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Abstract

Shortest path graph distances are widely used in data science and machine learning, since
they can approximate the underlying geodesic distance on the data manifold. However, the
shortest path distance is highly sensitive to the addition of corrupted edges in the graph,
either through noise or an adversarial perturbation. In this paper we study a family of
Hamilton-Jacobi equations on graphs that we call the p-eikonal equation. We show that the
p-eikonal equation with p = 1 is a provably robust distance-type function on a graph, and
the p — oo limit recovers shortest path distances. While the p-eikonal equation does not
correspond to a shortest-path graph distance, we nonetheless show that the continuum limit
of the p-eikonal equation on a random geometric graph recovers a geodesic density weighted
distance in the continuum. We consider applications of the p-eikonal equation to data depth
and semi-supervised learning, and use the continuum limit to prove asymptotic consistency
results for both applications. Finally, we show the results of experiments with data depth
and semi-supervised learning on real image datasets, including MNIST, FashionMNIST
and CIFAR-10, which show that the p-eikonal equation offers significantly better results
compared to shortest path distances.

Keywords: Data depth, Graph learning, Hamilton-Jacobi equation, Robust statistics,
Semi-supervised learning, viscosity solutions, discrete to continuum limits, partial differential
equations

1. Introduction

Shortest path distances on graphs have found applications in many areas of data science
and machine learning, including dimensionality reduction (e.g., the ISOMAP algorithm
(Tenenbaum et al., 2000)), semi-supervised learning on graphs (Moscovich et al., 2016;
Chapelle and Zien, 2005; Bijral et al., 2012; Rozza et al., 2014; Yang et al., 2021), graph
classification (Borgwardt and Kriegel, 2005), and data depth (Molina-Fructuoso and Murray,
2021, 2022; Calder et al., 2022b). In many applications, the shortest paths are density
weighted, to make path lengths shorter in high density regions of the graph, and longer in
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sparse regions (Bijral et al., 2012; Little et al., 2022). Shortest path algorithms offer different
information compared to second order methods based on graph Laplacians, like spectral
clustering (Ng et al., 2002), Laplacian eigenmaps (Belkin and Niyogi, 2003), diffusion maps
(Coifman and Lafon, 2006), or Laplacian based semi-supervised learning (Zhu et al., 2003;
Calder et al., 2020a), which offer information about average or typical paths through graphs.
Some recent works have even combined shortest path metrics with graph Laplacian spectras
to improve spectral clustering (Little et al., 2020).

However, a main drawback of shortest path distances is their lack of robustness to
perturbations in graph structure. The addition of a single edge can have a strong effect on
the shortest path, while simultaneously having little or no effect on the average or typical
path, which gives an intuitive reason for the apparent superiority of graph Laplacian based
methods for semi-supervised learning and dimension reduction, among other problems.

In this paper, we approach the problem of robustly computing distance functions on
graphs from the viewpoint of Hamilton-Jacobi equations. We study a family of Hamilton-
Jacobi equations on graphs, which we call the p-eikonal equations, that are provably robust
to graph perturbations, especially for p = 1. The equations have the form

(1) > wiiu(w:) — ul@)))i = f(i),
j=1

where ay = max{a,0}, and w;; is the weight between nodes i and j in the graph. We prove
that as p — oo, these p-eikonal equations recover shortest path graph distances, while for
p = 1 the solutions provide information that is different from shortest paths and far more
robust to graph perturbations. The solution of the p-eikonal equation can be computed in
similar time to shortest path distances, using a slight variation on the fast marching method
(Sethian, 1996).

While the p-eikonal equations do not describe shortest path graph distances, we prove
rigorously that the continuum limit of the p-eikonal equation, as the number of data points
tends to infinity while p is fixed, is exactly a density weighted geodesic distance function on
the underlying space (either a Euclidean domain or data manifold). Hence, the p-eikonal
equation offers a robust estimation of geodesic distances in the continuum for any finite
value of p. Our techniques for proving discrete to continuum convergence are quite different
from existing spectral convergence results for graph Laplacians (see, e.g., (Calder et al.,
2022a; Calder and Garcia Trillos, 2022; Garcia Trillos et al., 2020)). We use the viscosity
solution machinery and the maximum principle, as in (Yuan et al., 2021; Flores et al., 2022).
Our theory is also quite different from previous work on continuum limits for shortest path
distances (see, e.g., (Alamgir and Von Luxburg, 2012; Bungert et al., 2022; Hwang et al.,
2016; Calder et al., 2022b)) which crucially use the shortest path interpretation on the graph.

To illustrate the robustness of the p-eikonal equation, we consider applications of density
weighted graph distances to data depth and semi-supervised learning. For data depth we use
an approach similar to geometric medians on Riemannian manifolds (Fletcher et al., 2009).
For semi-supervised learning we use a nearest neighbor classifier via the p-eikonal distance. In
both applications we consider density-weighted distances, for which path lengths are shorter
in high density regions of the graph and longer in sparse regions. This improves accuracy in
semi-supervised learning and encourages the median to be placed in a high density region of
the graph in data depth problems, making the methods more robust to outliers. We test
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our methods on both toy and real datasets, including semi-supervised learning on MNIST,
FashionMNIST and CIFAR-10. The classification results for the p-eikonal equation are
uniformly better than shortest path graph distances, which we attribute to the robustness
properties of the p-eikonal equation to spurious corrupted edges in real world graphs.

Using our continuum limit results, we go on to prove that p-eikonal based data depth and
semi-supervised learning are asymptotically consistent. In particular, for semi-supervised
learning, we take a clusterability assumption for the data and show that p-eikonal semi-
supervised learning with arbitrarily few labels can recover the true labels for each cluster.
The proofs of asymptotic consistency are particularly simple for graph distances, compared
to the analogous results for graph Laplacian based techniques (see, e.g., (Hoffmann et al.,
2022)). We also examine the role of class priors in semi-supervised learning, and show
how utilizing information about the relative sizes of each class improves the asymptotic
consistency results by allowing a weaker clusterability assumption. We enforce class priors by
using a weighted minimum in the label decision, as was done in the volume label projection
in (Calder et al., 2020a).

There is a considerable amount of related work in both data depth and semi-supervsied
learning. The problem of data depth, and in general, the ordering of multivariate data, is a
common problem in statistics (Barnett, 1976; Liu et al., 1999). The Tukey halfspace depth
(Tukey, 1975) is one of the oldest and most well-studied notions of depths, and it has been
extended to graphs (Small, 1997) and metric spaces (Carrizosa, 1996). The Tukey depth
has been connected, at the continuum population level, to the solution of a non-standard
Hamilton-Jacobi equation (Molina-Fructuoso and Murray, 2021). Other interesting notions
of data depth include the Monge-Kantorovich depth (Chernozhukov et al., 2017), and notions
of depth for curves (de Micheaux et al., 2020). Another way to define data depth is by
repeatedly peeling away extremal points. Several related algorithms, including convex hull
peeling, nondominated sorting, and Pareto envelope peeling, have been recently connected
to viscosity solutions of partial differential equations (PDEs) in the continuum limit (Calder
and Smart, 2020; Calder et al., 2014, 2015; Calder, 2016, 2017; Bou-Rabee and Morfe, 2021;
Cook and Calder, 2022).

We were recently made aware of another paper (Molina-Fructuoso and Murray, 2022)
that was developed in parallel with ours, and proposes to use the eikonal equation for data
depth. The method in (Molina-Fructuoso and Murray, 2022) requires identifying boundary
points first, and then the depth is defined as the length of a shortest density-weighted
path back to the boundary. This approach, without density weighting, was also used in
(Calder et al., 2022b), in combination with a method for detecting boundary points. Our
approach to data depth based on the geometric median framework is much different than
these works, and in particular, it does not require the a priori identification of boundary
points to compute depth.

The problem of semi-supervised learning at low label rates has received a significant
amount of attention recently, since it was pointed out in (Nadler et al., 2009) that Laplace
learning (or label propagation) (Zhu et al., 2003) is ill-posed with very few labels. Many
graph-based semi-supervised learning algorithms have been proposed recently at low label
rates, including higher-order Laplacians (Zhou and Belkin, 2011), p-Laplacian methods
(El Alaoui et al., 2016; Kyng et al., 2015; Slepcev and Thorpe, 2019; Calder, 2018b, 2019;
Flores et al., 2022), reweighted Laplacians (Shi et al., 2017; Calder and Slepcev, 2019),
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the centered-kernel method (Mai and Couillet, 2018a,b), volume constrained MBO (Jacobs
et al., 2018), and Poisson learning (Calder et al., 2020a), and the low label rate issue has
been studied theoretically in (Calder et al., 2020b). The only methods that are provably
well-posed at arbitrarily low label rates are the p-Laplacian methods (Calder, 2018b; Slepcev
and Thorpe, 2019) for p > d! and the Properly Weighted Laplacian (Calder and Slepdev,
2019), but neither has been shown to be asymptotically consistent at low label rates. In
contrast, our results show that p-eikonal based semi-supervised learning gives well-posed,
stable and informative classification results, and is asymptotically consistent, at arbitrarily
low label rates and for any p > 1.

We also mention that the p-eikonal equation (1) is not new in our paper, and has
already been introduced in a series of papers (Ta et al., 2009, 2010; Desquesnes et al., 2013;
Desquesnes and Elmoataz, 2017). These previous works introduced the family of p-eikonal
operators on graphs and presented an array of interesting applications to problems such
as image segmentation, erosion, and noise removal. Our work focuses more on theoretical
foundations, with our main focus being the robustness properties of the operators, and the
approximation of geodesic distance in the continuum, both of which are not considered in
previous work. In this sense, our results can be viewed as complementary to previous work,
and provide a rigorous justification for the usefulness of the p-eikonal equation.

1.1 Outline

This paper is organized as follows. In Section 2 we study Hamilton-Jacobi equations on
graphs, and introduce the p-eikonal equation. We establish our main robustness result, and
then consider applications to data depth and semi-supervised learning. In Section 3 we
introduce the continuum geodesic distances, and review the connection to state constrained
eikonal equations. In Section 4 we prove our main discrete to continuum convergence result,
showing that the p-eikonal equations recover geodesic density weighted distances in the
continuum limit, for any value of p > 1. In Section 5 we use the continuum limit theory
to study the asymptotic consistency of data depth and semi-supervised learning with the
p-eikonal equation. Finally, in Section 6 we show the results of experiments with real data.

2. First order equations on graphs

In this section we first study the general theory of first order equations on graphs in Section
2.1 and review the graph distance function in Section 2.2. Then in Section 2.3 we introduce
the p-eikonal equation, and discuss its robustness properties and computational complexity.
In Section 2.4 we consider applications of the graph p-eikonal equation to data depth
and semi-supervised learning. We give some toy examples in Section 2.4, and postpone
experiments with real data to Section 6.

Let us first introduce some notation. Let G = (X, W) be a weighted graph with vertices
X = {z1,...,2,} C R? and nonnegative edge weights W = (wij);';=1- The edge weights
encode similarity between data points, with w;; > 0 indicating z; and x; are similar, and
wi; ~ 0 indicating dissimilarity. We do not assume the weight matrix is symmetric, so in
general we have w;; # wj;. This includes graphs such as k-nearest neighbor graphs. For first

1. Here, d is the intrinsic dimension of the data.
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order equations, symmetry is not a main concern, since we do not require any operators to
be self-adjoint, as in the case of graph Laplacians. Any zero edge weight w;; = 0 indicates
the absence of an edge from i to j. We also let F'(X) denote the vector space of functions
u:X — R, and let I,, = {1,...,n} denote the indices of the graph vertices. For a function
u € F(X) and a vertex x; € X, we define the gradient V yu(z;) € R" by

(2) Vxu(z;) = (u(z;) — u(zr), u(z;) — u(za), ..., ulz;) —ulz,)).
For convenience, we will write VJXu(xl) = u(z;) — u(x;), so that
Vxu(z;) = (Viu(z), Viu(zy), ..., Viu(z)).

Finally, throughout this section, we let K denote the unweighted maximum incoming degree
of the graph, that is

(3) K = gggxn ] ]lei>0.

2.1 General theory

We begin by developing a general theory for first order equations on graphs, and give general
existence and uniqueness results. Letting I' C X denote a set of boundary or terminal nodes,
a general graph PDE has the form

() {H(qu(azz),u(xz),a:l) = S, ifr; e X\T

(a:i), ifx; €T,
where g : I' = R are some prescribed boundary values. The Hamiltonian H is a function
(5) H:R"xRx X — R,

that also implicitly depends on the weight matrix W, which encodes the graph structure. It
is also possible to pose a graph PDE on all of X with no boundary conditions, in the form

(6) H(Vxu(z;),u(z;),z;) =0 forall z; € X.

