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Abstract

Given a weighted graph with IV vertices, consider a real-valued regression problem in a semi-
supervised setting, where one observes n labeled vertices, and the task is to label the remaining
ones. We present a theoretical study of ,-based Laplacian regularization under a d-dimensional
geometric random graph model. We provide a variational characterization of the performance of
this regularized learner as N grows to infinity while n stays constant; the associated optimality
conditions lead to a partial differential equation that must be satisfied by the associated function
estimate f From this formulation we derive several predictions on the limiting behavior the func-
tion f, including (a) a phase transition in its smoothness at the threshold p = d + 1; and (b) a
tradeoff between smoothness and sensitivity to the underlying unlabeled data distribution P. Thus,
over the range p < d, the function estimate fis degenerate and “spiky,” whereas for p > d + 1,
the function estimate f is smooth. We show that the effect of the underlying density vanishes
monotonically with p, such that in the limit p = oo, corresponding to the so-called Absolutely
Minimal Lipschitz Extension, the estimate fis independent of the distribution P. Under the as-
sumption of semi-supervised smoothness, ignoring P can lead to poor statistical performance; in
particular, we construct a specific example for d = 1 to demonstrate that p = 2 has lower risk than
p = oo due to the former penalty adapting to P and the latter ignoring it. We also provide simula-
tions that verify the accuracy of our predictions for finite sample sizes. Together, these properties
show that p = d + 1 is an optimal choice, yielding a function estimate fthat is both smooth and
non-degenerate, while remaining maximally sensitive to P.

Keywords: ¢,-based Laplacian regularization; semi-supervised learning; asymptotic behavior; ge-
ometric random graph model; absolutely minimal Lipschitz extension; phase transition.

1. Introduction

Semi-supervised learning is a research field of growing interest in machine learning. It is attractive
due to the availability of large amounts of unlabeled data, and the growing desire to exploit it in
order to improve the quality of predictions and inference in downstream applications. Although
many proposed methods have been successful empirically, a formal understanding of the pros and
cons of different semi-supervised methods is still incomplete.

The goal of this paper is to study the tradeoffs between some recently proposed Laplacian regu-
larization algorithms for graph-based semi-supervised learning. In the noiseless setting, the problem
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amounts to a particular form of interpolation of a graph-based function. More precisely, consider
agraph G = (V, E,w) where V = {vy,--- ,un} is a set of IV vertices, and F is the set of edges
equipped with a set w = (w,).cp of non-negative edge weights. For some subset O C V of the
vertex set, say with cardinality |O| = n < N, and an unknown function f* : V' — R, suppose
that we are given observations (y; = f*(v;))ico of the function at the specified subset of vertices.
Our goal is to use the observed values to make predictions of the function values at the remaining
vertices in a way that agrees with f* as much as possible.

In order to render this problem well-posed, the behavior of the function f* must be tied to the
properties of the graph G. In a statistical context, one such requirement is such that the marginal
distribution of the points v; be related to the regression function f*—for instance, by requiring that
f* be smooth on regions of high density. This assumption and variants thereof are collectively
referred to as the cluster assumption in the semi-supervised learning literature.

Under such a graph-based smoothness assumption, one reasonable method for extrapolation is
to penalize the change of the function value between neighboring vertices while agreeing with the
observations. A widely used approach involves using the /5-based Laplacian as a regularizer; doing
so leads to the objective

mfin Z wi; (f(v;) — f(vj))2 subject to f(v;) = y; forall i € O, (1)
ijEE

where the penalization is enforced by the quadratic form given by the graph Laplacian (Zhu et al.,
2003). This method is closely tied to heat diffusion on the graph and has a probabilistic interpre-
tation in terms of a random walk on the graph. Unfortunately, solutions of this objective are badly
behaved in the sense that they tend to be constant everywhere except for the points {v; };co asso-
ciated with observations (Nadler et al., 2009). The solution must then have sharp variations near
those points in order to respect the measurement constraints.

Given this undesirable property, several alternative methods have been proposed in recent work
(e.g., Alamgir and Luxburg (2011); Bridle and Zhu (2013); Zhou and Belkin (2011); Kyng et al.
(2015)). One such formulation is based on interpolating the observed points exactly while penaliz-
ing the maximal gradient value on neighboring vertices:

mfinma%( wyj | f(vi) — f(v;)|  subjectto f(v;) = y; foralli € O. (2)
7€

Any solution to this variational problem is known as an inf-minimizer. Kyng et al. (2015) recently
proposed a fast algorithm for solving the optimization problem (2). In fact, their algorithm finds a
specific solution that not only minimizes the maximum gradient value, but also the second largest
one among all minimizers of the former and so on—that is to say, they find a solution such that the
gradient vector (w;; |f(vi) — f(vj)|)(i )er is minimal in the lexicographic ordering, which they
refer to as the lex-minimizer. They observed empirically that when |V'| = N grows to infinity while
both the degree of the graph and number of observations are held fixed, the lex-minimizer is a bet-
ter behaved solution than its 2-Laplacian counterpart. More precisely, the observed advantage is
twofold: (a) the solution is a better interpolation of the observed values; and (b) the average ¢1-error
LS | f(vi) = f*(vy)]| for the lex-minimizer remains stable, while it quickly diverges with N
when f is the 2-Laplacian minimizer. Their experiments together with the known limitations of the
2-Laplacian regularization method point to the possible superiority of the /,-based formulation (2)
over the ¢o-based (1) in a semi-supervised setting. However, we currently lack a theoretical under-
standing of this assertion. Accordingly, we aim to fill this gap in the theoretical understanding of
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Laplacian-based regularization by studying both formulations in the asymptotic limit as the graph
size goes to infinity.

We conduct our investigation in the context of a more general objective that encompasses the
approaches (1) and (2) as special cases. In particular, for a positive integer p > 2, we consider the
variational problem

To(f) =D why £ (vi) = flg)IP 3)
ijEE
The objective J,, is referred to as the (discrete) p-Laplacian of the graph G in the literature; for
instance, see the papers by Zhou and Scholkopf (2005) and Biihler and Hein (2009), as well as
references therein. It offers a way to interpolate between the 2-Laplacian regularization method
and the inf-minimization approach. It is then natural to consider the general family of interpolation
problems based on p-Laplacian regularization—namely

mfin Jp(f) subjectto f(v;) =y; fori € O. 4)

Formulations (1) and (2) are recovered respectively with p = 2 and p — oo. Indeed, in the latter
case, observe that h_)m T ()P = max wj | f(vi) — f(v;)|. Moreover, under certain regularity
p— IS

assumptions (Egger and Huotari (1990); Kyng et al. (2015)), it follows that the lex-minimizer is the
limit of the (unique) minimizers of J, as p grows to infinity' —that is, we have the equivalence

fiex = lim argmin J,(u) subject to u(v;) = y; forall i € O. (5)
p-}OO m

Our contributions: We analyze the behavior of p-Laplacian interpolation when the underlying
graph G is drawn from a geometric random model. Our first main result is to derive a variational
problem that is the almost-sure limit of the formulation (4) in the asymptotic regime when the size
of the graph grows to infinity. For a twice differentiable function f, we use V f and V2 f to denote
its gradient and Hessian, respectively. Letting i denote the density of the vertices in a latent space,
we show that for any even integer p > 2, solutions of this variational problem must satisfy the
partial differential equation

