problem 25 takes the form of Expr. 55, where we identify the functions Z and R as:

1 ((=a) Q@ Ty T
Z<®)_@%§£®N( 5 C) H@+§@ HO®-h 6

+%®T(IN®IC%)T LI (InoK2)©

—i (l_a) 1 2 T ry/ T é T
_N;:/( 5 GvHv0y+29vHvev Rl 6, +4u§e:vwm,(0@ 0.)TK (0, —0,),

A A
R(©) =LY Ri(6.) =5 Y 61Kb..

veV veV

That given, it is easy to verify that the updating scheme of Eq. 58 takes the form of Eq. 40.
It is clear that, given our hypothesis, R(®) and R,(f,) are stronger convex functions of
modulus Ayemin(K). Therefore, Assumption 6 is satisfied.
Second, the full gradient of Z(-) can be written as:
l-«

1 1 1
V()= <N Ht CH'+ My oK) (Lo 1) (IN®’C2)) oy, (59

which is Lipschitz-continuous with constant

C—emax(lj_vaHJr %H’JFA(IN@IC%)T L®IL) (IN®IC5)> :

From the node-level expression, it is easy to derive the partial derivative of Z(-):

1— 1
VvZ(G):TaHUJr%H{ﬁer/\IC (dvev— 3 Ww(eu1u<v+9u1u>u)> — 5l (60)
ueng(v)

where d, is the degree of node v. This means:

V02 (8, <0, 00,6.0) — Vo Z(8) || < H (1]_\[0‘}1 v +)\dUIC> (6,—0)

-

N
<Cyl|(6,—6,)]],
where Cp, = €max (PTO‘HM + %H{} + )\de) . Then, Assumption 5 is satisfied.
With these elements, and by fixing n, = C,, we can apply Theorem 5, where:
-« «o 1 1
C = emax <NH+ NH/+)\(IN®/C2)T LRI (INn®K2 )> ,
11—« a
C = ana ((N)H S H )\dUIC> :
Cnin = Win Gy + g1,

W= Avyc.

After substitution, we get the expression given in Eq.41. |
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Appendix B. GRULSIF in practice and details for the empirical
evaluation

B.1 Further details for the conducted experiments

This section details the hyperparameter selection used in the experiments. For the RUL-
SIF and ULSIF algorithms, we follow Sugiyama et al. (2011a) and Yamada et al. (2011).
We run a leave-one-out cross-validation procedure over the parameter associated with the
Gaussian kernel and the penalization term . The parameter o is selected from the grid
{0.60median; 0-80medians 1 Tmedians 1-20medians 1-40median }s Where omedian is the parameter o
found via the median heuristic over the observations in z). On the other hand, the penal-
ization parameter v is selected from the grid {le=® 1e73,0.1,10}.

The procedure for KLIEP is similar, but we use instead a 5-fold cross-validation proce-
dure, over the grid {0.60median,0-80median, 10medians 1-20medians 1-40median} for the width o
of the Gaussian kernel, and over the grid {le=> 1e73,0.1,10} for the penalization constant.

For GRULSIF and POOL, we apply 5-fold cross-validation for selecting the hyperpa-
rameters o, v, A (Alg.1). Since POOL ignores the graph, we fix A =1, and the penaliza-
tion term related with the norm of each functional f, will only depend on the parameter
7. In order to select the width o of the Gaussian kernel, we first compute {oy}yey for
each node via the median heuristic applied to the observations of X, (those are available
when creating the dictionary), and we define op,in = min{oy, }yev, Omedian = median{o, }pev,
and opax = max{oy, }ycv, we then choose the final parameter from the set {omin, %(omin +
Omedian)s Omedian; %(Umax-l-Umedian),Umax}. 7 is selected from the set {le™>,1e73,0.1,10} /c,
using ¢ = y/min(n,n’) for POOL. For GRULSIF, we select the optimal A\* from the set
{1e7%,5.62¢74,3.16e72,1.77,1€?} /¢, and the optimal 4* (representing the product of the
constants - \) from the set {le,1¢73,0.1,10} /¢, where ¢ = /min(n,n/)N.