We will write H = H(q, z,2;) in general, for ¢ € R", z € R, z; € X. While we will focus on
first order equations (in the sense that their continuum limits are first order PDEs), we note
that this formulation of graph PDEs is very general, and contains as a subset the graph
Laplacian by setting

(7) H(q,z,2) = Y wijg;.
=

In this section, we establish existence and uniqueness of solutions to the graph PDE (4).
Some of this analysis is similar to previous work studying PDEs on graphs, see for instance
(Manfredi et al., 2015; Calder, 2018b, 2019). Our arguments are slightly different, and cover
more general cases.
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Existence and uniqueness of solutions to (4) is based on a comparison principle, which
allows us to compare the values of a subsolution u to a supersolution v, based on comparing
their values on the boundary I'. A subsolution u € F(X) of (4) satisfies

(8) H(Vxu(zi),u(z;),x;) <0 forallz; € X\ T,
while a supersolution v € F(X) of (4) satisfies

(9) H(Vxv(x;),v(z;),z;) >0 foral x; € X \T.
Throughout this section, I' C X is fixed, and may be empty.

Definition 1. We say that H admits comparison if for all u € F(X) satisfying (8) and
v € F(X) satisfying (9), if u <v onT thenu <v on X.

In this section, we establish conditions under which H admits comparison. An important
class of PDEs are those which are monotone. For vectors p,q € R, we write p < q if p; < ¢;
for all 4.

Definition 2. We say H is monotone if
(10) p<qands<t = H(p,s,x) < H(q,t, )
forallx € X.

This definition of monotonicity is related to upwind discretizations of Hamilton-Jacobi
equations, and monotone discetizations of second order equations (Sethian, 1996; Oberman,
2006). As an example, the graph Laplacian (7) is clearly monotone, since w;; > 0.

Monotonicity allows us to apply maximum principle arguments to prove a comparison
principle, which is based on the following observation.

Proposition 3. Assume H is monotone and let u,v € F(X). If u— v attains its mazimum
over X at z; € X and u(x;) > v(z;), then

H(Vxu(z;),u(z;), x;) > H(Vxo(z;),v(x;), ;).
Proof We simply note that u(z;) — v(z;) < u(z;) — v(z;) for all j, which implies that
w(z;) —u(zj) > v(z;) —v(z;) for all j,

and so Vxu(z;) > Vxuv(x;). The result now follows from monotonicity of H [

We can immediately prove a comparison principle when H is monotone, and one of the
sub or supersolutions is strict.
Theorem 4. Assume H is monotone. Let u,v € F(X) such that

(11) H(Vxu(zi),u(z;), z;) < H(Vxv(zi),v(x;), ;) forallz, € X\ T,

andu <vonl. Thenu<v on X.
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Proof Let z; € X be a point at which v — v attains its maximum over X. If z; € X \ T,
then by Proposition 3 and the assumption (11), we find that u(x;) < v(z;). If ; € T', then
u(x;) < wv(x;) by assumption, which completes the proof. [ |

The comparison principle in Theorem 4 requires that u be a strict subsolution relative to
v. The strategy to prove a true comparison principle (i.e., without the strictness, as in
Definition 1) will be to make small perturbations of subsolutions (or supersolutions) to
obtain the strictness required in Theorem 4. This requires that we place further assumptions
on H.

Definition 5. We say H is proper if there exists a strictly increasing function v : [0, 00) —
[0,00) with v(0) = 0 such that when t > s we have

(12) H(q,t,z) > H(q,s,z) +~(t —s)
for all x € X and g € R™.

An example of an equation that is proper is one with a positive zeroth order term, of
the form

H(q,z,z) =Xz + G(q,x),
where A > 0 and G : R" x X — R. In this case, y(t) = At.

We now establish several situations where comparison holds.

Lemma 6. Assume H is monotone. Then H admits comparison if any of the following
hold.

(i) H is proper.
(i) H = H(q,x), ¢ —~ H(q,x) is convex, and there exists p € F(X) and A > 0 such that

(13) H(Vxp(zi),zi)) + A <0 forall z; € X\T.

(iii) H(q,z,x) = G(q) — f(x), where f >0 on X, and G is positively p-homogeneous for
p > 0.

Proof Let u satisfy (8) and v satisfy (9), and assume that u < v on I'. In each case we
will produce a perturbation u. of u satisfying u. < v on I';) H(Vxue,u,z) <0, and u. — u
as € = 0. Then by Theorem 4 we have u. < v and sending ¢ — 0 completes the proof.

(i) We set u. = u — ¢ and use the fact that H is proper to get the strict subsolution
condition.

(ii) We set us = (1 — e)u + ep. We can shift ¢ by a constant, if necessary, so that
¢ —u <0, and so u. < u. Since g — H(q,x) is convex, we have

H(Vxue(z;), ;) = H((1 — &) Vxu(x;) +eVxp(;), i)
< (1—e)H(Vxu(z;),x;) + eH(Vxp(x;),z;) < —Ae,

forall z; € X \ T
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(iii) Define u. = (1 — &)u 4+ e minx u. Then u. < u. Since G is positively p-homogeneous
we have G(aq) = |a|PG(q) for all a € R and ¢ € R", and so

G(Vxue(zi) = G((1 = e)Vxu(zi)) = (1 = )" G(Vxu(wi)) < (1 - )" f(zi).

Hence, we have
G(Vxue(zi)) — flz) < — (1= (1 —¢)?) f(x;) <O.
|

If H admits comparison, then we can prove existence of a solution to (4) using the Perron
method. We summarize this in the following result.

Theorem 7. Assume H is monotone, continuous in p and z, and admits comparison.
Assume there exists o, € F(X) such that ¢ > ¢ =g on T and for z; € X \ T

H(Vxo(xi),o(xi), ;) <0 and H(Vxip(w),¥(xi), ) > 0.
Then there exists a unique solution u € F(X) of (4) and ¢ < u <.

The proof of Theorem 7 is very similar to existing results (e.g., Theorem 4 of (Calder,
2018b)). We include the proof in Appendix B for reference.

Remark 8. Notice that none of the results in this section have required graph connectivity,
which is a common assumption in the analysis of PDEs on graphs. Normally, graph
connectivity is used in a path to the boundary argument to establish a comparison principle
(see, e.g., (Manfredi et al., 2015; Calder, 2018b, 2019)). Our arguments do not require graph
connectivity to establish comparison. The one place connectivity requirements may appear is
in the construction of the super and subsolutions @ and 1 in the Perron method in Theorem
7.

2.2 Graph distance functions

The graph distance dg : X x X — R is defined by

m—1
(14) dG(mi’xj) = min min {wi,rll + Z w7:.'717'i+1 + wﬁi:j} ’
=1

m>1rellr

where we recall that I, = {1,...,n}, and I' = (I,,)”". We use the interpretation that

1

w;;T =00 whenever w;; = 0, which implicitly restricts the feasible paths to follow edges in

the graph and to connect z; to x;.
Definition 9. We say that the graph G is connected if dg(x;,x;) < oo for all z;,x; € X.

We also define the graph distance to a set I' C X as follows

dg(z;,I') = min dg(z;, xj).
Z‘jEF
We recall that the graph distance function satisfies a certain graph eikonal equation. The
result is well-known (see, e.g., Lemma 3 of (Bungert et al., 2022)), but usually stated for
symmetric graphs, so we will sketch a proof for completeness.
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Lemma 10 ((Bungert et al., 2022)). Assume G is connected and let T' C X. Then the graph
distance function u(z) := dg(x,T") is the unique solution of the graph eikonal equation

(15) max wj;(u(x;) —u(z;)) =1 forallxz; € X \T,

ijX
satisfying u(x;) = 0 for x; € T.

Remark 11. We call (15) the graph eikonal equation, since its solution is a distance function,
in the same way that the continuum eikonal equation (see Section 3) represents continuum
path distances. In the notation of Section 2.1, the graph eikonal equation corresponds to the
monotone Hamiltonian H(q,x;) = maxi<j<n wjiq; — 1.

In terms of computational complexity, the solution of (15) can be computed with Dijkstra’s
algorithm in O(nK log(n)) time, where we recall K is the maximum (unweighted) degree of
any node in the graph, defined in (3).

Proof [Proof of Lemma 10| The main idea of the proof is to use the fact that u satisfies the
dynamic programming principle

(16) u(z;) = xlflélr)l((”u(l’j) + wj—l.l).

Since the graph is connected, there exists some j with w;; > 0, and both u(z;) and u(z;)
are finite. We can rearrange this to obtain

max (u(zy) = ule;) = w5 = 0
Since the max is zero, we can multiply by wj; inside the brackets above and rearrange to
obtain the result. To prove uniqueness, we can run the proof in the opposite direction,
showing that any solution of (15) satisfies the dynamic programming principle (16), and is
thus the graph distance function dg(-,T). [ ]

It is common to consider density weighted distances in data science and machine learning
applications. This allows us to make it more expensive for paths to travel through sparse
regions in space, and less expensive to travel within dense regions. This makes points within
clusters closer together, while driving points in different clusters further apart, which is
useful for cluster and semi-supervised learning.

In the context of the graph eikonal equation (15), density weighting can be introduced
by solving the equation with a right hand side, of the form

(17) :Ivljlg)}g wji(u(x;) —u(zj)) = f(z;) for all z; € X \ T

One can choose, for example, f(z;) = p(z;)~® for @ > 0, where p : X — R is any density
estimator (say, a kernel density estimator or a k-nearest neighbor estimator), and « is a
tunable parameter. Since we did not assume the graph was connected in Lemma 10, we
can apply the lemma to (17) with the graph weights w;; = f(x;)'w;; to obtain that the
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solution of (17) subject to u(x;) = 0 for z; € T' corresponds to the density weighted graph
distance

m—1

. . -1 — -1

(18) da,f (s, xj) = g};ﬂl Tnel}rnll {wi,n (7)) + Z wﬂ‘}n‘ﬂ f(xﬁ'-s-l) + anujf(ij)} :
- " =1

When f = p~% with a > 0, the reweighted equation (17) makes it more expensive for paths
to travel through regions where the density, p, is low, and less expensive where the density
is high. Of course, choosing o < 0 has the opposite effect.

2.2.1 SENSITIVITY TO NOISE

We mention that the graph eikonal equation (17) is highly sensitive to corruption in the
weight matrix W used to construct the graph. Indeed, we can see this quite easily from the
distance function interpretation, since adding a single spurious edge between two distant
nodes in a graph creates a short-cut that drastically changes the distance function. Thus,
while the graph eikonal equation (17) does indeed approximate geodesic distances on the
underlying data manifold well (see, e.g., (Hwang et al., 2016)), the graph distance lacks
robustness to noise and other corruptions. To illustrate this, we refer to Figure 1la, which
shows how drastically the graph distance function can change with the addition of a few
spurious edges in the graph. The graph is a simple unweighted proximity graph on n = 20000
uniformly distributed random variables on the unit ball. Points within distance ¢ = 0.05
are connected by an edge with edge weight of 1, and the boundary set I' is chosen to be all
points within distance € of the boundary of the ball. From left to right in Figure la, we add
0, 10, 20, and 50 corrupted edges at random, and show the resulting distance functions to
the boundary.

2.3 The p-eikonal equation

The issue with lack of robustness of the graph eikonal equation (17) stems from the form of
the maz in the operator, which means its value is highly sensitive to a single outlying edge
weight. We introduce here the p-eikonal equation on a graph, which uses information from
all neighbors, and as we will show below, gives a more robust distance function on a graph.
For p > 0, we define the p-eikonal operator Ag ) : F(X) — F(X) by

(19) Acpulai) =Y wyi(u(z;) — ()i,
j=1

where ay := max{a,0} is the positive part. For I' C X and f € F(X), we consider the
p-eikonal equation

(20) {Aapu =f, inX\T

u=0, onT.

We show in Figure 1b the robustness experiment described in the last section with the
p-eikonal equation with p = 1. The p-eikonal equation is clearly more robust to the additional
corrupted edges in the graph. After some preliminary results, we prove in Theorem 14, below,

10
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(b) p-eikonal equation with p = 1 with corrupted edges

Figure 1: Robustness of graph-distance functions compared to the p-eikonal equation under
random corruptions of edges in the graph. We computed each distance function
on an unweighted proximity graph over n = 20000 uniformly distributed random
variables on the unit ball with graph connectivity length scale € = 0.05. The
boundary points I" were chosen to be all points within € of the boundary of the
unit ball, so the distance function gives a notion of data depth. From left to right
we added an increasing number of corrupted edges (0, 10, 50, and 200) with edge
weight w;; = 1. We see the solution of the p-eikonal equation is far more robust
under the addition of corrupted edges.

a robustness estimate for the p-eikonal equation that explains the experimental results in
Figure 1b.

We first use the theory from Section 2.1 to establish that (20) is well-posed. For ¢ > 0 we
denote by G the graph G = (X, W) with weights W7 = (w{,)?";_;. We interpret 0°=0
so that GO is the unweighted graph with the same edges as G.