Aaf(x) +2(Vlog u(x), Vf(x)) + (p = 2) Ao f(x) = 0,
where Aof := Tr(V2f) is the usual 2-Laplacian operator, while A f : = W is the
oo-Laplacian operator, which is defined to be zero when V f = 0. ’

This theory then yields several predictions on the behavior of these regularization methods when
the number of labeled examples is fixed while the number of unlabeled examples becomes infinite:
first, the method leads to degenerate solutions when p < d; i.e., they are discontinuous, a manifes-
tation of the curse of dimensionality. On the other hand, the solution is continuous when p > d + 1.
Second, the solution is dependent on the underlying distribution of the data for all finite values of
p; however, when p = oo, the solution is not dependent on the underlying density n. Consequently,
as the graph size increases, the lex- and inf-minimizers end up interpolating the observed values

1. The construction of this sequence of minimizers is known as the Pdlya algorithm, and the study of its rate of con-
vergence is a classical problem in approximation theory (Darst et al. (1983); Egger and Taylor (1987); Legg and
Townsend (1989); Egger and Huotari (1990)).
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without exploiting the additional knowledge of the density w of the features that is provided by the
abundance of unlabeled data.

In order to illustrate the consequences of this last property, we study a simple one-dimensional
regression problem whose intrinsic difficulty is controlled by a parameter € > 0. We show that the 2-
Laplacian method has an estimation rate independent of € while the infinity-minimization approach
has a rate that is increasing in 1/e. As shown by our analysis, this important difference can be
traced back to whether or not the method leverages the knowledge of 1. We also provide an array
of experiments that illustrate some pros and cons of each method, and show that our theory predicts
these behaviors accurately. Overall, our theory lends support to using intermediate value of p that
will lead to non-degenerate solutions while remaining sensitive to the underlying data distribution.

2. Generative Model

We follow the popular assumption in the semi-supervised learning literature that the graph repre-
sents the metric properties of a cloud point in d-dimensional Euclidean space (Zhu et al. (2003);
Bousquet et al. (2003); Belkin and Niyogi (2004); Hein (2006a); Nadler et al. (2009); Zhou and
Belkin (2011)). More precisely, suppose that we are given a probability distribution on the unit
hypercube [0, 1]% having a smooth density ; with respect to the Lebesgue measure, as well as a
bounded decreasing function ¢ : Ry — R, such that lim,_, ., p(2) = 0. We then draw an i.i.d.
sequence (a:z)fil of samples from y; these vectors will be identified with the vertices of the graph

G: z; = v;. Finally, we associate to each pair of vertices the edge weight w;; = ¢ (M),
where h > 0 is a bandwidth parameter. We use G, to denote the random graph generated in this
way.

Degree asymptotics Given a sequence of graphs {Gn 5 }%7_; generated as above, we study the
behavior of the minimizers of J), in the limit N' — oo. A first step is to understand the behavior of
the graph itself, and in particular its degree distribution in this limit. In order to gain intuition for
this issue, consider the special case when p(z) = 1{z < 1}. If the bandwidth parameter A > 0
is held fixed, then any sequence x;,,--- ,x;, of points that fall in a ball of radius h will form a
clique. Thus, the graph will contain roughly 1/h? cliques, each with approximately Nh¢ vertices.
It is typically desired that the sequence of graphs be sparse with an appropriate degree growth (e.g.,
constant or logarithmic growth) so that it converges to the underlying manifold. In order to enforce
this behavior, the bandwidth parameter i should tend to zero as the sample size [V increases.
Under this assumption, it can be shown that the scaled degree at any vertex z, given by

_ Lo (el
W)= ypa 2o\ )
=1

concentrates around (x). A precise statement can be found in Hein (2006a); roughly speaking, it
follows from the fact that for any fixed point  in [0, 1]%, as h goes to zero and under a smoothness
assumption on the density u, the probability that a random vector z; ~ p falls in the h-neighborhood
of z scales as Pr(||z; — z|2 < h) = fllz—zHg<h (2)dz ~ hipu(z).
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Figure 1: A mixture of two 1-dimensional Gaussians N (0, 1) and N (4, 1) with equal weights. 500
points are drawn i.i.d. from each component. We added one point at O with label -1 and one point
at 4 with label +1. The similarity graph is constructed with an RBF kernel with bandwidth .4.

3. Variational problem and related PDE

In this section, our main goal is to study the behavior of the solution in the limit as the sample size
N — oo and the bandwidth h — 0. As discussed above, it is natural to consider scalings under
which h decreases in parallel with the increase in N. However, for simplicity, we follow Nadler
et al. (2009) and first take the sample size IV to infinity with the bandwidth held constant, and then
let h go to zero.? Our first result characterizes the asymptotic behavior of the objective JIp.

Theorem 1 Let f be continuously differentiable with a bounded derivative, and let 11 be a bounded
density. Then for any even integer p > 2, we have

L(f):=lm lim — el / IV () |22 () d ©)

h—0 N—oo N2 hP+d
where C, : = dp/g S lIzl5 90(‘2“2)de

We provide the proof in Appendix A; it involves applying the strong law of large numbers for
U -statistics, as well as an auxiliary result on the isotropic nature of the integral of a rank-one tensor.

We pause here to mention that the convergence of the objective function for a fixed function
f does not imply convergence of the sequence of estimators (fx ) obtained by minimizing Jj,.
Obtaining a result of the latter form would require proving a statement of uniform convergence of
Jp on a suitably large class of functions, and would take us far from the scope of the present paper.
We point to Hein (2006b); Lu (2012) for such attempts in the case p = 2. Proving similar results
for higher p bears a deeper study and is interesting in it’s own right.

Based on Theorem 1, the asymptotic limit of the semi-supervised learning problem is a super-
vised non-parametric estimation problem with a regularization term given by the functional I,—

2. In the case p = 2, it is known that the same limiting objects are recovered when a joint limit in N and h is taken
with b — 0 but Nh%/log N — oo (Hein (2006a)). Based on the discussion above, this scaling implies a super-
logarithmic degree sequence. It is still to be verified if the same result holds for all p.
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namely, the problem
inf/ IVg(2)||b p?(x)dx  subject to g(w;) = y; foralli € O. (7)
9

Our next main result characterizes the solutions of this optimization problem in terms of a partial
differential equation known as the (weighted) p-Laplacian equation. Here the word “weighted”
refers to the term 42 in the functional (7) (Heinonen et al. (2012); Oberman (2013)).

Let us introduce various pieces of notation that are useful in the sequel. Given a smooth vector
field F : R? — R?, we use div(F) : = Zle 0z, F; to denote denote its divergence. For a scalar-
valued function f : R¢ — R, we let

d 2 d
Aof = div(VF) =S 2 and Ayf= VLVIVH 1 00 f-8y o [0y
of =div (V) ; -, an f NIV vaugi;l if  Ouiw; o Ony f

denote the (standard) 2-Laplacian operator and the co-Laplacian operator, respectively.

Theorem 2 Suppose that the density 1 is bounded and continuously differentiable. Then any twice-
differentiable minimizer f of the functional (7) must satisfy the Euler-Lagrange equation

div (1*(@)||V f(2) 5V f(x)) = 0. (8a)
If moreover the distribution . has full support, then equation (8a) is equivalent to
Agf(x) +2(Vlog u(x), Vf(x)) + (p — 2)Aso f(z) = 0. (8b)

The proof employs standard tools from calculus of variations (Gelfand and Fomin, 1963). We
note here that f does not need to be twice differentiable for the above result to hold (Heinonen et al.
(2012)), in which case equations (8a) and (8b) have to be understood in the viscosity sense (Crandall
et al. (2001); Armstrong and Smart (2010)). Twice differentiability is assumed so only for ease of
the proof (see Appendix B).