Appendix C. GRULSIF convergence guarantees

C.1 Auxiliary concepts and results from Multitask Learning

The excess risk bounds for Multitask Learning in Yousefi et al. (2018) depend on the con-
cept of Multitask Local Rademacher Complexity (MTLRC) that aims at quantifying the
complexity of classes of vector-valued functions. MTLRC leads to sharper bounds com-
pared to the classical Global Rademacher Complexity, while remains easy to compute for a
VV-RKHS that is of our interest. Specifically, the bounds are tight enough to explicit the
role of important variables of the problem, such as the number of observations, the number
of tasks, the smoothness of the vector-valued function to approximated in terms of the norm
in the associated VV-RKHS. For completeness of presentation, and in order to clarify better
our results, we adapt to the notation used in the main text and rewrite important concepts
and results appearing in the reference papers Bartlett et al. (2005); Yousefi et al. (2018).

Let us denote by Z = (2y)vev,i=1,..n & set of nN independent observations such that
for each v e {1,...,N}, {2y, ~ Dz}, are identically distributed according to the measure
Pzw- Given a vector-valued function h=(hy,...,h,), we define the expressions:

P:[h] = % Z Ep..[ho(2)] and P, n[h]= N ZZ ho(20,1)- (62)

veV v=11i=1
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We start by introducing the concept of MTLRC (Yousefi et al., 2018) and the sub-root
function (Bartlett et al., 2005) that will appear in the upper-bounds of the excess risk.

Definition 6 (Multitask Local Rademacher Complexity) For a vector-value function
class F = {f = (f1,....,f~n)}, the Multitask Local Rademacher Complexity (MTLRC) for
p>0, R(F,p), is defined as:

N n
1
R(F,p)=E o sup — 0v,ifo(2ui) | 63
(F.0) S Y ) (63)
f=(f1,.../n)EF

v=11=1

where {0y i }o=1,. Ni=1,.n 5 a sequence of independent Rademacher variables. We denote
by E, o [-] the expectation w.r.t. all the involved random variables. V(f) is an upper-bound
on the variance of the function in F.

Definition 7 (Sub-root function) A function p:[0,00] — [0,00] is sub-root iff it is non-

decreasing and the function %%) is non-increasing for p > 0.

Lemma 8 (Lemma 3.2 in Bartlett et al. (2005)) If o is a nontrivial sub-root function, then
it is continuous in [0,00] and the equation o(p) = p has a unique non-zero solution p*, which
is known as the fixed point of o. Moreover, for any p >0, it holds that p > o(p) iff p* <p.

The following result is established when the MTLRC is itself a sub-root function.

Lemma 9 (Lemma 3.4 in Bartlett et al. (2005)) If the class F is star-shaped around fo,
and V : F =Ry is a function that satisfies V (af) <a?V (f) for any £ € F and any a € [0,1],
then the function o defined for p>0 by:

N n
1
o(p) =E, sup Uv,ifv 2y 64
R I 5 9 e (69

=111=1
feF =R

is a sub-root function and p—E.o(p)] is also sub-root function.

A function class being star-shaped around fy, means that {fo+a(f—fy):f € F,a €[0,1]} C F.
Note that the a convex function class is by definition star-shaped around each of its elements.

MTLRC will be used to obtain a global error bound for classes of vector-valued functions
for which the variance is bounded, V (f —fy) < p. The goal is to identify models of small
generalization error and small variance. There is a tradeoff between the size of the subset we
consider (controlled by the parameter p) and its complexity, the optimal choice is given by a
fixed point of a sub-root function. To formalize the relationship between the generalization
error and variance, we need to define the concept of Vector-Valued Bernstein Class.

Definition 10 (Vector-Valued Bernstein Class) Let 0 < <1 and B >0. A vector-
valued function class F is said to be a (8, B)-Bernstein class w.r.t. the probability measure
P if there exists a function V : F — Ry such that

Pf2<V(f)<B(Pf)?, vfeF. (65)
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The following result describes the role of MTLRC in obtaining upper-bounds for Mul-
titask Learning and it is the core component in the proof of Theorem 3.