Theorem 12 (Well-posedness). Let p > 0 and f > 0. If G is connected, then (20) has a
unique solution v € F(X), and

(21) K <n§nle>> d_y (@i T) < ulzs) < (m}z}xf%> d .+ (z:,T).

1
GP

Proof In the notation of Section 2.1, the p-eikonal equation (20) corresponds to the
Hamiltonian

H(q,wi) =Y wyi(gs)h — f ().
j=1

11
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This Hamiltonian is monotone, and positively p-homogeneous (and also convex in ¢ when
p > 1). Thus, (20) admits comparison by Lemma 6. Hence, existence follows from the
Perron method (Theorem 7), provided we can exhibit a subsolution ¢ and supersolution
1 with ¢ =0 < ¢ on I'. We can take ¢ = 0, but we will construct a larger subsolution to
prove the bound (21).

For ¢ > 0 to be determined, let us define

o(z;) = ch% (z;,T).

By Lemma 10, ¢ solves the graph eikonal equation

1
max wii(p(e:) = ()4 = e
Since the right hand side c is positive, we can trivially add the positive part above. Then
we have

Acpo(xi) =Y wiilp(:) — o(z;))h
=1
< K max wi(p(@i) - p(xi))k

—K <212§ “’j%i(@(wi) - ‘P(xj))+)p

= KcP.

Setting ¢ = K» min y f%, we have Agpp < f on X \ I', which proves the subsolution
condition. We likewise define
Q;Z)(-Tz) = CdG% (mi,F),

1
and use a similar argument to find that a choice of C' = maxyx fr yields the supersolution
condition. ]

Remark 13. Let u, for p > 0 denote the solution of (20), which exists and is unique due
to Theorem 12. By (21) we see that up, — dgo(-,I') as p — oo. Thus, the p — oo limit of
the p-eikonal equation recovers the unweighted graph distance. By a similar argument, the
solution of Agr pup, = fP will satisfy u, — v as p — oo, where u is the solution of the graph
etkonal equation (17).

2.3.1 ROBUSTNESS TO NOISE

We now turn to the question of robustness of the p-eikonal equation to graph perturbations.
We consider a perturbation W =W+ O0W, where the only requirement is that the pertrubed
matrix W is a valid similarity matrix (i.e., has nonnegative entries), and that the graph
remains connected after the pertrubation, so that the p-eikonal equation has a unique
solution. This allow the addition or deletion of edges, or simply the modification of existing
edges. We define A, = max{A,0} and A_ = min{A4, 0} for a matrix A, where the minimum
and maximum are pointwise.

12
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Theorem 14. Assume G = (X, W) is connected. Let 6W € R"*" such that W = W+W >
0 and G := (X, W) is connected. LetT' C X, f € F(X) with f > 0 and let u,u € F(X)
satisfy

(22) {Aapﬁ(xi) = Agpu(x;) = f(zi), ifz;e X\T

| u(z;) = u(x;) =0, if x; €T

Then for all x; € X we have

As @\ P u(ws) — i) Asg pu\ 7
(23) ‘(5‘%?%‘ 7 ) Smin{u(xn,a(mi)}»g@?%‘ 7 )

where 0G1 = (X, £dW4).

Jun

Proof For notational simplicity, let us set

Asc. pu
§ = max —— P~
X\

Let G4 = (X, W + dW,) and let u_ denote the solution of Ag, puq = f subject to uy =0
on I'. Notice we have

Avau = f = AG_'_’pu-’- 2 Avau+7

and so it follows from comparison that vy < u. A similar argument shows that uy < u. We
now compute

Asa pt

AG+7pu(:Ei) < f(x,) + A6G+,pu<l’z‘) <14 max 14
Acy pus () (i) X\D

for all z; € X \ I". Therefore Aq, pu < Ag, p((1+ 5)%u+) on X \ I'. By the comparison

principle we have

1 1
u<(1406)ruy <u+ d» min{u,u},

as uy < min{u,u}. Therefore u —u < § v min{u, u}, which completes the proof of the upper
bound in (23).

To prove the lower bound, we simply swap u and u in the argument above, and use that
W =W —§W. m

Remark 15. Theorem 14 controls the relative error between u and u. We note, in particular,
that the dependence on p shows that p = 1 offers the greatest robustness, and as p — oo
we lose the robustness completely. We note that there are several ways we can reformulate
Theorem 14. First, let us define the upwind 1-norm of a matriz, relative to the function
u€ F(X), by

n
1Ay = max D> 1Aij L) >u)-
===l

13
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We note that ||Allu,1 < ||All1, where [|Al1 = maxi<j<n > i—q |Aij| s the usual 1-norm. The
norm ||0W||,,1 measures the mazimum amount of corruption among the incoming edges of
any node from directions where u is smaller (the upwind direction). Then we compute

Asay pulai) = £ (6wsi)+ (w(m)—ulz))} < w(@i)? Y 10w)il Ly, sua;) < wl@i)?|6W||u,1-
j=1 j=1
Thus, for example, the upper bound in Theorem 14 implies that

min{u(z;), u(z;)} < (f)r(lf\ilzi f;) 1 0W |1

Finally, using the upper bound in Theorem 12 we obtain

u(zi) —ulzi) c (fma:t

min{u(z;), w(zx;) Jmin

where 0 < frin < f < fmaz and C = maxy ex dG (23, T). A similar statement holds for the

1
P

1 1
-
) 1wz

lower bound in thm:robust.

2.3.2 COMPUTATIONAL COMPLEXITY

The p-eikonal equation (20) can be solved in a similar computational time as the graph
eikonal equation (17) using the fast marching method (Sethian, 1996) on a graph. The
solution of (20) via fast marching requires repeatedly solving the equation

(24) Z wji(t - Sj){)&- = a,
Jj=1

for the unknown ¢, given s;, j = 1,...,n, and a. Of course, only the s; with w;; > 0 need to
be considered. Since the left hand side is increasing in ¢, the equation can be solved with a
bisection search for any p > 0. Using a tolerance of §, the complexity of solving the scheme
(24) with a bisection search is O(K log(6 1)), where K is the maximum unweighted degree
of the graph defined in (3).

When p = 1, we can in fact solve the scheme (24) explicitly without a bisection search.
We first sort the s; in ascending order (and relabel the wj; in the same order), and then
note that the solution ¢ will have the form

a + Z;nzl WjiS;

t: m = —-—
: ™ s
Zj:l Wy

for some m < n. We can compute all the t,, recursively in O(K log(K)) time, and simply
check which is correct, yielding O(K log(K)) complexity for solving (24) when p = 1. A
similar observation can be made for p = 2, except that ¢ = ¢,, will be the solution of a
quadratic equation.

The fast marching method visits each node in the graph exactly once, in order of increasing
values of the solution u(z;). When each node is visited, the scheme (24) is solved at all

14
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neighbors of the node. Each time the scheme is solved, a heap? of size at most n is updated,
which takes log(n) time. Thus the fast marching method takes O(nK?log(K)log(n))
computational time for p =1 or p = 2, and O(nK?log(d~!)log(n)) time for other positive
values of p, where § is the bisection solver tolerance. In our implementation, of the method,
we use the exact solution of the scheme for p = 1, and the bisection search for all p > 1 (i.e.,
we did not implement the quadratic method described above for p = 2, since we found it did
not improve over the bisection search).

2.3.3 SHORTEST PATHS

While the solution of the p-eikonal equation (20) does not represent a true distance function
on the graph, as the eikonal equation (17) does, we can still construct a notion of a shortest
path from any z; € X \ I' back to the set I', by descending on u as quickly as possible. In
particular, given the solution u of (20) and an initial point z;, € X \ T, we select the next
point, for k > 0, to satisfy
T, € argminu(z;).

z;€X

w4, >0
In other words, the next point is the neighbor of x;, with the smallest value of w, which is
the “closest” to I'. Provided f > 0 and x;, ¢ I, there must exist a neighbor with a strictly
smaller value for u, otherwise we would have Ag pu(z;,) = 0 < f(z;,), which contradicts
that u solves the p-eikonal equation (20). Thus, the path chosen in this way is strictly
decreasing in u, that is

u(ziy) > u(wi,) > u(wi,) > -

This guarantees that the path can never visit a node twice, and will eventually terminate at
a point z;, € I' after some number of steps, T'. The shortest paths computed in this way
are shown in red in the data depth experiments in Figures 2 and 3. We also use this method
to compute the shortest paths through real data in Section 6.

2.4 Applications

The solution of the p-eikonal equation (20), while not a true graph distance function, gives us
a type of approximate distance that is useful for data depth and semi-supervised learning. We
discuss these applications initially in this section, and show the results of some experiments
on toy datasets. We postpone experiments with real data to Section 6.

Given a set I' C X and a density estimation p: X — R, we consider solving the density
reweighted p-eikonal equation

(25) {Aapu =5 inX\T

u =0, on I,

where the exponent « is a tunable parameter. We denote the solution of (25) by Di*(z) =
u(z). When I' = {x} is a single point we write DE.

2. The heap stores the current best guesses of u(z;) for nodes z; that have not been finalized/visited yet.
At each iteration of fast marching, we need to retrieve the node with smallest best guess, which can be
done in O(log(n)) time with a heap data structure. When updating the scheme at all neighbors, the heap
needs to be updated, also taking O(log(n)) time.
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(a) Moon (b) Gaussian (c) Gaussian mixture

Figure 2: The p-eikonal medians and depth on 2D toy datasets with p = 1 (see Section
2.4.1 for definitions). The medians are shown for different values of the density
parameter « in (25) with = —1 (V), a = 0 () and the o = 1 (4A), while the
points are colored by the o = 1 data depth. We also show the shortest path from
the shallowest point to the deepest point in red. We only recommend « > 0 in
all our applications; we have shown o = —1 just to illustrate how reverse density
weighting affects the median computation (in this case, it prefers placing the
median in sparse regions of the graph).

(a) Helix (b) Half Sphere (c) Swiss Roll

Figure 3: The p-eikonal data depth on 3D toy datasets sampled from manifolds embedded
in R3. We use p =1 and o = 1. We note that the swiss roll is more dense on
one end than the other, which explains why the depth is not symmetric along the
length of the roll.

16
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2.4.1 DATA DEPTH

We can approach data depth through the framework of the geometric median. Let us recall
that for a collection of points z1, ..., z, in R the geometric median z, is defined by

n
Ty € argminz |x; — x|.
zeRY ;1

The geometric median generalizes the 1-dimensional median, and inherits many of its
robustness properties (its breakdown point is also 0.5, for example). Given the notion of
depth D2 we define the p-eikonal median z, o by

(26) Tpo € argmin Z DE ().
CCjeX CCiEX

In practice, we approximate the median by restricting x; € X C X, where X is a much
smaller subset of X chosen at random. In all our experiments we take X to have 5% of the
points in X.

Once we have computed the median z, ., we obtain a notion of data depth via the
distance to the median

depth,, (z) = max DP* (y) — DE* ().
yeX ; ;

Figure 2 gives an example of the medians and depths for different toy datasets in 2 dimensions,
and for a« € {—1,0,1}. We use p = 1 in all experiments, and color the point cloud by the
a =1 depth. We can see that the @ = 1 median outperforms the other weighting choices.
In particular, in the Gaussian mixture example, the o = 1 median is completely insensitive
to the addition of the outlying cluster, which has % of the points in the main cluster. This
insensitivy is desirable in robust statistics, as it ensures that the p-eikonal median, like its
one dimensional counterpart, is robust in the presence of noise, such as outliers (compared,
for example, to the mean, which lacks such robustness). We show in Figure 3 example of
the p-eikonal median and depth on point clouds sampled from submanifolds of R3. In this
case we just show the a = 1 depth. In all images we also show the shortest path, computed
as described in Section 2.3.3, from the shallowest to the deepest point.

Let us remark briefly that the density weighting with a > 0 encourages the median to
be placed in regions of high density, since path lengths are shorter here. In contrast, taking
a < 0 encourages the median to be in regions of low density. We do not recommend using
a < 0 in data depth (or in semi-supervised learning). We also remark that in Figure 3, the
depth on the swiss roll is not symmetric along the length of the roll. This is to be expected
with density weighting, since the swiss roll is more dense near one end of the roll (near the
origin) and less dense on the other end. We postpone examples of the p-eikonal depth on
real data to Section 6.

2.4.2 SEMI-SUPERVISED LEARNING

Given the approximate distances D{l’o‘ we can perform semi-supervised learning with a
nearest neighbor approach. Suppose we have k classes, and for each class j =1,...,k, we
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Figure 4: Example of semi-supervised learning with the density weighted p-eikonal equation
on the two moons dataset. The A markers give the locations of the two labeled
points in each example. We show different choices of density reweighting, and the
addition of class priors on the right side.

are provided some labeled nodes I'; C X. The label prediction ¢; for an unlabeled node
z; ¢ T; for any j, is the label of the closest labeled node, under the distance D, that is

(27) ¢; = argmin D{:’ja (x4).