When p is the uniform distribution, equation (8b) reduces to the partial differential equation
(PDE)

Agf(x) + (p = 2)Acc f(z) =0,

which is known as the p-Laplacian equation and often studied in the PDE literature (Heinonen et al.
(2012); Oberman (2013)). If one divides by p and lets p — oo, one obtains the oo-Laplacian
equation

subject to measurement constraints f(x;) = y; fori € O. This problem has been studied by various
authors (e.g., Crandall et al. (2001); Aronsson et al. (2004); Peres et al. (2009); Armstrong and

Smart (2010)). Note that in dimension d = 1, we have Ay, = Ay = j—;, and equation (8b) reduces
to

(p— D) " (x) + 20 () £ () = 0.

Therefore, if we specialize to the case p = 2, the 2-Laplacian regularization method solves the
differential equation p(z)f" (z) + 2u/(x)f (z) = 0, whereas if we specialize to p = oo, then
the inf-minimization method solves the differential equation f " = 0. Note that the two equations
coincide only when p is the uniform distribution, in which case y’ is uniformly zero.
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Figure 2: Behavior of the 2- and infinity- Laplacian solutions under a change of input density. The
latter is either a mixture of two 1-dimensional Gaussians N (0, 1) and N (4, 1) or a mixture of two
uniform distributions U ([—3, 3]) and U([1,7]) with equal weights. In each case, 500 points are
drawn i.i.d. from each component. The methods are given two observations (0, —1) and (4, 1). (a)
{9-based solution. (b) /,.-based solution.

4. Insights and predictions

Our theory from the previous section allows us to make a number of predictions about the behavior
of different regularization methods, which we explore in this section.

4.1. Inf-minimization is insensitive to p

Observe that the effect of the data-generating distribution p has disappeared in equation (9). One
could also see this by taking the limit p — oo in the objective to be minimized in Theorem 1—in
particular, assuming that 1 has full support, we have I,(f)'/? — suppo 1« |V f(2)]]2.

From the observations above, one can see that in the limit of infinite unlabeled data—i.e., once
the distribution p is available—the 2-Laplacian regularization method, as well as any p-Laplacian
method based on finite (even) p, incorporates knowledge of 1 in computing the solution; in contrast,
for p = oo, the inf-minimization method does not (see Figure 2). On the other hand, it has been
shown that the 2-Laplacian method is badly behaved for d > 2 in the sense that the solution tends to
be uninformative (constant) everywhere except on the points of observation. The solution must then
have sharp variations on those points in order to respect the measurement constraints (see Figure 1
for an illustration of this phenomenon). We show in the next section that this problem plagues the
p-Laplacian minimization approach as well whenever p < d.

4.2. p-Laplacian regularization is degenerate for p < d

In this section, we show that p-Laplacian regularization is degenerate for all p < d. This issue
was originally addressed by Nadler et al. (2009), who provided an example that demonstrates the
degeneracy for p = 2 and d > 2. Here we show that the underlying idea generalizes to all pairs
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(p, d) with p < d. Recall that Theorem 1 guarantees that

L(f) = lim Jim =, [ IV£@)p*(a)ds

h—0 N—oo N2 hp+d
In the remainder of our analysis, we treat the cases p < d — 1 and p = d separately.

Case p < d — 1: Beginning with the case p < d — 1, we first set x9p = 0 and then let x; be
any point on the unit sphere (i.e., ||z1||2 = 1). Define the function fc(x) = min{||z||2/€, 1} for
some € € (0 1), and let the observed values be y; = fc(x;) for j € {0,1}. Using the fact that

Viz|l2 = IIH and assuming that 1 is uniformly upper bounded by fimax on [0, 1]¢, we have

2 2
pox Hmax —
Ip(f€) = /B(O 0 650 )dl‘ < P VOI(B(Oa 6)) = :U’I2nax VOI(B(Oa 1))6d

where B(0, €) denotes the Euclidean ball of radius e centered at the origin, and vol denotes the
Lebesgue volume in R4, Consequently, we have lim_,o I,,(fc) = 0, so the infimum of I}, is achieved
for the trivial function that is 1 everywhere except at the origin, where it takes the value 0. The key
issue here is that |V f(z)|| grows at a rate of 1 while the measure of the “spike” in the gradient
shrinks at a rate of 7.

Case p = d: On the other hand, when p = d, we take f.(z) = log (Hx||2+€)/log (
we also have yp = fc(z9) = 0 and y; = fc(x1) = 1. With this choice, we have

Ip(fe) = 1d/ %pﬁ(:ﬂ)dx
log(l ) I (|l2]3 +¢)
Himax / [EdlE;
" log () B0 (Jl2)2 + )
. 1
@b;(nﬁ;)d-vol(B(O,l))/o T
(i) d fiax vOL(B(0, 1)) /1 u!
S g
(Zi) d p2 . vol(B(0,1))
 2log (He)d_l

) for which

)

where step (7) follows from a change of variables from x to the radial coordinate ; step (i7) follows
by the variable change u = r2; and step (#44) follows by upper-bounding u by -+ € in the numerator
inside the integral. Again, we find that lim._,o I,,(fc) = 0. Thus, in order to avoid degeneracies, it
is necessary that p > d + 1.

It is worth noting that Alamgir and Luxburg (2011) studied the problem of computing the so-
called g-resistances of a graph, which are a family of distances on the graph having a formulation
similar —in fact, dual— to the p-Laplacian regularization method considered in the present paper,
and where 1/p + 1/q = 1. They established a phase transition in the value of ¢ for the geometric
random graph model, where above the threshold ¢** = 1 4 1/(d — 2), the g-resistances “[...]
depend on trivial local quantities and do not convey any useful information [...]” about the graph,
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while below the threshold ¢* = 1 + 1/(d — 1), these resistances encode interesting properties of
the graph. They conclude by suggesting the use of p-Laplacian regularization with 1/p+1/¢* = 1.
The latter condition can be read p = d. However, as shown by the examples above, this choice is
still problematic, and in fact, the choice d + 1 is the smallest admissible value for p.

We also note that the example for p < d — 1 extends to an arbitrary number of labeled points:
one simply has a spike for each point. Undesirable behavior arises as long as the set {z; | i € O}
of observed points is of measure zero. Finally, we note that both the above example can be adapted
to the case where the squared loss (f(z;) — y;)? is optimized along with the regularizer instead of
imposing the hard constraint f(x;) = y; (see Appendix D). The issue is that the regularizer is too
weak and allows to choose the solution from a very large class of functions.

4.3. p-Laplacian solution is smooth for p > d + 1

At this point, a natural question is whether the condition p > d + 1 is also sufficient to ensure that
the solution is well-behaved. In a specific setting to be described here, the answer is yes®. The
underlying reason is the Sobolev embedding theorem. More precisely, let W1?([0, 1]¢) denote the
weighted Sobolev space of all (weakly) differentiable functions f on [0, 1]¢ such that

1A llp == (/ HVf(x)ll’éﬂz(x)dw)l/p < 0.