Theorem 11 (Theorem B.3 in Yousefi et al. (2018)) Let F ={f = (f1,..., fn)} be a class of
vector-valued functions satisfying maxycy sup,cz | fo(2)| <b. Let Z={Zy}vev = {{z01, -, ZWZ}}ueV
be a vector of nIN random variables where for each v eV, {zy1,...,2pn} are identically dis-
tributed. Assume that F is (8, B)-Bernstein class of vector-valued functions with 0 < <1
and B> 1. Let o be a sub-root function with fixed point p*. If BR(F,r) < o(p), Yp > p*,
then for any C'>1, and 6 € (0,1), with probability at least 1 -0, every £ € F satisfies:

C _B_ 1

G el 20) 77207 max ((0°) 7, (7))
, (66)

2ﬁ+3B2C/31 1 ﬂ+ 24Bb | 1
nN 8 \5 2-8)nN B2\5 )

C.2 Lemmata before Theorem 3

=

Pf] <

+

The general idea is to use Theorem 11 to upper-bound the excess risk associated with the
Problem 33. To this end, we need to address the following subproblems:

1. Define a class of vector-valued functions satisfying the hypotheses of Theorem 11.
(This is the context of Lemma 14.)

2. Identify the sub-root function o that upper-bounds the MTLRC of the class.
(Provided in the last point of Lemma 14.)

3. Upper-bound the fixed point of p. (See Lemma17.)

Let us start by defining the instantaneous loss function for the scalar function f € H:

(=) f2 (@) +af?(x))
2

bo(f)(20) = — f(at). (67)

/

'), where x,, ~ p, and z, ~ q,.

Here, the variable z, denotes a pair of observations z, = (x,,z
Given a vector-valued function f = (fi, fo,..., fnv) € G and a set of pairs of observations
(21,22,...,2N), we define the vector-valued loss function:

0(£) = (G (f1)(21), L2(f2)(22)s -, EN (fN) (2)) - (68)

To facilitate reading, we introduce the following operators evaluated at vector-valued
functions of the form h= (hy,...,hn):

Pl = S By (@], Q= 5 - By [hole)] P = 3 By [hulw)]

veV veV veV
(69)
We can easily verify the following expressions:
PYh]=(1—«a)P[h]+aQh] and P*[r*h]=Q[h], (70)
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where, with an abuse of notation, r®h refers to the point-wise multiplication of the vector-
valued functions r® and h. With this notation, we can define the cost function:

£)=> E,., [lo(fo)(2)] = P:[((F)]. (71)
veV

The following lemma identifies the connection between the excess risk L(f) — L(r®) and
the distance P*[f —r®]2. In particular, it makes evident the advantages of using the x?2-
divergence as a surrogate loss function for LRE.

Lemma 12 Let the vector-valued functional space Fg (Expr. 33) and suppose the value of
each scalar function f, to range in [—b,b], b€ RT. Then the following statements hold:

1. There is a function £*=(f},..., fx) € G satisfying:

£ —angmin g 5= | U5, (20 + 5B 2]~ B o [

feFq veVv

=argmin L(f).
feFa

2. For every f € G, we have P* [f —£*]2 = 2(L(f) — L(f*)).
3. There exists By >0, such that Vf € G:

PLIUE) U] < T2 PY(E £ = BoP.[((f) — ((5")).

Proof. First point: Assumption 3 states that r® € Fg. Following the line of reasoning

used to prove Expr. 13, we can conclude:

1 1 1 1
argmin — g —E o 3 —E, (& (2! ]:ar min — “Fo. W(y) =1 27

which implies r® = (r{,...,r%) is solution to the optimization problem.

Second point: The proof of the previous point implies f* =r®. Then the second point of
the lemma can be restated in terms of L(f)— L(r®) for f € Fg:

L0 -20%) = X [ 3Em 200~ (020 - B () - )]

veV

— 3 Z B |5 [0~ 0920 150 () -r50)
veV

1 1 .

=% 2 sEmollis =] = 5Pl -rP

where the second inequality comes from the expression Ea [y (¥)9(y)] = Eq, ) [9(z")]-

Third point: Let us define the positive constants: Cq, =min{L,[|r%(|}, Co=max,cy Ca,p.
Notice that by hypothesis over the functional space Fg and the upper-bound of r{ with
respect to the regularization parameter, we have:

[fo+ 73l e < (04 Caw) < (b+Ca), (72)
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+2Q[[f ()] (nsats (a7 <2 35)
<op, [0 (2 7] )"+ (- 7] ()]
+2é [[f— ro)? (x')] (Convexity of 2 - 2?)
- %P” (2~ (2] 4 2P [1(F—1)?]  (epn.70)
< %P" [[f—ro‘]2 [f—i—ro‘ﬂ + %Pa [[f—raﬂ
< % <<b+0a>2+40a> PrliE—rP]  (ewnr)
- %BOPQ [[f—raﬂ .