1<j<k
Semi-supervised learning with the p-eikonal equation thus requires solving k separate p-
eikonal equations, which is similar to the one-vs-rest approach in machine learning for
producing a multi-class classifier out of a binary one.

As we shall see in our analysis later in Section 5, distance-based classifiers can be highly
sensitive to the geometry of the clusters, even with appropriate density weighting. In such
cases, we can improve the accuracy of the classifier by incorporating information about class
priors, so that the classifier predicts the correct proportion of nodes in each class. To do
this, we follow (Calder et al., 2020a) and modify the label decision with the addition of

positive weights s1, ..., si so that the new label decision is
(28) ¢; = argmin {stI’i’f‘(xi)} :
1<j<k

By increasing or decreasing the weights s;, we can increase or decrease the number of nodes
predicted in each class. The weights s; can be adjusted incrementally until class balancing
is achieved. We do this with the volume constrained label projection method from (Calder
et al., 2020a).

As a preliminary toy example, we consider classification of the two-moons dataset in
Figure 4. The two rows in the figure correspond to different choices of the labeled nodes. In
each case we take one label per class and indicate its position with a A. In the first row,
the training nodes are both inliers in their respective clusters, and all choices of weighting
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exponents « give good classification, and the addition of class priors is not needed. In the
second row, the training point for the upper half of the moon is an outlier for that cluster,
and the lower cluster leaks over significantly for e = 0,1. We see on the right that this issue
can be corrected with the addition of class prior information, to enforce the predicted classes
to have the same size. It is also interesting to note in the second row that the reverse density
weighting o = —1 produces the correct classification without class priors. This is because
the reverse density weighting brings the outlying training point closer to its cluster. In
general, when we do not expect training points to be outliers, we do not recommend reverse
density weighting in semi-supervised learning (and we do not observe good results with
reverse density weighting with real data). In Section 6 we present more in depth results with
semi-supervised learning on real data. We remark here that other types of perturbation like
missing data or undersampled graphs maybe an interesting subject for future investigations.

3. State-constrained eikonal equations

The continuum limit of the graph p-eikonal equation is a PDE called the state-constrained
eikonal equation, which has the form?

{Vu|—f, in Q\T

29
(29) u=20, onl.

Here, u is a function u : € — R and Vu denotes the gradient of u, which is the vector
of partial derivatives Vu = (ug,, Ug,, - - - , Uz, ) Where ug, is the partial derivative in the ith
coordinate. The notation |Vu| is the Euclidean norm of Vu. The equation is state-constrained
because, as we shall see below, the solution represents a geodesic distance function to I,
and the set  constrains the geodesic paths (e.g., the state).

Remark 16. For the reader who is unfamiliar with PDFEs, let us give an example of a
solution to the state constrained equation (29) in the special case thatd =1, f =1,

N=(-2,2) and I'={-1,1}.

In this case, the solution of (29) should satisfy |u'(z)| = 1 for x # £1, and u(£1) = 0.
Howewver, there is no continuously differentiable function with these properties. Indeed,
any such function would have a critical point in the interval (—1,1), which contradicts the
equation |u'(x)| = 1. This well-known issue with first order Hamilton-Jacobi equations led
to the development of a weak notion of solution for PDFEs known as the viscosity solution
(Crandall and Lions, 1983; Crandall et al., 1984), which we define below for the state
constrained problem. In this example, the viscosity solution is given by

(30) u(z) = min{|z + 1], [ — 1]},

and is depicted in Figure 5. Notice that u(x) is exactly the distance function u(x) =
minger |z — y| to the set I', which is also explained below in this section.

3. We note that the f in (29) is not the same as the f on the right hand side of the p-eikonal graph equation
(20), as we have absorbed the density and exponent p into a generic right hand side (see (48) for the
precise form of the continuum limit). It is more convenient in this section to treat the general state
constrained equation with any right hand side.
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Figure 5: The viscosity solution discussed in Remark 16 is shown as a solid line, while some
other Lipschitz functions that solve the state-constrained PDE at all points of
differentiability are shown as dotted lines.

We also remark that the solution u given above satisfies |u'(x)| = 1 at all points x € Q\T
except the point x = 0 where the function is not differentiable. Clearly there are other such
functions that satisfy the equation at all points of differentiability; for example, the function
v(z) = —u(x), or the function

w(x) = minflz + 1|, [z — 1, |2[}.

In fact, if we merely look for a Lipschitz continuous function u satisfying |v'(x)] = 1 at
all points of differentiability and u(£1) = 0, then there are infinitely many such functions
(see Figure 5 for a depiction of some of them). The notion of viscosity solution selects a
particular solution out of this infinite family that is relevant in nearly all applications (in
this case the viscosity solution selects the distance function to I'). For the interested reader,
the reflected function v(x) = —u(z) is also a viscosity solution, but of the negated equation
—|u/(z)| = —1. Looking below to the definition of viscosity solution, we see that the sign of
the equation is important.

We now proceed to introduce the notion of viscosity solution, and review some properties
of the state-constrained eikonal equation (29). Throughout this section we assume f is
positive and Lipschitz continuous, Q C R? is an open, bounded and connected domain, with
a O boundary 09, and I' C Q is a closed set where we specify the homogeneous Dirichlet
boundary conditions. In particular, we are not explicitly specifying boundary conditions on
0L, and instead we consider the state constrained problem (Capuzzo-Dolcetta and Lions,
1990). For the reader unfamiliar with PDE theory, we note that the assumption that 02
is Ob! is equivalent to assuming there is a radius R such that at every boundary point
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x € 0f), there exist balls of radius R touching x from inside and outside the domain (Lewicka
and Peres, 2020). This is also equivalent to assuming the reach* of the boundary 052, as a
submanifold of R¢ is lower bounded by R, and that the unit normal vector to the boundary
is Lipschitz with constant %. Throughout this section we use the C%! norm of a function,
which is defined by

(31) [ullco (@) = llullco() + Lip(w),

where ||u||co(q) = max g |u(z)| and

z,yeQ |3§‘ - y|
T#y

We review the definition of viscosity solution for the state constrained problem here.

Definition 17. We say that u € C()) is a viscosity subsolution of the state constrained
equation (29) if u <0 on T and if for each x € Q\ T and each ¢ € C®(R?) such that u — ¢
has a local maximum at x, we have

(32) [Ve(z)| < f(z).

We say that v € C(Q) is a viscosity supersolution of the state constrained equation (29)
ifv>0 onT and if for each x € Q\T and each p € C®(R?) such that v — ¢ has a local
minimum at x, relative to Q, we have

(33) V()] = f(x).

We say that u is a viscosity solution of (29) if u is both a viscosity subsolution and a
viscosity supersolution.

Notice the key difference between the super and subsolution definitions is that in state
constrained problems, we require the supersolution property to hold on the boundary 052,
but do not require the same in the subsolution property. We give a simple justification for
this fact in the connection with the variational interpretation below. For a reference on
viscosity solutions of Hamilton-Jacobi equations and connections to optimal control, we refer
the reader to (Bardi et al., 1997), while as a reference for state constrained Hamilton-Jacobi
equations, we refer to (Capuzzo-Dolcetta and Lions, 1990).

We quote below a comparison principle for state constrained Hamilton-Jacobi equations.

Theorem 18 (Capuzzo-Dolcetta and Lions, 1990). If u is a viscosity subsolution of (29)
and v s a viscosity supersolution, then u < v on Q.

It follows from Theorem 18 that solutions of (29) are unique. Existence can be obtained
with the Perron method, or through the variational interpretation, which we discuss next.

4. The reach of a 90 is the largest R > 0 such that any point z strictly within distance R of 02 has a
unique closest point in 912.
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3.1 Variational interpretation

The variational interpretation of (29) states that the solution of (29) is essentially a distance
function on €2 to the set I', where distance is weighted by the positive function f. In
particular, we first define the pairwise geodesic distance

(34)  dy(z,y) := inf {/01 FOy@) @ldt = v € ¢([0,1];9),7(0) = 2, and y(1) = y} :

The distance function ds(x,y) has been thoroughly studied in other works, we refer the
reader to (Bardi et al., 1997; Calder, 2018a) for more details, and recall some relevant facts
here. The function dy : Q x Q — R is a metric, and in particular, it satisfies the triangle
inequality

dp(z,z) < ds(z,y) +dy(y, 2).

We denote the distance function dy with f =1 as

do(z,y) = di(x,y).

The function dq : Q x Q — R is the geodesic distance function on Q. Associated with the
geodesic distance function, we define geodesic balls by

Bo(z,7) ={y € Q : do(z,y) <r}.

We will have to frequently utilize the geodesic distance dg(z,y) in place of the Euclidean
distance |z — y|, and we will need to compare the two distances. Since the boundary 0f2 is
CH! and € is connected, there exists a constant C' > 0, depending only on 02 such that

(35) o —y| < da(z,y) < |z —y|+ Cla —yf* forall z,y € Q.

We refer to Bungert et al. (2022, Proposition 5.1) for a proof of this fact. In fact, if the domain
is convez then we have dqg(x,y) = |z — y|, but we will not place such strong assumptions on
the domain here. Associated with the geodesic distance, we also define the geodesic diameter

diam(Q2) = max do(z,y).
z,ye)

The geodesic diameter is finite, since € is connected and 99 is C1! (so that (35) holds).
Given the definition of the path distance function df(x,y), we recall that the solution u
of (29) is given by the variational representation formula

(36) u(z) = mindy(z,y).

Theorem 19. The function u defined in (36) is the unique viscosity solution of (29).

The proof of Theorem 19 is standard in viscosity solution theory, and follows arguments
in (Bardi et al., 1997) closely. We include a proof in Appendix Section B for the interested
reader.
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3.2 Lipschitz regularity

The variational interpretation of the eikonal equation gives a simple proof of Lipschitzness
of the solution w.

Lemma 20. Let u € C(Q) be the solution of (29). Then u is Lipschitz continuous and
Lip(u) < C| fllco(
where C depends only on diam(Q) and the C*! bound on OS.

Proof Since (2 is open and connected, we have do(z,y) < oo for all z,y € Q. By (35),
there exists C' > 0 such that

do(z,y) < Clz —y| for all z,y € Q with |z —y| < 1.
For |z —y| > 1 we have
do(z,y) < diam(Q) < diam(Q)|z — y|.

Therefore
do(z,y) < Clz —y| for all z,y € Q,

where C' = max{C, diam(Q)}.

Using Theorem 19 and the dynamic programming principle we have
u(y) < u(@) +ds(z,y) < u@)+ || fllcoydalz, ).
Swapping the roles of x and y yields
lu(z) —u(y)| < [[fllco@ydalz, y) < Cll fllcoylr —yl,

which completes the proof. |

3.3 Domain perturbations

In our discrete to continuum convergence theory in Section 4 below, we will need some
results on the stability of the solution u of (29) under perturbations in the domain Q. Let
us define the signed distance function to the boundary 02 by

dist(z,09), ifzeQ
—dist(z, 012), otherwise.

doa(r) = {

For 0 € R we also define
(37) Qs = {z €R? : dyg(x) >} and 9sQ = {z € R? : |dgq(x)| < 6}.

We also recall the positive and negative part notation 4 = max{J,0} and J_ = min{d, 0}.
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Theorem 21. For § € R let us € C(Qs) denote the viscosity solution of

Vus| = f, in Qs\T
(38) [Vus| = f, in s\
us =0, onT,

and let uw = ug be the viscosity solution of (29). There exists C,c > 0, depending only on OS2
and dist(I', 0R2), such that whenever |0| < ¢ the following hold.

(i) Lip(us) < C| fllco(q), and
(i) [Ju = usllco,, ) < Clinllfllcoaas )6, where finin = ming; f.

Proof Since the boundary 0 is C1!, the reach of 9 is bounded below by a positive

number R > 0 (in fact, % is the Lipschitz constant of the unit normal vector to the boundary,

we refer to (Lewicka and Peres, 2020) for details ). Hence, within the tube Jr 2, the signed
2

distance function dyq is uniformly C'. Hence, the perturbed boundaries Qs are uniformly
CL! for [§| < £. Invoking Lemma 20 proves (i). We take ¢ < £ smaller, if necessary, so
that I' C €2, and we assume |§| < ¢ for the rest of the proof.

We will prove the case of § > 0; the proof for § < 0 is very similar. It is clear that
u < ug on 5, since there are more restrictions on the feasible paths in the variational
interpretation of ug, compared to u. To prove the estimate in the other direction, that
us <u+Cf | fllcoa ()0, we use the comparison principle Theorem 18, with a suitable

m
extension of ug to €. To do this, we define the cutoff function

1, if 0 < dpo(z) < &
(39) ((x) =2~ 4daa(x), if & <dpo(z) <&
0, if dpo(z) > £.