The above is a semi-norm on W'P([0, 1]¢). If moreover, we assume y is strictly positive almost
everywhere and restrict the above class to functions vanishing on the boundary, then || - ||1 , actually
defines a norm. When p > d, and under additional regularity conditions on p (e.g. upper- and
lower-bounded by constants a.e.), the space W1 can be embedded continuously into the space of

1—4
Holder functions of exponent 1 — %, i.e. functions w such that |u(x) — u(y)| < c|lz —yl|, * forall

z,y € [0,1]? for some dimension-dependent constant c. For details, see Theorem 11.34 of Leoni
(2009) or Lemma 5.17 of Adams and Fournier (2003). Brown and Opic (1992) provide some
relaxed conditions on p. Since the minimizer f of I, is such that I,(f) = [ ||V f(2)|5u?(z)dx <
oo, the function f is in the Sobolev class WP and therefore it automatically inherits the Holder
smoothness property, i.e. the p-Laplacian solution is smooth for p > d + 1, asymptotically as
N — oo, h — 0* Incidentally, via the examples in the previous section, it is clear that no such
embedding exists if p < d.

4.4. An example where inf-minimization interpolates well

By extension to the case p — oo, the infinity-Laplacian solutions also enjoy continuity (this solu-
tion is actually Lipschitz based on its interpretation as the absolutely minimal Lipschitz extension
of the observations (Aronsson et al. (2004)). It was also argued by Kyng et al. (2015) based on
experimental results that the inf-minimization method has a better behavior in higher dimensions in
terms of faithfulness to the observations. We illustrate this point by considering a simple example,

3. Interestingly enough, the p-Laplacian equation has been extensively studied in non-linear potential theory. It is in
fact the prototypical example of a non-linear degenerate elliptic equation. The regularity of the solutions is well
understood for any real number 1 < p < oo (see e.g. Heinonen et al. (2012)). For our purposes however, we do not
need the full power of this theory.

4. If the graph is finite, then the solution might still contain small spikes as apparent in Figures 1 and 2.
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similar to the one above, for which the co-Laplacian equation (9) produces a sensible solution. With
ro=0and S := {r € R? | ||z||z = 1} denoting the Euclidean unit sphere, suppose that we limit
ourselves to functions satisfying the observation constraints yo = f(0) = 0 and y(z) = 1 for all
xzeSs.

Without any further information on the data-generating process, a reasonable fit is the function
f(z) = ||x||2. We claim that it is the only radially symmetric solution to the differential equation
A f = 0 with the boundary constraints f(z9) = yo and f(z) = y(z) for all z € S. In order to
verify this claim, let f(x) = g(||z||2) for a differentiable function g : R; — R. For any non-zero
x € R?, we have

VI =9 el s a0 VT =9 el g + 9 el o~ o Ol
Then
1 ) .
Aoof (@) = (7 V@V @) V(@) = g (]l2).

Given the boundary conditions on f, the only solution to A, f = 0, is given by g(r) = r,
meaning that f(z) = ||z||2. On the other hand, the latter is not a solution to Ay f = 0, unless d = 1.

In summary, this section reveals a trade-off between smoothness and sensitivity to the data-
generating density p in p-Laplacian regularization: the solution is strongly sensitive to p but is
non-smooth for small values of p, while it is smooth but weakly dependent on p for large and
infinite values of p. The transition from degeneracy to smoothness happens at a sharp threshold
p* = d + 1, while the dependence on y weakens with larger and larger p without a threshold.

While the property of smoothness is an obvious quality in an estimation setting, and may lead
to improved statistical rates if assumed first hand —especially if the signal one wishes to recover is
itself smooth— it is less obvious how to quantify the advantages entailed by the sensitivity to the
underlying data-generating density; especially when the latter is available and is to be incorporated
in the design of an estimator. We provide in the next section a simple, one-dimensional regression
example where the regression function is tied to the density p via the cluster assumption, and where
a difference in estimation rates between the /9 and ¢,, methods is exhibited. This difference is
explicitly due to the fact that the 5 method leverages the knowledge of 1+ while ¢, does not.

5. The price of “forgetting” 1

We consider in this section a simple estimation example in one dimension where the asymptotic
formulation of 2-Laplacian regularization method achieves a better rate of convergence than that of
the inf-minimization method. Such an advantage of the ¢5 method over the ¢/, method should be
conceivable under the cluster assumption: the regularizer I = [ f”?1i® will encodes information
about the target function via p while the regularizer I, = sup | f’| does not.

Let the target function f* and the data-generating density x be supported on the interval [—1, 1].
For some small € > 0, we construct a density p that takes a uniformly small value over the interval
[—e€, €], and takes and a large value on the complementary set [—1, —¢) U (e, 1]. We also let f*
have a high Lipschitz constant on the interval [—e, €] and be constant otherwise. More precisely, the
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density p and function f* are constructed as follows:

-1 ze|-1,—e),
2 = b z¢€ [76,6], r)=<x/e =x —€,€ 10
n(z) {a T € [—1,_5) U (e, 1]7 e 1/ T i Ee 1’]]’ "

The constants a and b are related by the equation (1 — €)a + eb = 1/2 so that the density u
integrates to 1, and we think of b as being much smaller than a, i.e. b < a. Consider the following
two classes of functions corresponding to the regularizer [, for p = 2 and p = oo respectively:

1
H:= {f :[-1,1] = R, f absolutely continuous, odd and /1 (@) (z)dx < oo},

L:= {f : [-1,1] = R, f absolutely continuous, odd and sup | f'(x)| < oo}.
|z[<1

We define the associated norms || f |3 : = (fil f(2)*p?(z)dx) /2 and Ifllz:= sup |f'(z)]
z€[—1,1]
on H and L respectively. Observe that || f*||z = 1/e while || f*||% is upper bounded by a constant:

1 €
1
[ @R = [ Sitde =22
1 _¢ €
Taking b = /e, the above integral is bounded above by 2.
We draw n points (z;)™_; independently from p and observe the responses y; = f*(x;) + 02§
where & ~ N(0,1) are i.i.d. standard normal random variables, o > 0. We compare the following
two M-estimators:

~ 1 2 ~ 1l 2
= argmin — i — fx; = argmin — i — fx;
fu = argmi ”;:1 (yi — f(2s)) ind Jo = argmi ”;:1 (i — f(xi))

st. feH, |[flln <2, st. fel,|flle<1/e

in terms of the rate of decay of the error Hf— /7 i, where || f[|2 = 13" | f?(x;). Note that this

error can in principle tend to zero as n grows to infinity since the target f* belongs to the hypothesis
class in both of the considered cases, i.e. there is no approximation error.

Theorem 3 There are universal constants (co, c1, 2, c3) such that for any € € (0,1/2), the {o

estimator satisfies the bound
9 2\ 2/3
<o (") (11
n n

with probability at least 1 — exp {—co (%) Y 3}. On the other hand, the L., estimator satisfies the
bound

Hf% - f"

—~ 2.2/3
1Fe = 712 < es( ) (12)
en
with probability at least 1 — exp {—CQ (62%)1/3}.

11
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We can thus compare the upper bounds on the rate of estimation of the ¢» and /., methods
respectively. The upper bound (12) shows a dependence in 1/ €2/3, while the bound (11) shows no
dependence on €. One might ask if these bounds are tight. In particular, a question of interest is
whether the /., estimator adapts to the target f* without the need to know the density p, in which
case the corresponding estimator would achieve a better rate. While we think our bounds could
be sharpened, we strongly suspect that the /., estimator cannot achieve a rate independent of e
(in contrast to the ¢ estimator). We provide an array of simulations showing that the rate of {o
deteriorates as € gets small, where the rate of the /o method stays the same (see Figure 3).