Moreover, the second point implies:

P, [0(£) —£(x*)]* < By [L(f) — L(x*)] = Bo P [¢(£) — £(x®)].

Lemma 13 Let Y ={Y,}yey = {{yv,h "'7y’U,n}}

that Yv,i: yy S pS. Then:

vy e a sample of nIN observations such

E[ b S S | <G| s S )
Po‘[f—r“]2<p veV i=1 paff—ro?<p veVz 1
feFa feFa

(73)

Proof Let us define Ea\au,j[‘] to be the expectation with respect to all the Rademacher
random variables {0y ;}y=1,.. Nii=1,. n €xcept oy j, then:

E, sup ZZUU zfv yvz yv z)]

peff—ro]?<p veVz 1

eEFa
:Ea\au,j{Eau,j [ Sup2 722011 'Lfv yvz yv z)] }
peff—ro2<p MY 20
feFa

1

= WEJ\JHJ {EO’u,j [ sup UV\u;—j (f) + UU,jfU (y%j)rg (yU,j)] },
" Plf—r]2<p
feFa
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where UV\u;—j (f) = ZvEV 2?21 Uv,z’fv(yv,i)rg(yv,i) - Uu,jfu(yu,j)rqoxyu,j)' By the definition
of the supremum, for any € > 0, there exists g,h € F5 such that P“ [[g—raﬂ < p and
P« [[h—r“]Q] <p, such that:

UV\u;fj (g) +gu(yu7j)rg(yu,j) > (1 - 6) sup UV\u;fj (f) + fu(yu,j)rg (yu,j)
| Pof—r°]?<p
feFq

Uvvus—j (1) = ha(yui)ry (W) 2 (L=€) | sup  Uyg— i (F) = fulWu,i) 7 () | -
| Pelf—ro]2<p
feFq

This latter implies:

(1-€)Es, ; [ sup  Uyvyy—j () + 0w fu(Wus)7a (Yu.g)
Paff—ro]2<p
feFa

1—e€ o o
_1-9 )[ W [Uyraas O+ Fula )]+ 50D Uy (6 = s (3]
P"‘[ffro‘]zgp Pa[ffra]Qgp
feFa feFq

< [UV\u;—j (8) + 9u(Yuj)ra (yu,v)} + % [UV\u;—j (h) = hu(Yu )Ty (yu,v)]

N — DN =

< [UV\u;—j (g) + UV\u;—j (h) + S’I"g (yu,j) (gu (yu,j) - hu(yu,]))] )

where s =sgn(gu(yu,j) — hu(Yu,;)). Then, the upper-bound on r{ implies:

(1-e)E sup Uy (B) + 0w g fuj (Yu,)ra (Yus)
p [ffr"‘}Qgp
feFa

Ou,j

IN

[UV\u;fj (g) + UV\u;fj (h) +Cas (gu(yu,j) —hy, (yu,]))]
[UV\u;—j (8) +Casgu (yu,j)] + % [UV\u;—j(h) - CaShu(yuﬂj)]

1
sup [UV\u;—j(f)+Ca5fu(yu,j)] +§ sup [UV\u;—j(f) _Casfu(yu,j)]
Pa[f—ro‘]2§p Pa[f—ra}zgp
feFa feFa

(VAN
NN NCN NCR

=Eo, ;| sup Uy j(£) +Cooujfui(Yus) |
Pef—r2)2<p
eFa
where in the last equality, we have used the definition of o, ;. As the inequality is satisfied

for all e >0, we have:

Eooy | 8w Upvui(E)F0ui fuj(Wu)ro Wug) | <Boyy | sup  Upvu—j(£)+Ca0ujfu(Yug) |-
Pff—ro)2<p Pef—r®)2<p
(Ve feFa

(74)
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Using the same argument for the rest o, ; terms for v #u, i # j, we get the final result. W

Lemma 14 identifies the vector-valued function class satisfying the hypotheses of Theorem 11.