The function ¢ is a Lipschitz cutoff functions near the boundary 9. Since |Vdaq| =1 we
have that |V(| < % = C, where C depends only on 92, at all points of differentiability of ¢

in 0r Q. We now define the extended function w € C(£2) by
2

(40) () = us(a + 6 C(@) Voo (2)).

To shed light on the definition of w, we note that Vdyq gives a natural extension of the unit
inward normal vector v from the boundary OS2 to the tube 0r{2. Indeed, Vdgqn agrees with
the unit inward normal vector on the boundary 0€2, and in fact, Vdpq(x) = v(x.), where
Zx € 0L is the closest point to x from the boundary. Thus, we are simply stretching us onto
the larger domain 2.

We first check that w is well-defined. If x € Q \ Q%, then ((x) =1 and so

doa(z + 0 ((2)Vdoa(x)) = doa(z + 0Vdan(x)) = doa(z) + 6 > 6.

Hence = + 0 ((x)Vdaa(x) € Q5 belongs to the domain of us. If z € Q%, then

doa(x + 6¢(x)Vdaq(z)) = daa(z) + ((x)0 > doa(x) > % >0,
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and we reach the same conclusion. This establishes that w is well-defined.

We will show that w is a viscosity subsolution of a similar equation, and then apply the
comparison principle. To do this, we will use the fact that for a Hamiltonian that is convex
in the gradient (i.e., the eikonal Hamiltonian |Vu|), Lipschitz continuous almost everywhere
subsolutions are also viscosity subsolutions (the same is not true for supersolutions). This is
a standard fact in viscosity solution theory, whose proof can be found in standard references
(Bardi et al., 1997). Thus, we can work directly with Vw at points of differentiability, instead
of using the test function definition of viscosity solutions.

Let z € €2, and assume that w and ( are differentiable and z, and that dgq is twice
differentiable at x. Since dpq is C!, it is twice differentiable almost everywhere due to
Radamacher’s Theorem (Evans, 2010), so the set of such x has full measure. Then we
compute

V() = [ +5((V2doa(x) + V(@) & Voo ()] Vus(x + 8¢ (x) Vdpa ).
Taking norms on both sides yields

Ve(@)| < |1+ 6(CV2dga(@) + V(@) ® Vdgo ()| Vu(z + 5¢(z) Voo ()
< (146 ([[V2doa (@) ]| + V(@) || Vdaa()]) ) f(z + 6C(2) Vdga(w)).

Since Vdsq is Lipschitz continuous in Qr, we have a uniform bound on [|[V2daq]| at all
2
points of differentiability. Thus, taking C' larger, if necessary, we have

[Vw(z)] < (1+C6)f(z + 6¢(x)Vdaa(z)) < f(x) + C|fllcor(e)d.
Set v(z) = (1+ Cf,'.;ilanHCO,l(Q)é)u(x). Then v is a viscosity solution of

[Vo(@)] 2 (1+ Cfpinll flloor@)8) f(z) = f(z) + Cll flco o0

By the comparison principle Theorem 18 we have w < v, and hence
us(w +0 ((2) Vo (v)) < () + Cfrinll fllcor (o
for all z € Q2. For xz € 25 we compute
us(2) < ug(x + 8 ¢(2)Vdaa(x)) + Lip(us)d < u(z) + C il flloo)d + Cllfllcow)d,

which completes the proof. |

The domain perturbation result in Theorem 21 was the main objective in this section. Looking
forward to Section 4, the domain perturbation allows us to handle the state-constrained
boundary condition in the convergence proofs given in Theorems 22 and 23.

4. Discrete to continuum convergence

In this section we establish a continuum limit for the p-eikonal equation on a random
geometric graph. In particular, we show that even though the p-eikonal equation does not
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correspond to a graph distance function, its continuum limit does in fact recover the geodesic
distance.

Let z1,29,...,2, be a sequence of i.i.d random variables on € with density p. As in
Section 3 we assume that © € R? is open, bounded and connected with a C*! boundary 99.
We assume the density p is Lipschitz continuous and bounded above and below by positive
constants

(41> Pmin < p(x) < Prmaz
for all x € 2. The vertices of the graph are denoted by
(42) X :={z1,22,...,2n}.

To define the edges in a random geometric graph, we introduce a kernel 7 : [0, 00) — [0, 00),
which is Lipschitz and nonincreasing and satisfies n(0) > 0 and 7n(t) = 0 for ¢ > 1. For
notational convenience, we also assume 7 has unit mass, so that

| ez =1.
B(0,1)

For & > 0 define n.(t) := 8%77(%) and set 0y 1= [pa 1e(|2])|21|Pdz. Note also that [, o) n:(|2]) dz =
1. The normalized weight w;; between x; and z; is then given by

nopeP

Letting G- denote the graph with edge weights given in (43), the p-eikonal operator Ag,, . »
is defined in (19), and is given by

(44) Ac, pt(® Zns |z = yl) (ulz) — u())"-

napsp

For notational simplicity, we will write A, . = Ag,, . p-
For p > 1 we consider the p-eikonal equation with arbitrary right hand side f:

(45) {An,w(w) = f(z) ifzeX\T

u(x) =0 ifxel,

where I' C X is a subset of the graph nodes where the homogeneous Dirichlet condition
is set, and f : @ — R. We assume that f is Lipschitz continuous and that there exists
0 < fimin < fmaz such that

(46) 0 < fmin < f(2) < finae for all z € Q.

We also need to assume I' is not too close to the topological boundary 9€2. In particular, we
assume

(47) dist(T, 0Q) > R
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where R is the reach of 9€2. Other than this, we place no assumptions on I'. We compare
this graph equation to its continuum counterpart, the state-constrained eikonal equation

{p\VuP” =f inQ\T

48
(48) u=0 onl.

It is important to point out that the set I is the same in (45) and (48), so the solution of
(48) is in fact a random variable, depending on the locations of the points in T'.

We recall from Section 3 that the solution of the state-constrained eikonal equation (48)
is given by the geodesic distance function u(x) = dy(x,I") where g := pfif% (indeed, we
simply rearrange (48) to read |Vu| = g).

Our main discrete to continuum convergence results are broken into two theorems, which
are summarized below. In the theorem statements we write u, . for the solution of (45).

Theorem 22. There exists C,c > 0 such that for e sufficiently small and any 0 < A < 1 we
have

(49) P <mg{<(dg(m, T) — e (2)) < C(v/E + )\)) > 1 — 2nexp(—cne®A2).
Theorem 23. There exists C,c > 0 such that for e sufficiently small and any 0 < A <1 we
have

1

(50) P (glg}({(ung(x) —dy(z,T) <C <\/§+ (n€p+d> P4 A)) > 1 — 3n? exp(—cne\?).

Remark 24. The constants in both theorems depend on diam(Q2), the C1 bound on 9 (or,
equivalently, the reach of ), the kernel n (in particular n(0), and the constants r € (0, 1]
and p > 0 defined in Lemma 32), the dimension d, pmin, Pmaz, LAP(P)s frnin, fmaz, LAP(f),
and p. The dependence on p is uniform over compact sets, that is if p € [1,po], the constants
depend only on pg.

Remark 25. In order for the result of Theorem 23 to be non-vacuous, we require that
(51) ne®™P < 1.

For the probabilities in both Theorems 22 and 25 to be close to one, for arbitrarily small
choices of X > 0, we require ne? > log(n). Combining these two restrictions leads to the
following restrictions on €:

(52) <log7£n)>i <ek (;) o .

Since p > 1, there is always room between the upper and lower bounds to select a feasible ¢.
In general, we believe the upper bound is tight. Figure 6 shows the solution of the p-eikonal
equation with T' = {0}, giving a cone-like function, for different choices of p and €. When
the upper bound is violated, we see a spike forming at I', and the solution will fail to attain
the boundary condition u =0 on T in the continuum limit (note that this spike is utilized in
our Lipschitz estimate in Section 4.2). We do expect, however, that the upper bound in (52)
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can be relazed if we place more assumptions on the boundary nodes I', so that isolated points
need not be considered. In particular, if T' contains all points within distance € of OS2, then
the upper bound can be dropped using arguments from (Calder et al., 20200).

Finally, we note that there is some precedent for bandwidth restrictions like (52) in the
analysis of p-Laplacian semi-supervised learning in the same setting of arbitrarily low label
rates. In (Slepcéev and Thorpe, 2019) it was shown that p-Laplacian semi-supervised learning
at low label rates requires the much more restrictive condition

() o (1Y,

which is only true when p > d.

Remark 26. If we choose A\ = /e in Theorems 22 and 23, then we obtain that the
convergence rate

e [tne(x) —dg(z,T)| < C <\/E+ <n€p+d)p>

holds with probability at least 1 — 5n® exp (—cnsdH). If we additionally choose ¢ so that

1
(nap+d) P < /e, that is, we make the restriction

1 p+22d
€ S - )
n

m%}({ |un,5(l‘) - dg(xzrﬂ < C’\/g

xe

then the rate

holds with the same probability. Without any further assumptions on the boundary set I', we
expect the O(+/€) rate is optimal, in this general setting.

Remark 27. We expect that the results in this section will hold for other geometric graph
constructions, with minor modifications to the statements. In particular, for real data it is
very common to use k-nearest neighbor graphs, since they have better sparsity properties
and are better adapted to the data. Since we use k-nearest neighbor graphs in all of our
experiments with real data in Section 6, it is worth discussing briefly how the continuum
limit results given in Theorem 22 and 23 would change.

A k-nearest neighbor graph can be viewed as a random geometric graph with weights
given by (43) where the bandwidth € is locally adapted to be the distance to the k'™ nearest
neighbor. Let e, (x) denote the distance from x to its k™ nearest neighbor, and note that
ex() approzimately satisfies ney(x)%p(x)wq = k, where wg = |B(0,1)| is the measure of the
unit ball.> Therefore

(53) cul(o) ~ (np(’“)wd) .

5. The quantity ex(x)%p(x)wq approximates the probability mass of the ball B(z, ex(z)) when &, () is small.
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(a) e=0.03,p=1 (b) e =0.06,p=1 (¢)e=0.09,p=1

(d) e =0.03,p=2 (e) e =0.06,p =2 (f) e = 0.09,p =2

(g) e =0.03,p=4 (h) e = 0.06,p = 4 (i) e = 0.09,p = 4

Figure 6: Simulations showing the solution of the p-eikonal equation with I' = {0} and f =1
(so we do not use density weighting) for different values of p and €. The cones
are inverted for a better viewing angle. The graph weights are given by (43) with
n(t) = L,1)(t). We see the size of the spike, which our theory shows is ne®tp,
increases with € and decreases with p, as expected. For reference, for £ = 0.03 each
node in the graph has on average approximately 20 neighbors, while for € = 0.06
and € = 0.09 each node has on average 70 and 160 neighbors, respectively.

The approzimation becomes better as n — oo, and so €, — 0 (depending on the scaling of
k = ky, of course). Thus, if we were to normalize the p-eikonal equation on a k-nearest
neighbor graph in the form

(54) S ey (2 — o) () — u()?, = £(2),

nopeg ()P X
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then the continuum limit would be the same eikonal equation (48). However, this type of
normalization is not common, since one often does not have access to the distances e (z),

D
and so a more common normalization would be to replace e (x)P with (niwd) 4. due to the

approximation (53). In this case, the p-eikonal operator on a k-nearest neighbor graph would
be

65 Awale) === () E e (- o) ale) — ulw), = @)

noyp yex

The only difference between (54) and (55), in the continuum limit, is the missing term p(m)g.
This suggests that the continuum limit of the equation (55) is given by

PVl = f.
1
The solution of this equation is the weighted geodesic distance dg(x,I") where g = péfif@

4.1 Pointwise consistency

The first ingredient for a discrete to continuum limit result is pointwise consistency for the
operator A, .. As usual, pointwise consistency passes through a nonlocal operator, which in
this case has the form

1
opeP

(56) Acu(z) =

/Qns(lm —yl) (u(z) —uly))} p(y)dy,

for u € C°(Q). Pointwise consistency is obtained in two steps, the first step (Lemma 28)
passes from the discrete operator A, . to the nonlocal counterpart A, via concentration of
measure, while the second (Lemma 30) uses Taylor expansion to relate the nonlocal operator
to the eikonal equation.

Lemma 28. (Discrete to nonlocal) Let u : @ — R be Lipschitz continuous and n > 2. Then
for any A > 0 we have that

(57) max | Apeu(@) — Asu(@)] < 1(0)pmas Lip(u)"A

holds with probability at least

—n(0 2 i d)\2
(58) 1 —2nexp ! )Upl,O e .
4 (14 Jom(0)2)

Remark 29. We note that to ensure the probability in (58) is close to 1, when X\ > 0 can
be arbitrarily small, we require that

ne? > log(n).