5.1. Main ideas of the proof

The non-asymptotic bound (12) in Theorem 3 follows in a straightforward way from known results
on the minimax rate of estimation on the class of Lipschitz functions. Indeed, the rate of estimation
on this class with Lipschitz constant L is (Lo?/n) 2/3and in our case L = 1/c. On the other hand,
the result (11) follows by recognizing that the class H is a weighted Sobolev space of order 1, which
is a Reproducing Kernel Hilbert Space (RKHS). The associated kernel, as identified by Nadler et al.
(2009), is given by

1
K(z,y) = le/ldt//f(t) — % , forallz,ye[-1,1]. (13)

[ e

It is known that the rate of estimation on a ball of radius R of an RKHS is tightly related to the
decay of the eigenvalues of the kernel. More precisely, the rate of estimation is upper-bounded with
high probability by the smallest solution § > 0 to the inequality

1/2

2 52 R
njgomln{%,(S } < > 0%, (14)

where (7;);>0 is the sequence of eigenvalues of the kernel K (Koltchinskii (2006); Mendelson
(2002); Bartlett et al. (2002); van de Geer (2000)). Our next result upper-bounds the rate of decay
of these eigenvalues.

Lemma 4 For any € € (0,1/2), the eigenvalues of the kernel K form a doubly indexed sequence
(Vi) with0 < k < 2kg— 1,5 >0, kg = |\/2e=3/4|. This sequence satisfies the upper bound

1.26 ifk=7=0

Vhj < — 1~ otherwise.
EmrEDE

Plugging these estimates in equation (14) leads to the rates we claim in Theorem 3. The full details
are given in Appendix C.
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Figure 3: Plots of mean-squared-error (MSE) against number of labeled samples. The regular-
ization parameter is determined using cross-validation (thereby producing estimators of superior
performance than fH and f[;) The samples x; are drawn according to p and y; = f*(x;) + &,
and &; are i.i.d. N(0,0.05). Panels (a) and (b): MSE of /5 and /., methods respectively for various
values of €. As expected, the MSE of the £ method is independent of € while that of the £, method
is increasing in 1/e. Panels (c) and (d): Plots of the MSE and MSE x n?2/3, respectively versus
the sample sample size n for both methods. Both plots correspond to sequences of problems with
e = 1/n; panel (d) shows that in this regime, the rate of the ¢, method is roughly n=%/3, thereby
providing evidence that the upper bound (11) is tight, while the rate of the /., method, call it (e, n),
is such that r(Z,n) > n=2/3,

6. Related work

The discrete graph p-Laplacian was introduced by Zhou and Scholkopf (2005) as a form of regular-
ization generalizing classical Laplacian regularization in semi-supervised learning Zhu et al. (2003).
We mention however that the continuous p-Lapalcian has been extensively studied much earlier in
PDE theory Heinonen et al. (2012); Aronsson et al. (2004). It was also used and analyzed for spec-
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tral clustering, where it provides a family of relaxations to the normalized cut problem Amghibech
(2003); Biihler and Hein (2009); Luo et al. (2010). A dual version of the problem (the g-resistances
or g-volatges problem) was investigated and shown to yield improved classification performance
in Bridle and Zhu (2013). Alamgir and Luxburg (2011) prove the existence of a phase transition un-
der the geometric random graph model roughly similar to the one exhibited in this paper, although
the thresholds are slightly different. The exact nature of the connection is still unclear however. On
the other hand, a game-theoretic interpretation of the p-Laplacian solution is studied in Peres and
Sheffield (2008); Peres et al. (2009), and a similar transition at p = d + 1 in the behavior of the
game is found. The assumption that the graph entails a geometric structure is popular in the analysis
of semi-supervised learning algorithms Belkin and Niyogi (2001); Bousquet et al. (2003); Belkin
and Niyogi (2004); Hein (2006a,b); Nadler et al. (2009). This line of work have mostly focused on
the 2-Laplacian formulation and its convergence properties to a differential operator on the limiting
manifold.

Among other approaches that circumvent the degeneracy issue discussed in the paper, we men-
tion higher order regularization Zhou and Belkin (2011), where instead of only penalizing the first
derivative of the function, one can penalize up to [ derivatives. This approach considers solutions
in a higher order Sobolev space W2 which, via the Sobolev embedding theorem, only contains
smooth functions if > d/2 (see Adams and Fournier (2003); Leoni (2009)). This approach can be
implemented algorithmically using the discrete iterated Laplacian Zhou and Belkin (2011); Wang
et al. (2015).

Results on statistical rates for semi-supervised learning problems are very sparse. The first
results are covered in Castelli and Cover (1996) in the context of mixture models, Rigollet (2007)
in the context of classification, and Lafferty and Wasserman (2007) for regression. A recent line
of work considers the setting where the graph is fixed while the set of vertices where the labels
are available is random Ando and Zhang (2007); Johnson and Zhang (2007, 2008); Shivanna and
Bhattacharyya (2014); Shivanna et al. (2015). The methods studied in this setting generalize the
2-Laplacian method by penalizing by the quadratic form given by a general positive semidefinite
kernel. The derived rates depend on the structural properties of the graph and/or the kernel used.
It is shown in particular that using the normalized Laplacian instead of the regular one leads to a
better statistical bound, and on the other hand, one can obtain rates depending on the Lovdsz Theta
function of the graph by choosing the regularization kernel optimally.

7. Conclusion and open problems

In this paper, we used techniques and ideas from PDE theory to yield insight into the behavior
of various methods for semi-supervised learning on graphs. The d-dimensional geometric random
graph model analyzed in this paper is a common one in the literature, and the most common Lapla-
cian penalization technique is for p = 2, though the choice p = oo has also attracted some recent
attention. Our paper sheds light on both of these options, as well as the full range of p in between.
From our asymptotic analysis, we see that for a d-dimensional problem, degenerate solutions occur
whenever p < d, whereas at the other extreme, the choice p = oo leads to solutions that are totally
insensitive to the input data distribution. Hence, the choice p = d + 1 seems like a prudent one,
trading off degeneracy of the solution with sensitivity to the unlabeled data.

An important companion problem is the unconstrained version of the problem, in which we
penalize a (weighted) sum of two terms, the p-Laplacian term and a sum of squared losses on the
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labeled data. One can see that under our asymptotics, we can make the same conclusions about
the unconstrained solution. Hence, the conclusions of this paper do not hinge on the fact that we
modeled the problem with equality constraints, and do apply more generally. For completeness, we
outline this argument in Appendix D.

In addition to the questions of obtaining uniform convergence results for the discrete p-Laplacian
objective, and studying the convergence of the latter under a joint limit N — oo and hy — 0 (i.e.
the bandwidth parameter h decays to O as a function of V) already raised in the paper, there are
perhaps two important assumptions which must be relaxed in future work. The first is the asymp-
totics we consider, in which the number of labeled points is fixed as the unlabeled points become
infinite. An interesting situation is when both labeled and unlabeled points grow at a relative rate.
We showed that in the first situation, a certain class of methods, namely all p-Laplacian methods
with p < d, behave poorly. An interesting direction is to understand what set of methods are appro-
priate in different regimes of relative growth rate. In particular, we suspect that most of our results
should continue to hold as long as the number of unlabeled points grow at a much faster rate than
the number of labeled points.