Lemma 14 Let us define the class of functions:
He = {hf - (hf17“‘7th)7hfv : (J)U,l‘;) —)fv(fv)(l'v,.%;) —KU(TS)(JJv,JJi}),f € FG}? (75)

which satisfies the following points:

1. maxyey SUp(y oex |y, (,2")| < By
2. Hg is a (B,B)-Bernstein class with B=1 and B= By =% ((b+Ca)?+4Cy).
3. Hg satisfies the following inequality:
R(HGaP)SQ(b+Ca)R<fGazg)a (76)
0

where the two involved MTLRCs are defined by:

R(Hg,p) = E; o«

1 n
up zzav,mmi,m;@)],

V(he)<p,feFa niN veV i=1
] (77)

sup iZZO'v,if’u(yv,i) .

niN
peric, MN I 5
G

R(fG, p) = ]EPO‘,U

Proof. First point:

max sup |hy, z,2')|=max  sup Co(f) (@) — €y ro 2.2
veV (QC,CC’)EX‘ f ( )l veV ($7‘7‘J)€X><X‘ ( )( ) ( )( )l

(1—0[) a a « / a !
<mas swp S -09] @1 5 |- 007 @+ LA @)

1
:§(b+ca)2+(b+ca) :Bl (Expr.72)

Second point: Due to the properties listed in Lemma 12, we have the following inequalities:

P, [he]? = P.[0(F) — 0(x)]2 < %PO‘ [ — 122 = By P, [((£) — £(x*)], (78)

which means Hg is a (3, B)-Bernstein class of vector-value functions, with 8 =1 and B = By,
and the function controlling the variance of the class is defined as: V' (hg) = %Pa (f —r)2.

57



DE LA CONCHA, VAYATIS AND KALOGERATOS

Third point: By fixing p € R, we can verify:

sup 7220'111 (fo)( Lo,i, T vz)] (Ea.63)

BOR(HG,,O) = BOEZ,O'

V(hf)<p,f€.7:G veV i=1
2

B | s S S on (US U e w0~ R )
V(he)<p.feFa " veV i=1

SBOEZ,O' sup 722 vl( ( ’Ul)+ fv( vz)>
V(he)<pfeFe MY 5 T

+Boeo | sup  —o Z Zav ifo(,;) (o o )
(hf)<7‘ fGJ‘-G n ’UEV i=1

1 1
e szﬂ,@ﬁ(%,@-)]

V(he)<p,feFa veV i=1

+BOEPO‘,U [ sup 7 Zzav 1fv yvz yv z)] s

V(he)<rtere MV

where the last expression is a consequence of Ea () [A(y)] = (1—a)E,, o) [h(2)]+aEq, o [(z")]
and Eo () [f ()7 (y)] = Eq, (1) [9(2")]. Notice, z* is a Lipschitz function with Lipschitz con-
stant 2b when z € [—b,b]. We can apply the Contraction property of Rademacher Com-
plexity, which holds also for the Local Rademacher Complexity for vector-valued function
classes (Theorem 17 in Maurer (2006a)). The latter result leads to the inequality:

Epa,cr[( sup 72201”]0 yvz sup 72201)sz yvz]-

he)<pfeFqg T veV i=1 V(he)<p, ferg ™ veV i=1

< 200,

By combining the above inequality and Lemma 13 we obtain:

BoR(Heg,p) < By (b+Cqo)Epey [ sup — ZZJML, Yvi ]
V(hf)<pvfe~FG ’UEV’L 1
= By (b+Co)Epoy —szfmfv Yo,i ]
BOPO‘[f r } <p veV i=1
feFa
= BO (b"‘Ca)Epa, —_— Z ZO',UZ f?) y’U 3 (yv,l)]] (By the independence of o, Y)
BOPO‘[f r ] <p UEV”L 1
feFq
< By (b+Ca)Epa, — Zzavz fv yvz gv(yv,i)}]
BOP"[f g2<p " vEVz 1
7g€]:G
_ . n
= By (b+Ca)Epe — < 4:23b0R(]-",)
O( + a) Do _QBO?D%I;SPnNUEZV;UU,zfv(yv,Z) 0( + a) G 2B,

feFa
(79)
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In the last inequality we have used the symmetry of the Rademacher variables and the fact
that f € Fg is symmetric and convex. |

Lemma9 implies that 2B (b—l—Ca)R(fg,ﬁ) is a sub-root function. The goal now
is to upper-bound its fixed point p*. This requires exploiting the properties of the graph
regularization and the capacity condition associated with the covariance operators {2, },ev .
Big part of this analysis has been done in Yousefi et al. (2018). We rewrite their most
relevant results, and rework the upper-bounds to obtain clearer expressions for our problem.