This is the same restriction required for graph connectivity in random geometric graphs
(Penrose, 2003) (more correctly, the restriction for graph connectivity is ne® > Clog(n) for
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a large enough constant C'). In contrast, pointwise consistency for graph Laplacians requires
a more restrictive length scale restriction of the form ne®*? > log(n) (see, e.g., (Calder
et al., 2020b)), which does not cover smaller bandwidths € where the graph is still connected.
The reason for this difference is that graph Laplacians are second order differential operators,
and are normalized by an additional factor of € to obtain meaningful continuum limits.

Proof [Proof of Lemma 28| Fix z € Q and let Y; := n.(Jz — 4]) (u(z) — u(z;))% so that

(59) Ancu(z) = — %Z
p =1
Then we compute
(60) E(Y) = [ ez = yl) () — ()’ o)y
and for o2 := Var(Y;)
(61) P <BOP) = [ e =y ute) — u(w) Loy

< prma Lip(1) 2 /B . e = ul)dy
T,e

< 1(0) pymaz Lip(u)?Pe?~4 /B( )na(lfc —y|)dy
T,e

= 1(0) prmaz Lip(u) P4,

We also compute

(62) Y| = ne(lz — )| (u(@) — u(@:)%] < ne(o — zil)u(@) — u(z;) [P < 1(0) Lip(u)Pe" .

We now invoke Bernstein’s inequality (see Appendix A) to obtain

(63) o>o¥i— [l — () — u)) ol <

holds with probability at least

—nt?
1-2 .
o <2n<o> Lip()?e?* (pmas Lip(u)?e? + g))
Setting t = 7(0) pmaz0p Lip(u)PeP A for a new parameter A > 0 we obtain
[ Ancu(z) — Acu(x)] < 0(0)pmaz Lip(u)”A

with probability at least

—n(0 2 maxr dAQ
1—2exp ! )Uplp e .
2 (14 Soym(0)2)
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The rest of proof is completed by conditioning on x; and then applying a union bound.

Indeed, conditioning on x; = x, the other n — 1 points form an ¢.7.d. sequence, and we note
that

Ay cu(z;) ==

Zns 1) (u(i) — ulz;))’

is exactly in the form considered above, except the sum is over n — 1 i.7.d. random variables,
instead of n. Thus, we can apply the argument above, replacing n with n — 1, and then

union bounding over i = 1,...,n. To simplify the probability we use the bound n —1 > n/2
for n > 2. [ |

napep

We now turn to comparing the nonlocal operator A. to its continuum counterpart p|Vu|P.

Lemma 30. (Nonlocal to local) There exists C > 0 such that for every e >0, p > 1 and
@ € C2(RY), the following hold.

(i) If dist(xz,00) > € then

Aep(e) = pla) | V(@) | < CMe,

where
M = |lpllcon (p(Lin(p) + [lelc2e)P el +1)

(i) If dist(z, 092) < € then
Acp(z) = p()[Ve(2)|P < CMe.
For convenience, we recall that the C%! norm is defined in (31).

Proof We first prove (i). Since B(x,e) C 2, we make the change of variables z := (y —z)/e
in the nonlocal operator (56) and obtain

1

opeP

(64) Asplw) = g [ Do) — oo e plo -+ ez

Using the Taylor expansion

(65) p(z + ze) = p(x) + O(Lip(p)e)
for |z| <1 we have

1

opeP

Asplw) = 5 [ (el (pla) — ol +2))Lp(@)dz + Oy Lin(p)e)

We now use the Taylor expansion

(66) o(x) — p(x + 28) = 2 - V() + O(|| ¢l =€)
to obtain
O Acolo) = - [ D Tolo) + Ollllcre) o) + Ol Lin(o)e)
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We make the change of variables y = Az for an orthogonal matrix A such that AVe(x) =
|IVo(x)|eq. Then we have that z - Vp(z) = Az - AVp(z) = |[Ve(x)|yqs and thereby

©) A= [ ) (9p@)la+ Olelcse)), oy + Olay Lin()e).

Op
‘We now use the bound
[(a+t)% — b | < p(la] +[t])P"[¢],

for a,t € R and p > 1, which follows from Taylor expansion, to obtain

(1Ve(@)lya + O(lglcze))’, = [Veo@)Pwa) + O (p(Lin(e) + lellcze) ellcee) -

Substituting this above, we have

(69) Acp(x) = p(ﬁ)lvsﬂ(w)l”; /B(O ) n(lyl) (ya)% dy + M,

where
M| < Cop (p(Lip(¢) + [9llc26)" 9]l 2 pma + Lin(p) ) <

Applying the definition of ¢}, and using the bound pma., Lip(p) < ||pl/co.r completes the
proof of (i).

The proof of (ii) proceeds in a similar way, except that on the first step, since B(z,e) N
00 # &, the change of variables z = (y — z) /e yields

1
opeP

-AESD(-T) <

/B(O,l) 77(|ZD(Q0(CL') — go(x + 52))ip(x + €Z)dz,

where 7 is any extension of p to R? that preserves its Lipschitz constant. The proof then
proceeds in the same way as (i). ]

4.2 Lipschitz regularity

Since we allow for general closed Dirichlet boundary sets I' C €2 in our discrete to continuum
framework, our results require an a priori Lipschitz bound for the discrete solutions of (45).
In this section we prove a Lipschitz estimate with the barrier method. The first ingredient
is a lower bounds on the volume of the set Bq(x,r) N .

Proposition 31. For r > 0 sufficiently small, depending only on 0S), we have
|Bo(z,r) N Q| > cqr for all z € Q,

where
_ Wd—1
- 3d+1 )

272 (d+1)
and wg = |B(0,1)| denotes the volume of the unit ball in R
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We postpone the proof of Proposition 31 to Appendix B, and proceed to define our
barrier function for the Lipschitz estimate. For y € R? we define

1, ify==x

by(z) = {

0, otherwise.

Our barrier function will be a geodesic cone with a jump (or spike) at the origin. In particular,
we define

vgy(x) = B(1 = dy(x)) + da(z,y)

for 5 > 0 to be determined. We refer the reader to Figure 6 for an illustration of the barrier,
for different size spikes (though the cones are inverted in the figure). The following lemma
establishes the basic supersolution properties of our barrier function.

Lemma 32. Lety € Q and 8 > 0. Letr € (0,1] and pu > 0, such that n(|t]) > pu > 0 for
all |t] < r, and let cq be the constant from Proposition 31. Then for € sufficiently small,
depending only on 0N, the following results hold:

(i) For x € Q\ B(y,re) it holds that
d+p
Capr cgr? d
(70) P (An,evﬂ,y(x) > 01,225”1’“) >1—exp <—%Pmmn€ ) -

(ii) For x € QN B(y,re) \ {y} we have

_HAm
+d’
opneP

(71) Ancvgy(x) >

Proof We will prove the two cases above separately.
(i) Assume z € Q\ B(y,re) and let us define

D := {z € B(x,re) : do(x,y) — da(y,z) > 7’25}

Since x # y we compute

Anevsy () = 3l — 20) (8 + da(a,y) — 601~ 5,(2)) ~ daly,2))",
P~ zeXx
> ﬁ Y. (dalz,y) —daly, 2))%

(72> z€XNB(z,re)

To bound the number of points in D N X, we use the Chernoff bound (see Appendix A),
which produces the lower bound

pr®
(73) Ancvgy(r) = W'D na
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with probability at least 1 — exp (—% Pmin|D N Q]n)
We need to lower bound |D N €| to complete the proof. There exists z, € dB(z, 2£) so
that
dQ(xvy) = dQ(xv Z*) + dQ(Z*ay)

Since do(z, 2:) > | — 2| = 2= this becomes

3re

It follows that Bo(z«, ) C D. Indeed, if do(z,2«) < % then by the triangle inequality we

have 3
re re re
dQ($ay) - dﬂ(ya Z) > dﬂ(may) - dQ(yaZ*) - dQ(Z’ Z*) > T - Z = ?

Invoking Proposition 31 we have

d
IDAQ| > [Bo(e, ) 19| > o4 (T) ,

4

for € sufficiently small. Combining this with (73) completes the proof of (i).
(i) Let z € QN B(y,r¢) \ {y}, and compute

ne(lz —yl)
)2 EO’ nepb (
p
Kk
~ opneptd
_mup
~ opneptd’

Ancvgy(@ vgy() — U&y(y))i

(B + da(z,y) — daly,y))h

which completes the proof. |

We are now equipped to prove global Lipschitzness for the p-eikonal equation. The proof
is based on the barrier method, using the barrier studied in Lemma 32.

Theorem 33. Let u be the solution of (45). Let cq, r, and p be as defined as in Lemma

32. Define
1
[ car®™P\ 7 J e — (o »
T = | S2dvpri ana. ¢p = w)
Then it holds with probability at least 1 — n® exp (—%pmmnsd) that

1
(75) lu(z) —u(y)| < cp'yp_l max f% do(z,y) + v (nep+d) P forallz,y € X.

Proof We choose 8 in Lemma 32 to satisfy

cq 'I“d+p

BP = 8p-i-d
922d+p+1

(76) n = 7£n6p+d,
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and we set v, = vg,. Then by Lemma 32 and a union bound, we have that

> M

Op

(77) Ay vy () for all x,y € X,z # v,

holds with probability at least 1 —n? exp (—2‘32‘3—7;1 pmmned) (note that the n? comes from the
union bound over the over the pairs (z,y) € X? with = # g, for which there are n? —n < n?
events ). For the rest of the proof we assume this event holds.
Let us define )
C= (Upp)p maxf%.
HYp X
Then since A, . is p-homogeneous we have

Ap e (Coy) () = CP Ay cvy(x) > m}&(xxf > Ay, cu(x),

for all z,y € X with @ # y. Therefore, C'v, is a supersolution, relative to the function
w(x) := u(z) —u(y) on the set X \ (I'U{y}). Furthermore, w(y) = u(y) —u(y) = 0 < Cvy(y)
and for z € T' we have w(z) = u(z) —u(y) < 0—u(y) <0 < vy(x). Thus, by the comparison
principle (Lemma 6) we have that u(z) — u(y) < Cvy(x) for all z,y € X with z # y, which
becomes )
u(z) —u(y) < <0p> ! maxf% do(x,y) + .
“\pwp/ X
Substituting the definition of 3, and reversing the role of x and y to get an absolute value
bound, completes the proof. |

Remark 34. Similar to Lemma 20, we can use the bound do(x,y) < Clx —y| to obtain
that the solution u of (45) satisfies

ue) — ulw)| < € (I =gl + (ner)7 ).

with probability at least 1 — n?exp (—cnsd), where C and ¢ are constants whose precise
values are given in Theorem 35.

4.3 Discrete to continuum convergence

We now proceed to prove our main discrete to continuum convergence results. The results
are split into two theorems. Throughout the proof of Theorems 22 and 23, we use the
convention that 0 < ¢ <1 and C > 1 denote arbitrary constants, whose value can change
from line to line, to reduce the notational burden.

Proof [Proof of Theorem 22| For 0 < ¢ < ¢, where ¢ > 0 is given in Theorem 21, let u;
denote the viscosity solution of (38) over the perturbed domain 2_s\ I', defined in Theorem
21, except with ¢ in place of f on the right hand side. For 0 < § < land 1 < a < e ! we
define the auxiliary function

B(z,y) = (1 — O)us(x) — une(y) — %]:}: g% (a,y) €05 x X.
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Let (2a,ya) € Q_s x X be a point at which ® is maximized over )_s x X. To see why the
auxiliary function is useful, we first note that the equality

(1—=0)us(x) — upc(x) = ®(x,x)
implies that

1-— — < d <o .
In)E(lX(( 9)“6 Un,s) = I;lea})(( (iU,.%) > (xcwya)

We also have
m)f(ix(u(; —Upe) < max (1 = 0)us — upe) + CO,

and by Theorem 21 (ii) we have |u — us| < C9, with C depending on f and p, where
1 1
u(z) = up(x) = dg(x,I") and g = p » fr. Therefore, we obtain the bound

(78) m)%x(u —Upe) < Pz, ya) + C(O+9).

Thus, we will obtain an error estimate on u — uy, ¢ by estimating ®(z4, yo), while choosing
the parameters 6 and § as small as possible, and optimizing over a.
Since (2, Ya) > P(Ya, Ya), we have

«
*|xo¢ - ya’2 > (1 - G)US(ya) - un,a(yoz)’

(79) (1 = O)us(za) = une(ya) = 5

By Theorem 21 (i), us is Lipschitz continuous, and so

(80) 12 = val? < (1= 0)(us(wa) = us(ya)) < Claa = yal.
Hence we have the bound

(81) |Ta — ya| < Ca™L.

Thus, for a > C5~ 1, we have |z, — yo| < § and so x, € Q_s, since y, € 2. We assume
a > C6~! throughout the rest of the proof.

We now have several cases to consider.

(i) If yo € T, then uy . (ya) = 0 = us(yq) and so

(82) us(Ta) — un,é(ya) = us(Ta) — ué(@/a) < Clrg —yal| < Ca™l.