The second assumption is about the geometric random graph model, and how much our results
are tied to this model. Finite sample rates and non-asymptotic arguments are necessary to understand
how soon we can expect to see these effects on general graphs in practice. The model selection
problem of what p to use in practice is very important, since we may not know the underlying
dimensionality of the data from which our graph was formed.

Finally, the question of designing fast algorithms for computing the estimator fis of utmost
importance. One promising idea is the use of a Newton method for minimizing the p-Laplacian
objective: each iteration requires solving a Laplacian linear system, which is fast in theory (the
Hessian matrix of .J,, is the Laplacian of a graph with changing weights). This is the algorithm used
in the experiments in the present paper, although we did not conduct a theoretical analysis of its
overall running time.
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Appendix A. Proof of Theorem 1

Let x and 2’ be i.i.d. draws from p. Since f is a bounded function, the first moment E U f(z) —
f( )\q] is finite. Therefore, by the strong law of large numbers for U-statistics (Serfling (2009)),
we have

lim Ljp(f) - //¢ (W)p |f(z) = f(2")|" p(x)p(a")dxda’,  almost surely.

N—oo N2

Writing 2’ = x + hz for some scalar h > 0 and vector z, the second integral simplifies to

o (B0 1@ - 1@ s’ = [ o107 11() = Fo + 1)V o + )
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We now divide by h%*P and consider the behavior as the bandwidth parameter h tends to zero. Since
the functions f, f’ and y are all bounded on a compact domain, the dominated convergence theorem
implies that

u(z) / o)) [(Vf (@), 2) P dz = p(a) (T f (), / o(l2ll2)=57dz).

Note the above inner product involves tensors of order p, and recall that we have assumed that p > 2
is even. Since the function ¢ depends only on the norm of z in the above integral, the latter should
also be isotropic. The precise statement is as follows:

Lemma 5 For any function w : Ry — R, and vector u € R%, we have

<u®p ’ /w(|]z]2)z®pdz> — {dpl/g(fw(HzHQ)HzH’Q’dz) -l l:fp Z 2 is even (15)
0 if pis odd.

Applying Lemma 5 with the function w(]|z||2) : = ¢(]|z||2)? and then simplifying yields

. 1 1
i do6) = 2 [ el (lz12)"as - [ 19 @),

which concludes the proof of the theorem.

The only remaining detail is to prove Lemma 5.

Proof of Lemma 5 We proceed by induction on the integer p. In the base case (p = 2), we have

(uuT, /w(||z||2)zszz> :uT(/w(HzHg)zszz)u.

Since the function w depends only on ||z||2, the matrix between the parentheses above is propor-
tional to the identity, the proportionality constant can be determined by taking a trace. We end up
with [w(||z]|2)22Tdz = L( [w(||z]2)||2||3d2)I. This establishes the base case.” Now assume
that for a given even p > 2, and for all function non-negative maps w, one has (15). We prove that
the same is true for p + 2. Define T}, : = [w(||z||2) 2®Pdz, and for any vector u € R?, let T}, be the
partial contraction of 7,12 by u & u, namely

T, =Tyl u) = [ (ol w27

The tensor 7T is of order p, and the map z — w(||z|]2){(u, z)? is non-negative, so by the induction
hypothesis, for every v € RY, we have

0 T = o ([0 sl 11522 ) ol

By recourse to the base case, the quadratic form between the parentheses is equal to

. (fw(HzHﬂHzH@”dz) ||lu||3. Taking u = v completes the proof of the lemma.

5. The case p = 2 is also proven in Proposition 4.1 of the paper (Bousquet et al., 2003)
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Appendix B. Proof of Theorem 2

Recall the shorthand notation 1,,(f) := [ ||V f(z)|51*(x)dz. By convexity, the function f is a
minimizer of the functional I, if for all test functions / and all sufficiently small real numbers
e > 0, we have I,,(f + eh) > I,(f). Moreover, by a Taylor series expansion, we have

I(f +eh) = I(f) +p6/<Vf(w),Vh($)> V@) (x)da + O(),

where the O(e?) term is non-negative by convexity of I,,. Hence, the function f is a minimizer if
and only if

(V@) V@) - (V@ )do = 0

for all testing functions h. By integrating by parts and choosing A to vanish on the boundary of the
set [0, 1]%, we find that the above quantity is equal to

/(Vf(ﬂf%Vh(x» AV F @)l (@) da = —/diV (12 @)V f (@) 5V f (@) h(z)dz.

This expression has to vanish for all test functions h (that vanish on the boundary), which implies
the Euler-Lagrange equation

div (4% (2) [V (2) |5 *V f(2)) =

We now further manipulate this equation so as to obtain the p-Laplacian equation. In particular,
some straightforward computations yield

0o, (K2 IVFI5 205, f) () = O, (W (@) |V £ @)I15%) O, f (@) + 1 (@) IV f (@) |50, f (), and
d
0w, (WPIV FIP~2) () = 200, 1) - pl(@) |V f (@) P72 + (@) (0 = 2) (D Oia, fOu, f) - IV F () [P

=1

.

Now summing these terms yield
div (1 (@) |V f(@)[57*V f () = 2u(2) |V f ()15 (Via(), Vf( ) + 12 (@) [V f (@) ][5 Asf ()
+ (= 2 @)V I (@)1 Za S Oy f - Oy f) ()

1,j=1

= 2@ V@57 (Anf(x) + fo)wm), V(@) + (0 — 2)An f()).

From the derivation above, the Euler-Lagrange equation (8a) is equivalent to

Agf(x) +2(Vlog u(x), Vf(x)) + (p = 2)Acc f(x) = 0

as claimed.
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Appendix C. Proof of Theorem 3

Bounding the error of M -estimators is a classical problem in statistics and learning theory. Op-
timal rates typically follow by deriving uniform convergence bounds over a small ball localized
around the true regression function f*; for instance, see the book van de Geer (2000) as well as
the papers Koltchinskii (2006); Bartlett et al. (2002). Uniform convergence is established by upper-
bounding the Rademacher or Gaussian complexity of this small ball via generic covering number
arguments, or by leveraging the special structure of the ball. The first approach will be used to
analyze the rate of the estimator fc, and the second approach to analyze the rate of fH In this latter
case, the analysis is based on the study of the spectrum of a certain integral operator associated to
the kernel K (13) that generates the space H.

C.1. Proof of the error bound (12) on fg

For a given metric space (F, p), we let N (¢, F, p) be the covering number of F in the metric p at
resolution ¢. Now consider the shifted function class

L= Af=f 1 fel, lfllc<1/e}

under the metric |||z = sup, |f/(z)|. By known results on metric entropy (Dudley, 1999), we

have log(N (¢ £%; || - ||z)) = O(2 ). using the fact that any function in £* must be 2/e-Lipschitz.