Theorem 15 (Theorem 11 in Yousefi et al. (2018)) Let the regularizer be Hf”é as defined
in Eq. 16, and denote its dual norm by ||-||,. Let the kernels be uniformly bounded, and define
the sample Y ={Y, }pev = {{yul, ""y%”}}vev’ and where Yo €V, {yYv.1,...,Yon} is a i.i.d.
sample drawn from p$. Assume that for each v € V, the associated covariance operator
admits an eigenvector decomposition %, = Eya ) [0(y) @ 0(y)] = 3 sen Ho,iPo,i @ Po,i, where
{@v,i}vev forms an orthonormal basis of H and {j1,,;};2, are the corresponding eigenvalues
in non-increasing order. Then, for any given positive operator D on RN, any p>0 and any
non-negative integers hy,...,hn:

hey
R(Foup) <\ L2220 +\]€A

<V =S By |ID72 V], (50)

where V = {Zj>hv <% Z?:l Uv,i¢(yv,i)a (ﬁv,j>H§5v7j}U€V.

Lemma 16 (Expr. C.9 of Corollary 22 in Yousefi et al. (2018)) Under the hypotheses of
the previous theorem, we have the following inequality:

Epag {”Di%VH*] < Z ‘D Z Mgl

’l)EV ]>h1)

(81)

where {D;. ey are the diagonal elements of D1,

Lemma 17 If Assumptions2-3 are satisfied and Fg is a class of functions ranging in
[—0,0], b€ RT, then 2Bo(b+Ca)R(.7:(;,ﬁ) is a sub-root function fized point p* satisfy-
ing the upper-bound:

¢+1

p <8Bp
¢r—

(7- A2(b+C )QC ) n_lijN_ 1+1<* Sr}ngg( ) <82)
where

Ta=B8v""+(1-B)A 1. (83)

encodes the graph topology, ¢* = mingycy (y, Smax = MaXycy Sy, b= %(G) €[0,1] is the ratio
between the number of connected components and the number of nodes N, Aniny denotes the
lowest nonzero eigenvalue of L, and by convention, we set (1—B)A 1 =0 when #C(G)=N.
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Proof Combining Theorem 15 and Lemma 16 leads us to the following inequality:

Dv_vl Z Moy 5

J>hy

pZUEVh"U 272
<
2Bo(b-+ Co)R(Fa 5) < 2Bolb-+ Co) \/ 2BonN N2n§

ho 2A2
= \/230 (b+Cy)? pZLVJ&BO b+Ca) |~ > Dot > i

nN N2n ,
veV j>hy
= aip+az,
(84)
where in the last expression we have introduced the variables:
9 (D vey Po 2A2 _1
a1 =2Bo (b+C,) <2€N> ay=2By(b+Ca), | 13- YOI D gl (85)

veV j>hy

Now, we will look for the solution to the equation ,/aip+ as = p, which is equivalent to
solve p? — (a1 +2az2)p+a3 =0, that is

_ (a1+42a2) £ a2 +4as
N 2

As p* is the fixed point of 2By(b+Ca)R(Fa: 35;), then by Lemmas, we have:

<ai+2as. (86)

pF<p<ai+2as. (87)

The goal now is to upper-bound both the terms a; and as by exploiting Assumption 4.
Observe that by the capacity condition (Assumption4), we have:

[o¢]
Z Pho,j < s?,j‘c“ < SU/ rdr = h1 Co
hy - Cv

j>hy j>hy

which implies: a9 <2Bj(b+C,)

Moreover, by the Cauchy—Schwarz 1nequahty we have:

Z’UEV h‘% 2 ZUEV h’12)
< —_—.
a1 < 2By (b+C,)* VN (NP =2By(b+Cl) o~y
After putting together both inequalities, we get:
p* <ai+2a
ZU h’l2) 1— v
< 2By (b+C,) \/(b+0a)2 (ngjvv Z\D h ¢

h 16A2 Sy 1—
<2By(b+Ca) [ Y 2(b+Ca) < ) —— D) hy
= N2n 1—-¢

=2B (b+C,) ZchQ—cv hi~ C”,
veV
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where