Therefore
(I)(»Taayoz) < U5(£Ca) - un,z—:(ya) < COZ_1~

(ii) If zo € T, then us(zq) = 0 = up(24) and thus
(83> U(;(.%'a> - un,a(ya) = un,a(xa) - Un,s(yoz) <0,

since uy,e > 0. In this case we have ®(z4,yq) < 0.
(iii) We now consider the case of interior maxima; in particular, that z, € Q_s5 \ T and
Yo € X \ I'. Our plan is to choose the parameter 6 so that interior maxima are impossible,
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and so this case need not be considered when estimating ®(zq,y,). We first note that the

map
«

x — ug(x) 5 (1-— 0)_1|x — yoé|2

attains its maximum at z, over the open set Q_s. Using ¢(z) = $(1 —0) |z — ya|?

test function for the definition of viscosity subsolution for ug, we have

as a

(84) Pal < (1= 0)g(za),

where po = (2o — ya). Likewise, the map y — wn . (y) + $|za — y|? attains its minimum at
Yo € X over the point cloud X. Setting ¢ (y) := —§|za — y|?, we see that the inequality

un,s(ya) - Un,e(y) < w(ya) - 1/1(9)

holds for all y € X. It follows that

f(ya) = An,auma(ya) < An7a¢(yo¢)-

Using pointwise consistency (Lemmas 28 and 30), and noting that Lip(y) < C, [|¢]|c2 < Ce,
and Vi (yo) = po Wwe obtain that

f(Wa) < p(ya)|pal” + Clae + A),

holds for any 0 < A < 1 with probability at least 1 — 2nexp (—cnad)\Q), where C' depends

on p, oy, ||pllco.1, n(0), and ppaz, and ¢ depends on 7(0), 0y, and ppee. Dividing by p on
both sides, and combining with (84) yields

9(Wa)? < (1 =0)Pg(za)” + Clas + A).
Since (1 — )P <1 —6, and ¢P is Lipschitz, we can rearrange this and use (81) to obtain
09(za) — Clae + X) < g(@a)’ — g(ya)? < Claa —ya| < Ca™l.
Since g is bounded below by a positive constant, this yields
0 <Cla! +ae+ ).

Hence, we set
0= (CH+1)(at+ac+)),

so that case (iii) cannot hold.
The proof is completed by noting that cases (i) and (ii) yield ®(z4,y,) < Ca™!, and so
(78) yields
m);(xx(u —upe) < Cla™ +as+ 5+ N).
1

Optimizing over « yields a = NG We also made the restriction o > C§~! earlier, so we

choose 6 > C'y/e. Recalling that u(x) = dy(z,T") (see Theorem 19), the proof is complete. B
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Below we give the proof of Theorem 23. The main difference with the proof of Theorem
22 is that we now need to use the discrete Lipschitz estimate proved in Theorem 33. This
introduces the additional error term ne? and modifies the probability with which the
convergence rate holds.
Proof [Proof of Theorem 23| The start of the proof is similar to Theorem 22. For 0 < § < ¢,
where ¢ > 0 is given in Theorem 21, let us denote the viscosity solution of (38) over the
perturbed domain €5 \ T', defined in Theorem 21, except with g in place of f on the right
hand side. For 0 < § <1 and 1 < a < 7! we define the auxiliary function

D(a,y) = unele) = (L+Ous(y) = Sle—yP’,  (2,9) € X x 0.

Let (Ta,%a) € X % Qs be a point at which ® is maximized over X x Qs. As in the proof of
Theorem 22 we have

mzﬁ(un,s - U&) < (I)(xaayoz) + C0,

XN
where u(x) = ug(x) = dy(,T"). By the Lipschitzness of u, . (see Theorem 33 and Remark
34) and that of us (see Theorem 21 (i)), this yields

1
(85) m}z{xx(un,g —u) < P(zq,Ya) + C <9 46+ <n€p+d> p> ’

with probability at least 1 — n?exp(—cne?). As in the proof of Theorem 22, the proof
proceeds by estimating ® (x4, yq), while choosing the parameters 6, and « appropriately.
Since ®(q, Ya) > P(xq, o), we have

(6%
5‘1'& - ya|2 > un,e(xa) - (1 + e)ué(xa)'

Since ug is Lipschitz continuous we have

(86) un,a(xa) — (1 +0)us(ya) —

(87) e = yal’ < (1+0)(us(za) = u5(y)) < Clra = yal.

Hence we obtain the same bound |z — yo| < Ca™! as in (81) from Theorem 22. We now
make the restriction § > 2¢, and Ca™' < § so that |2, —ya| < €. Since y, € Qs, this ensures
that

dist(xq, 002) > dist(ya,0) — |24 —Ya| > 6 —c > €.

Therefore B(xq,e) C Q, which will allow us to utilize the pointwise consistency results
(Lemmas 28 and 30) later on in the proof.

We again have several cases to consider.

(i) If yo € T, then us(ya) = 0 = up(yo) and so by the Lipschitz continuity of w, . (see
Remark 34) we have

un,s(l'a) - ué(ya) = un,s(xa) - un,e(ya)

<C (|xa — Yol + (nep+d)’17>
<C (a_l + <n6p+d)‘1’> .
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Therefore 1
®(2asYa) < Une(ta) —us(ya) < C (al + (neﬁd)p) .

(ii) If zo € T, then up(x4) = 0 = us(x,) and thus
(88) Un,e(Ta) — Us(Ya) = Us(Ta) — us(Ya) < 0,

since ug > 0.
(iii) We now consider the case of 2, € X \I' and y, € 5 \ I', and we again show that 6
can be chosen to rule out this case. We first note that the map

« _
y = us(y) + 5 (1+0) Yoo —y)?

attains its minimum at y, € Qs relative to the closed set Q5. Using ¢(z) = —5$(1460) ' |za—
y|? as a test function for the definition of viscosity supersolution for us, and recalling from
Definition 17 that the supersolution condition holds even on the boundary 0€)s, we have

(89) IPal > (1+0)9(va),

where p, = a(rq — Yao). Likewise, the map z +— u,(z) — §|o — Yo|? attains its maximum

at z, € X over the point cloud X. Setting ¥(z) := G|z — Ya|?, we see that the inequality
Un,e(Ta) = Une(r) 2 Y(20) — P(2)
holds for all x € X. It follows that
f(xa) = Apctne(xa) > Aph(20).
Since B(z4,€) C €2, we can use pointwise consistency (Lemmas 28 and 30) to obtain
f(@a) = p(xa)|pal’ — Clae + A),

holds for any 0 < A < 1 with probability at least 1 — 2n exp (—cned)\2>, where C' depends

on p, oy, ||pllco.1, n(0), and ppaz, and ¢ depends on 7(0), 0y, and ppee. Dividing by p on
both sides, and combining with (89) yields

9(xa)” + Clae + A) = (14 0)7g(ya)’-
Since (14 60)? > 14 6, and gP is Lipschitz, we can rearrange this and use (81) to obtain
09(ya)? — Clac +X) < g(za)? = 9(ya)? < Clza — ya| < Ca™.
Since g is bounded below by a positive constant, this yields
0 <Cla! +ae+ ).

Hence, we set
0= (CH1)(a ™t +ac+ ),
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so that case (iii) cannot hold.
The proof is completed by combining cases (i) and (ii) with (85) to obtain

1
m)e(xx(un,g —u) <C (oz_l +oae+0+ <n5p+d) P4 )\> .

Optimizing over a yields o = % We also made the restrictions § > 2e and § > Ca~! = C/e.

Thus, we can again choose 6 = C'\/e to satisfy these conditions, which completes the proof.
|

5. Continuum analysis

Given the discrete to continuum convergence results from Section 4, which show that the
solution of the p-eikonal equation converges to a density weighted geodesic distance, we
now proceed to study the asymptotic consistency of the p-eikonal equation for both data
depth and semi-supervised learning. Throughout this section we let 2 be an open, connected
domain, and denote by p the density function on 2.

5.1 Background on medians and data depth

Before proceeding with our analysis, we give a background on medians in one dimension,
and their extensions to higher dimensions, as well as various notions of data depth. In one
dimension, the median of data points x1,z9,...,x, € R is any point z minimizing

(90) Z |z — z4].
i=1

If n is odd, then = = x;, where z; is the middle point after sorting the datapoints from
smallest to largest. If n is even, then any x between the two middle points is a valid median.
We obtain a population level version of the median by assuming the x; are i.7.d. with density
p and taking the expectation of (90) to obtain the problem

o0
i — dy.
glelﬂg}/_oolx ylp(y) dy

The population level median is thus any x satisfying

(0.) T 1
/ pdy:/_ pdy = 3.

Writing the notion of median in this way gives a natural extension to higher dimensions,
z,z; € R by simply replacing the absolute values in (90) by the Euclidean norm. In this
case, the notion of median is called the geometric median (see, e.g., (Minsker, 2015)). In
fact, in even more general settings, we can replace the norm by any metric d, yielding a
generalized geometric median, or barycenter problem

(91) mxinZd(x,a:i).
i=1
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Here, we may take (X, d) to be a metric space and z, z; € X, but in general, we may consider
(91) even when d is not a true metric. This approach is taken, for example, in the manifold
setting by Fletcher et al. (2009). Our approach to medians follows this generalized geometric
median approach, where the density weighting is involved in the metric d. We note that the
problem (91) has the population level analog

(92) min | d(z,y)p(y) dy,

when the data points x; are sampled from a probability distribution p.

Our approach to data depth is to first compute the median and then take the depth as
the distance to the median. There are many other approaches to data depth that proceed in
the opposite direction, first defining data depth and then taking the median to be the deepest
point. For example, in one dimension, we can order the points from smallest to largest, and
define the depth as the fewest number of points to the right or left. The population level
version of this in one dimension is

depth(z) = min {/ pdy,/ pdy}.

Any point with maximum depth is clearly the (population level) median. A natural extension
of this to higher dimensions is the Tukey depth (Tukey, 1975), which is given by

(93) Tukey Depth(x) = min/ pdy.
[v|=1J(y—z)-v>0

The Tukey depth is also called the half-space depth, and any point with the largest Tukey
depth can be defined as the Tukey Depth Median. Tukey depth has been extended to graphs
(Small, 1997) and metric spaces (Carrizosa, 1996), and at the populuation level has been
recently connected to a nonstandard eikonal equation (Molina-Fructuoso and Murray, 2021).
Other notions of data depth include the Monge-Kantorovich depth (Chernozhukov et al.,
2017), depth for curves (de Micheaux et al., 2020), and data peeling (Calder and Smart,
2020; Calder et al., 2014, 2015; Calder, 2016, 2017; Bou-Rabee and Morfe, 2021; Cook and
Calder, 2022). For a general survey on ordering of multivariate data, we refer to (Barnett,
1976; Liu et al., 1999).

We mention that when using density weighting in any of these approaches, the type of
weighting that will be effective (i.e., directly proportional, or inversely) depends on the notion
of median or data depth under consideration. For example, in the generalized geometric
median, or barycenter problem (92) that we consider, the density weighting is performed in
the computation of the quantity d(x,y), which measures the distance between x and y. In
this context, inverse density weighting, where paths in high density regions are very short
and inexpensive, while paths in low density regions are longer, encourages the median to be
placed in a high density region that can be quickly accessed from anywhere in the dataset,
which is desirable in many applications. Conversely, if one were to re-weight the density in
the Tukey depth (93), that is, replace p by p~ for some exponent «, then it is important to
ensure the weighting is proportional to the density (i.e., o < 0).
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5.2 Analysis of median and data depth

We first begin with a continuum analysis of the p-eikonal median and data depth. The
continuum limit of the discrete p-eikonal median (26) is the geodesic geometric median

(94) 7. axgmin | d, oy, {e))p(y) dy.

z€Q Q
The associated depth is based on the distance to x4, and is given by
(95) depth, (z) = max dy—o(24) = dp-o(x,74).

We note that this notion of depth and median is only defined for distributions without
compact support 2. We expect that with some appropriate tail bounds, the case of
unbounded distributions, like normal distributions, could be addressed as well.

We study here the case of a radial density p(x) = p(|z|) that is radially decreasing on
the unit ball Q@ = B(0,1). In this case we expect the median to be the origin =, = 0 for
a > 0. We are able to obtain a partial result for uniform densities.

Lemma 35. If p=1 on Q= B(0,1), then z, = 0.

Proof Since the ball is convex and p = 1, we have that d,-o(z,y) = [z — y| for all
x,y € B(0,1). Therefore

Ty € argmin/ |z — y| dy.
z€B(0,1) Y B(0,1)

Let z # 0. We first note that

06) [ lyldy=[ Jo-yldy= [ o~ yldy+ [ 2yl dy.
B(0,1) B(z,1) B(0,1)NB(z,1) B(z,1)\B(0,1)

Since z # 0 and |B(z,1) \ B(0,1)| = |B(0,1) \ B(x,1)| and |z —y| < 1 for y € B(x,1) we
have
dy =

)Iﬂf—yldy< dy.