Now let || f||2 = L 3% | f2(«;) be the squared empirical L?-norm, and consider the ball
B (6,£7) :={f € L [ Iflln <0}

Since the sup norm is stronger than this empirical norm, we have the sequence of inequalities
1
g (N (1B 05 ) - 1) < og(N (531 1) < log(N (57 - [1) =0 () - 19

Next consider the §-localized Gaussian complexity of a function class JF, given by

1 n
G(6;F) =Ey, | sup —Zwig(:zi) ; (17)
geF i
llglln<d

where {w;}, is an i.i.d. sequence of standard normal random variables. Define the critical radius
0r, as the smallest J that satisfies the master inequality

52
G L) < 5 (18)

2

With this set-up, it is known (van de Geer, 2000) that the M -estimator ﬁ; satisfies a bound of the
form

nJ?L

Plfe — f*)2 < c1d2] >1—e 222, (19)
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where ¢; and co are universal positive constants. By Dudley’s entropy integral, the critical radius d,,
is upper bounded by any J which satisfies

1
7 o | VoaN B L e <

A little calculation shows that it suffices to choose ¢,, such that

2\ 2/3
2 o (2 )
< (%)

Note that this is in fact a global upper bound on J,,, since the first inequality of (16) holds for any
setting of the design points {x;}I" ;.

C.2. Proof of the error bound (11) on fH

As our starting point, we use the master inequality (18) with the shifted function class £* replaced
by H*:={f—f*| f€H, |fllu <R} Recall that || f||3, = ff’2u2 and R = 2 in our case.
Using known bounds (Mendelson, 2002) on localized Gaussian complexity of 7{* in terms of the
eigenvalues of the kernel K, the master inequality takes the simpler form
1/2

2 — )
- i i\ 0 <

23 min {02} | <

k,3=0

B 52 62, (20)
o

We claim that this master inequality is satisfied by

2 1/3
b = c1 (F‘;n) 1)

where c; is an absolute constant, independent of n, €. Given this choice, the overall claim follows
by applying the non-asymptotic error bound (19).

It remains to show that the choice (21) is valid, and we do so by using the bounds on the
eigenvalues from Lemma 4. For 6 € (0,/2/7), let k*, j* be the largest integers such that Vi,j > 62,
or equivalently such that

k/(2v2) + je ¥t < 1/(xd).

6;;4J and k* = {2\@6_3/4(% - L%J)J We note that for § <
V2/m < 1, 7% and k* cannot simultaneously be zero. Using these cut-off points, the number of
eigenvalues (7 ;) that are larger than 62 is at most 2kgj* + k* + 1. Moreover, we have

One can verify that j* = |

o) 2ko—1 2kp—1
ST omin {1, 0%} < (2kos* +E D+ Y gt Y D g (22)
k,j=0 k=k*+1 723*+1 k=0

Next, we control each term in the above expression. For the first term, note that ky < \/56_3/ 4 and
. 3/4 . .
j* < 66; . Moreover, we have k* < %. Therefore, the first term is bounded as 2koj* + k* + 1 <

42/ (67) + 1.
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As for the second term,

2ko—1 2ko—1
Z Vie,5* <
k=k*+1 k=k*+1 \f_‘_j e=3/4) n?
2ko—1
1 1
- (Al 4 '*6—3/4)27r2 + Z (5= + j* —3/4)2 2
202 J k=k*42 32 J€ ™
(3) 1 2ko—1 dt
é@ ~*3/422+/* bt ixe—3/4)2 2
(2\/§+]€ )77 E* 41 (2\/5+j6 )7r
- 1 - 2V2 B 2v/2
(B 4 jredi)®n2 (S0 +gredi)n? (Bt 4 jred/)
1 - 2v/2
_(k\?1+j€3/4) (2\;21+j€3/4)
(i) 42
~ (];j»l +] 6_3/4)7T2

The first inequality is obtained using Lemma 4. Inequality () follows by upper-bounding the dis-
crete sum by an integral: ZIZO o1 1/ k? < ko dt/t (this argument will be used once more to

control of the third sum). Inequality (7i) is obtamed simply by factormg and noting that k \}31 +
jre3/4 > 2f By definition of j* and k*, we have ’“2\71 + j*e3/* > L Therefore,

2ko—1 f 4\/§

2 hrS(IyE= g0

k=k*+1
On the other hand, using the same techniques above, the third term is upper bounded as

2ko—1 o
DD mis %
24 k=0 o Ve
B 2koe3/2 2k063/2
= 4(]* + 1)27r2 jsz“rQ j27T2
2koe3/? /°° 2k063/2d8
T 122 Jpyy 8P
2k:063/2 2k063/2
TG G e
2koe3/2
(7% + Dm
Since j* = | 5; IE = [V2¢73/%], we have
2%ko—1
YooY ms< 4k0;3/45 < 4?5.
J>j*+1 k=0
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Putting these estimates together, inequality (22) yields

Z min {7y ;, 6%} < (4(;6 +1

k,j=0

wﬁ+&@5§¥+15@&

7r 7 0
Therefore, the master inequality (20) becomes

1/2
J%ﬁ+uﬂ®/gRﬁ
n T (o

Finally, only considering solutions § < 1, it can be verified that the specified choice (21) is adequate,
as claimed.

C.3. Proof of Lemma 4

We first characterize the eigenvalues of the kernel /C as solutions to a certain non-linear equation:

Lemma 6 The ecigenvalues of the kernel KC from equation (13) are given by the solutions A > 0 of

the non-linear equation
€ 1—e€ b\ /2
tan | —= |Jtan | — | = | — . 23
(\/)\b> <v/\a> <a> @9

The proof of this lemma is deferred to the next subsection. Our next step is to understand the

solutions to tan (ﬁ:z:) tan (1\/7595) = (2)3/2 with = 1/\5
For our purposes, we only need to consider the regime where b = /e < a and the quantity e
is close to zero. We then assume that the ratio of the two periods 1\/}6 / % : = kg is an integer; note
that this assumption can always be satisfied by choosing e appropriately. This assumption prevents
complicated oscillatory phenomena, and thus makes the analysis simpler.
Define the function ¢(x) := tan (ﬁl’) tan (lﬁx) We first exploit the periodicity of the
function ¢ so as to simplify the reduce the problem ¢ is even, and by our assumption on ky, it has a

period of l—‘/_iﬂ. Therefore, we only study its behavior on [0, @7‘(‘]. We divide this interval into two

intervals I = [0, @ﬂ /2) and [ = [@w /2, @ﬂ and we study the behavior of ¢ on each of them
separately.

Divide [ into smaller subintervals [}, : = [kl—‘ﬁﬁ/Z, (k + 1)1—@7#2) with0 < k < ko — 1.
On each interval Iy, both functions x — tan (1—\7595) and x — tan (ﬁw) are continuous, positive,

and increasing. In addition, the last one varies from 0 to co. Therefore, ¢ spans the entire half line
b ) 3/2

[0, 00) on Ij. Consequently, it must cross the line y = (a exactly once in each interval Ij,. We

. . . . 2
denote the coordinate of intersection by xy, i.e. ¢(xy) = (2)3/ and z € Ij.
)

€

Similarly, we divide I into regular subintervals I, =
b

m — I,. We observe that by parity of ¢,
we have ¢(—x) = (7)3/2, and by periodicity, Zj, = —x;ﬁ-@w € Iy, also verifies ¢(Zy) = (9)3/2.

a a
The sequence of numbers zo < 1 < ... < Tpy—1 < Thy—1 < Thy—2 < ... < Tg correspond to the

entire set of solutions on the interval [0, @ﬂ] Then by periodicity, we obtain all positive solutions
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by translating the above sequence by multiples of the period 471 Therefore the eigenvalues of the
kernel /C form a doubly-indexed sequence (7, ;) such that

1/ (wp + j%27)° ke [0,ko — 1],

Ve,j = .
’ 1/(@7T — T2kg—k—1 +]47T)2 k € [ko,2ko — 1].