CcC=

2(b+Cy)? 16A2 D5 Sy
_— C = .
n?N ' 7’ N2p 1—¢,

Taking the partial derivative w.r.t. h, and setting it to zero, yields the optimal value:

(A =G)ew T AN2| Dy s e
hy = <2c) - ((b—i—C’)) . (88)

Then, after substitution:

p*<2Bo(b+Ca) | e(hs)? —cyp(hi) 6

veV
=2By (b+Ca) | Y (h3)? < ) (89)
= Cv)
—2By(b+Ca) [ Y <g+1> )2,
veV

If we define (* =min,cy (, > 1, Smax = MaxX,cy Sy, We get:

2
2 * ¢
p*S 2Bo(b+Ca) C*—Fl Z 472 ‘D ‘Sv
n 1A\ N (b+Ca)2N
< 8B, C +1 [Az(b+C )QC} n 1+C* 1+§(* N gﬁé Z‘D 1‘14—4* (90)
C veV

CHlro ol [ SN e T 12 1| 157
S8Bo C [A (b+C ) q :| T I4cF szg( NI+ N |D17v 1+¢*
veV

Let us consider the last term. Since D! = (L+~I)~! is positive definite, its diagonal

elements D! are strictly positive. In addition, g(z) = £TF is a concave function for >0
and ¢* > 1, then, by applying Jensen’s inequality, it follows that:

2 2
1 ez (1 A\ /1 e N T
= Z 1D} < (N ZDm}) — (Ntr (L+~D)7! ) ( Z )

veV veV
(91)

where {A1,..., A\, } are the eigenvalues of the Laplacian matrix £ in an increasing order. Our
hypothesis on the graph G and the properties £ imply A; > 0, for all i € {1,...,N} and
A1 =0. Moreover, the multiplicity of A1 is equal to the number of connected components of
G. Then, we can upper-bound the last term of Expr. 91 as follows:

Z {(#C(G ) (Nﬂ%VC(G)) Amlm £ #0(G) <N
N z+’7 1 ) N

Y
_6’7 +( ﬂ))\;nmr’
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where #C(G) is the number of connected components of G, and Apip; is the smallest nonzero

eigenvalue of the Laplac1an In the last equality, we define 8= #C(G) € 10,1] and use the
convention that (1—B)A_L =0 when #C(G) = N, which Corresponds to a completely

min+
disconnected graph. With these elements, we can conclude:

<*

p* < 8By
¢ —

(7’ A (b+C, )24) T N 1*;*.

C.3 Proof Theorem 3

Proof Lemmal4 implies that Hg is a (3, B)-Bernstein class of vector-valued functions
with 3 =1 and B = By, and max,ev Sup(, ,\ex |y, (z,2')] < B1. By Lemmal7, we have
that there exists a sub-root function such that BR(Hg,p) < o(p). Then, the hypotheses of
Theorem 11 are satisfied, implying that with probability at least 1—4, every f € G satisfies:

1 o
7 2 B [ (fu) (2) = L) (2)

veV
B |1 l1—a o= [f2-(r9)?] (o) o= [f2— (v)} 1
< — i) & 1
16B2C 1 24ByB 1
+20(20)Bip" + —— 10g(5>+ n](\)fllog<5>. (92)

In particular for the minimum f of Problem 34, we have that the term involving the empirical
expectations is less than zero.

As detailed in Appendix A.1, we can easily verify that PE(p®||q) =E,_, [~ (rY)(2)]— 3,
and by Expr.32 PEY(f,) =E,. , [~4u(fs)(2)] — 3. Then for f we can rewrite Expr. 92 as:

1 5 9 16B2C 1 24ByB; 1
_ (63 _ [e3 < * U= - - .
N;ev [PE(vaqv) PES (fv)} <2020 Bip"+ — log<5> + o8 <5>

Alternatively, after applying the second point of Lemma 12 we can conclude:

1 T 5 32B2C 1\  48ByB; 1
= o - < - -
~ 2B va m} (y )] 4C(20%) Bip” + =1 log<5>+ — 1og<5>,

veV

where Lemma 17 implies:

* _1 #
S (Tt o) T T N TR

p* <8By
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