Now, we can upper bound ~;, ; by using the fact z;, € I}, when either k or j is greater than 1:
observe that when & < kg — 1, zp > kzl—‘ﬁw/Z. Likewise, when kg < k < 2kg — 1,

@w — Topg—k—1 > @w —((2ko —k—1) + 1)1\/a7r/2 =k
€ € €

Va
1—c¢€

/2.

Thus, we have shown that 7, ; < 1/(1{:1—@/2 +j§)27r2 forall 1 < k < 2ky — 1. Furthermore,

1/2—€%/2

1—-— We notice that 1—‘@6 > 1/4/2 when € < 1/2. Consequently, we have

recalling that a =

Vhyj < 1/(2\16/§ +ji5>27f2

Note in passing that kg = 1—\;56_3/4 < V234,

whenever k > 1 orj > 1.

The case kK = j = 0 needs extra care. We have zy € |0, 1—\/_i7r /2). Since ¢ vanishes at 0 and
is strictly increasing on this interval, it is clear that g > 0. Now we proceed by an approximation
argument valid in the limit e — 0, and then invoke monotonicity of the solution xg in €. For €
sufficiently small and by using b = /€, we can uniformly approximate the function tan (%x) by

%x for 0 < x < 1. Then, the equation ¢(x) = (2)3/2 becomes z tan (l—ﬁm) = é(%)sﬂ =
22

(13%. In this regime a ~ 1/2 and the equation can be further approximated by tan(v/2z) = 2¥2,

x
A numerical inspection shows that the latter has a unique solution .892 < z* < .899 on [0, 1].

Moreover we also numerically observe that the solution zo(€) to the equation ¢(z) = (3)3/ % on

[0, 1] is an increasing function of €, hence xy > lim,_,o xo(e) = =*. Therefore, the first eigenvalue
70,0 = 1/x3 is upper bounded by a constant independent of e—that is, we have 0o < 1/2*? <
1.26, as claimed.

C.4. Proof of Lemma 6

Letting P be the distribution associated with the density p, we study the eigenvalues and eigenfunc-
tions of the integral operator 7" : Lo(P) — Lo(P) given by

Tf(x):= / O (D)t

Here the reader should recall that the density p takes the form

(z) = {b ifz € [—e¢, ¢

a ifxe[-1,—€)U/(el].
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where the parameters (a, b, €) are related by the equations (1 — €)a + eb = 1/2, and b = \/e. The
kernel X is given by

Lftoat 1| v oat
K<w’y):4/1/12(t)_2/xu2(t)" forz,y € [-1,1].

The eigenvalue equation associated with the operator 7' can be written as T'wy = Ap), where
) is the eigenfunction associated with the eigenvalue A > 0. Differentiating this equation twice
yields a system of differential equations for the eigenfunctions (proof omitted):

Lemma 7 All eigenfunctions of T must satisfy the following system of differential equations:

Ay +ox=0 on [—e€], and
Ao +ox=0 on [~1,—€) U (e1].

Solving this system of differential equations yields that any eigenfunction must be of the form

Aq sin (ﬁ) forx € [—e, €],
oa(x) = < Agsin (\/%) + Bs cos (\/%) forz € [-1, —¢), and
As sin (\/%) — By cos (\/%) for z € (e, 1],

where we already exploited the fact that ¢y has to be odd. Of course, not all functions of the above
form are eigenfunctions of 7', since we lost information by taking two derivatives. In order to show
that ) is actually an eigenfunction, we need to verify that it is continuous continuous, and satisfies
the relations (T(pA)/ = A} and Ty = Ap. Actually, the last condition will be satisfied when
the first two are. Together, these conditions will provide enough constraints to specify the four
parameters A, Ao, Bo and A in an unambiguous, modulo a global multiplicative constant for the
first three.

By imposing continuity on the solutions for £¢, we obtain an equation relating the parameters

of the problem:
€ € €
Aosin| — ) — Bycos| — | = A1sin | — | . 24
? m(wa) ? <\/Aa> ! m(wb) &Y

Next we verify that the condition (T )\)/ = A\ holds on [—¢, €] and [—1, —€) U (e, 1] separately.
Since the density p is even, we have K(—xz,y) = K(x,—y) for all 2,y € [—1, 1]. Therefore, for
any odd function f, we have

—€ 1
Kt ) = - / SOt —)p(t)dt,

so one we can study the problem on the interval (e, 1] and automatically obtain the corresponding
results on [—1, —¢).
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Case x € (e,1]:  For any odd function f, we have

1 [7¢ —€e—t 2 x—¢€ 1 /€ e—t x—t
Tf(z)=—5 /1 af(t)(7 gt 7)dzt -3 /6 bf(t)(b—2 + 7)dt
1t |t — x|
Differentiating with respect to x and setting f = ) yields
1 t —¢ . t —€
(Tgo/\)/(x) = —%{Ag[— VAa cos (\/E)]‘l + By [\/Esm (m)]_l}
— A As[ — VAacos ()l - BalVAasin (o))
+ o {As[ —VAacos (jra”i ~ B[VAasin (jm)];}
Since we must have (T'py )’ = Aoy, some algebra then leads to
Aj cos (\/1%) + By sin (\/1%) =0. (25)

Equations (24) and (25) form a linear system in the coefficients As and Bs, and solving this system
yields

o4 sin(\/lra)sin( e)\b)
2 — 4] 1 1 )
sm(ﬁ)sm(m)+cos( = )cos(m)
N cos(\/l)\—a)sin(\/e)\fb)
= —A

sin (\/1)\—) sin (

Case x € [—¢,¢]:  For an odd function f, we have

1iw) =~ [ “ero( 4 T a5 [ s >('x_”)dt

—1 a2

Following an argument similar to the previous case, we find that

ST Bl - Viasin ()]

{Al[ VAbcos (L)]i—i-Al[ VAbcos (L)]E}

(Ter) () = —l%{/b[— \/Ecos(

Vb VAL ®
Imposing the constraint (T'))" = Apy leads to the equation
- ! in (—50) sin (——)) = (2)32 .
Ag(cos(m) cos(m))—I—Bg(sm(m) Sln(m))—(a) Alcos(m). (26)

Finally, plugging the expressions of A; and Bs in the above equation and simplifying yields the
claimed equation (23).
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Appendix D. Reduction of least squares to constrained optimization

In this appendix, we show that in the regime p < d, minimizing an objective function that is

a weighted sum of a least-squares cost with a regularization term ([ ||V f(z)|[Pp?(z)dx) 1P win
have degenerate solutions, just like the constrained formulation. Consider a least-squares problem
of the form

min { 37(f (@) —w)” + AR() }, @7)

€0

where R(f) is some arbitrary regularization term. We show that the above has the same solution as
a constrained optimization problem. Let

J = argmin { () —ui)* + AR()}.

1€0

Then fis equal to the minimizer of

~

mfinR(f) subjectto f(z;) = f(x;),i € O. (28)

To see this, suppose that the optimizer of (28) is g # £, then it must be that R(g) < R(f) and
Sico(g(zi) —yi)? = X ,co(f(zi) — yi)?, in which case the function g achieves a smaller value of
the cost (27) than f

By setting R(f) = ([ |V f(z)|Pr(z)dz) l/p, we know from Section 4.2 that the solution to
the optimization problem (28) must be degenerate, and so must the solution to the problem (27).
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