/B(w,l)\B(O,l /B(x,l)\B(O,l) /B(O,l)\B(x,l)

Since 1 < |z —y| for y € B(0,1) \ B(z,1) we obtain

/ Ix—yldy</ |z —y| dy.
B(z,1)\B(0,1) B(0,1)\B(z,1)

Substituting this into (96) yields

/ !yldy</ !fv—y!dy+/ Iw—yldyz/ |z —y| dy.
B(0,1) B(0,1)NB(z,1) B(0,1)\B(,1) B(0,1)

It follows that

0= argmin/ |l — y|dy,
xz€B(0,1) Y B(0,1)

which completes the proof. |
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Remark 36. We expect that Lemma 35 holds for any radially decreasing density p on the
unit ball B(0,1) provided o > 0, but it appears the proof would be substantially different than
Lemma 35.

If the median is at the origin, and p is radial, we can easily compute the depth function
for any choice of density weighting.

Lemma 37. Let a € R. Assume p(x) = p(|x|) is radial and Q = B(0,1). If z, = 0 then
1
depth,,(x) = / p(r) " “dr.

1—|z|

Proof Since p is radial and decreasing, the shortest paths to the origin are straight lines.
Indeed, let x € Q, = # 0, and take any Lipschitz curve v : [0,1] — € with v(0) = 0 and
(1) = x. The density weighted length of this path is

t= [ obO) W o).

We now use the change of variables r = |y(t)|, for which |»/(t)| < |#/(¢)]. The change of
variables formula (Evans and Garzepy, 2018, Theorem 3.9) yields

||

1 ||
62/0 p(|fy(t)y)*a|r’(t)|dt:/0 ( er(r)o‘) dr > A p(r)~“dr.

t:ly(t)

Since the integral on the right hand side is the density weighted length of the straight line
~y(t) = a7t the claim is established.
It follows that

||
d,—o(z,0) :/0 p(r)~“dr.

Hence maxq d,«(-,0) = fol p(r)~“dr, which completes the proof. [ |

Remark 38. Note in Lemma 37 that if we take p =1 then depth,(x) =1 —|z|.

Finally, we show that in one dimension the p-eikonal depth reduces to the usual notion
of median, regardless of the choice of density weighting.

Lemma 39. Assume that d =1, Q = (a,b), a« € R, and p > 0 on Q. Then the p-eikonal
median T, is the median of p, that is, it holds that

T b
/ plx)de = | p(z)dz.
a T x
Proof In this setting, for any z,y € [a, b] the density weighted distance is given by

dyoly (o)) = [ plt) e d.

[z,y]
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Therefore, the continuum p-ekkonal median problem (94) becomes

b
min_ g(r) == / /H p(t)° dt p(y) dy.

z€la,b

Differentiating in x we obtain
/ b — —
9@ = [ (Lyea @)™ = Lgoaypla) ™) ply) dy

= p(z)~* </j p(y) dy — /:p(y) dy) :

Let x,,, be the median of p, which satisfies

b

/jm p(y) dy — / p(y) dy = 0.

Im

Then ¢'(z,,) = 0. For > x,, we clearly have ¢'(z) > 0, while for x < x,, we have ¢'(z) < 0.
This implies that x,, is the global minimizer of g(z), and so z, = p,. [ |

5.3 Analysis of semi-supervised learning

In order to study the consistency of semi-supervised learning, we make a clusterability
assumption on the density p. We assume there are k classes, represented by the open and
connected sets Q1,...,Q; C Q, all of which are mutually disjoint. For each j =1,... k we
let

pj = min p,
J

and we set Q = Q\ U;?:l Q; and

0 = maxp.
Q
We assume there are closed sets I'; C €; for each j = 1,...,k that correspond to the labeled

data for each class. Then the continuum limit of the p-eikonal semi-supervised learning
algorithm from Section 2.4.1 produces the predicted labels ¢: Q — {1,...,k} given by

(97) {(z) = argmind,-o(z,[;).
1<j<k

Definition 40. We say that the classification is asymptotically consistent if for all j =
L,...,k we have {(x) = j for all x € ;.

Note that the definition of asymptotic consistency does not place any conditions on the
label function in the space between classes ).
We define the Hausdorff distance

H(Ty, Q) = max dg,(z,T;),
J?EQJ'
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which measures how well the labeled set I'; covers the class €1; via geodesic distance on €2;.
We note that for any A C €2, we take the definition of d4 to be ds(x,I') = d¢(x,I') where
f = 14 is the indicator function of A, and dy is defined in Section 3. Thus, the feasible
paths for d4(z,I") can travel anywhere in €2, but we only measure the length of the segments
of the path that lie in A. We also define the separation of classes i and j by

S, Q) = min{dg(z,y) :  €Q; and y € Q;}.

The separation S(£2;, ;) is the length of the shortest path from a point in §; to a point in
€1, where only the distance traveled in (2 is counted.
We now define

SH(T,, )
98 Bij = — 22
) ' S0 9)

We will assume that I'; C Q; for each j, so that 8;; > 0 for all ¢ # j (otherwise the
classification of class j is trivial). As we shall see in the results below, our clusterability
assumption relates to the smallness of ;;. This includes measures of how well I'; covers (;,
the ratio of the background density d to the class density p;, and the separation between
classes ¢ and j.

Theorem 41. Let o > 0. If 3;; < 1 for alli # j, then the classification (97) is asymptotically
conststent.

Proof To show that the classification is asymptotically consistent, we need to show that
for all ¢ # j we have

(99) dy-o(z,Ij) < dyp-o(z,I;) forall z €.
Let x € Q;. Since p > p; on {1; we have
dp-o(z,T5) < pj “da(z, ) < py “H(T;, ).
Similarly, since p < § in Q we have
dy—o(z,T;) > 67*S(Q4, ).
Combining these two inequalities, we have that (99) holds provided
678(Q:, Q) > p; “H(L, $2)

for all i # j. Rearranging we obtain 3;; < 1, which completes the proof. |

We now consider the inclusion of class priors. Given positive weights s1, ..., sk, the
continuum limit of the class priors label decision (28) is given by

(100) {(z) = argmin{s;d,«(z,1)}.
1<j<k

46



HAMILTON-JACOBI EQUATIONS ON GRAPHS: SEMI-SUPERVISED LEARNING AND DATA DEPTH

Theorem 42. Let a > 0 and define

1

=)
(Bl :mgx( 11 ﬁij) ;

(i,5)€C

where the mazimum is over all cycles of {1,2,...,k}. If [B]« < 1, then there exists s € Rﬁ_
such that the classification (100) is asymptotically consistent.

Remark 43. We note that [(]« < max;+; Bij, so Theorem 42 shows that the utilization of
class priors leads to a weaker condition for asymptotic consistency. In the case of binary
classification, k = 2, there is only one cycle C = {(1,2),(2,1)} and we have

[5]* =V 612621-

Thus, Theorem 42 shows that the class priors label decision (100) with the optimal choice
of s is asymptotically consistent for binary classification provided B12021 < 1, which allows,
for example P12 > 1 and (o1 < 1 (or vice versa). This is a much more relazed condition
compared to the consistency of the label decision (97) without class priors, which requires
both P10 < 1 and Bo1 < 1. Thus, Theorem 42 shows how class priors are able to correct for
poor separation between classes, poor choices of labeled training data, or low density clusters,
provided there is another class with good clusterability properties to tradeoff with.

The proof of Theorem 42 is based on an alternative characterization of [f]s.

Proposition 44. We have

. —1
(101) [8]s = mia max{s; s}

Proof Let us define F': Rﬁ — R by

(102) F(s) = max{s; 's;B;;}.
i#j

We first show that the minimum of F' exists. Since only ratios of s appear, we may restrict
to s with s1 = 1. Set fpin = min;; B;; and Bpae = max,; B;;, and note that S, > 0 by
assumption. Then F(s) > Bpns; for all j. Since inf F' < (4., we may also restrict to s
such that Bmins; < Bmaz, that is s; < Bmaz/Pmin. Likewise, we have F'(s) > Bmins; L for
all all 7, so we may restrict to s with Bns; 1< Bmazs O Si = Bmin/Bmaz- Thus, we have
reduced the problem to minimizing the continuous function F' over a compact set, and so
the minimum exists.

Let us write Fy, = minse]R;i F(s). Let s € Rk be a minimizer of F. Let C be any cycle

in the complete graph on {1,2,...,k}. Then since s[lsjﬁij < F for all ¢ # j we have

_ C
H S; lsj/Bz'j < Fl ‘-
(i,5)eC
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In the product on the left side, the weights s; all cancel out, since C is a cycle, and so we
have

e
(103) F, > ( 11 ﬁij) .
(

i,j)eC

Maximizing over C' on the right hand side yields one direction of the proposition, that
F, > []..
To prove the other direction, for s € R’jr let us define

M(s)={(i,j) : i #7 and s;'s;B; = F.}.

For any minimizer s of F', we have #M((s) > 2. Indeed, by the definition of F' in (102),
we must have at least one pair (i,7), ¢ # j, with si_lsjﬂij = F(s) = F, since s is optimal,
o (i,7) € M(s) and #M(s) > 1. Assume now, by way of contradiction, that #M (s) = 1.
Then (j,7) ¢ M(s) and so sj_lsiﬁji < F,. Since #M (s) = 1 we have s; ' sy < Fi for all
other pairs (k,¢) # (i,7). Let ¢ > 0 and define 5 € RX by 5, = s; +¢, 5; = s; — ¢ and
Sk = s for all k & {i,7}. For sufficiently small € > 0 we have

max{s; 's; 0} < Fu = F(s),
i#]

which is a contradiction to the minimality of s. Therefore #M(s) > 2.

We now select a minimizer s for which M (s) contains the fewest number of edges (this
minimizer need not be unique). We claim that M (s) must contain a cycle. To see this, note
that if M (s) did not contain a cycle, then there would exist an edge (i,7) € M(s) such that
(4, k) & M(s) for all k # j. We can therefore decrease s; slightly (similar to the argument
above) to produce another minimizer s with 2 < #M(5) < #M (s), which contradicts our
selection of s. Therefore M (s) must contain a cycle.

Let C be a cycle contained in M(s). Then for each (4, j) € C we have s; *s;8;; = F. and

S
— C
IT 8= TII s'siBy=F",
(i,5)eC (4,4)€C
which shows that F, < [f]., and completes the proof. [ |

We now give the proof of Theorem 42.
Proof [Proof of Theorem 42| To show that the classification is asymptotically consistent,
we need to show that there exist weights s; such that for all ¢ # j we have

(104) sjdy—a(z,T'j) < sidy—o(z,I;) for all z € €.

Applying the same arguments as in the proof of Theorem 41, we find that (104) is equivalent
to s[lsj&-j < 1for all i # j. If [B]. < 1, then such weights exist, by Proposition 44, and the
proof is complete. |
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Remark 45. We briefly mention that all of the results in this section can be extended to
hold for the finite sample size p-eikonal learning problem, with high probability and additional
error terms, due to the quantitative convergence results given in Theorems 22 and 25. To
avoid additional technicalities, we leave such considerations to future work.

Remark 46. We also mention that all of our results in this section are in the setting of
a dataset that is highly clusterable (due to the assumption that ; N§; = @), so that only
a finite number of labels are required to obtain asymptotic classification consistency in the
continuum limit. In the setting where there is overlap between classes, and the dataset is
not very well-clusterable, then we expect that the number of labels required for asymptotic
consistency of classification should grow to infinity as n — oo, at some appropriate rate. We
leave investigations of these higher label rate problems to future work.

6. Numerical experiments

We present here some numerical experiments with real datasets. All code for the experiments
is available online® and uses the GraphLearning Python package (Calder, 2022). In all
experiments we solved the graph p-eikonal equation (20) with the fast marching solver
described in Section 2.3.2, implemented in the C programming language. The rest of this
section is broken up into data depth experiments in Section 6.1 and semi-supervised learning
experiments in Section 6.2.

6.1 Data depth

We consider the MNIST dataset of handwritten digits (LeCun et al., 1998) and the Fashion-
MNIST dataset (Xiao et al., 2017), which is a drop-in replacement for MNIST consisting of
10 classes of clothing items. Each dataset has 70,000 grayscale images of size 28 x 28 pixels.
For both datasets we restricted the computations of data depth to each individual class,
which consists of about 7000 datapoints per class. We constructed the graph by connecting
each image to its K-nearest neighbors with Gaussian weights given by

4|x,~ — 3ch2
(105) wij = exp (-W ,

where x; represents the pixel values for image i, and d(z;) is the distance between x; and
its K" nearest neighbor. We used K = 20 in all experiments. The weight matrix was then
symmetrized by replacing W with W + W7,

We computed the p-eikonal median via the definition (26) with p = 1 and a = 2. For
the density estimator p we used a k-nearest neighbor density estimator with k£ = 30. To
speed up the computation of (26), we computed the minimum in (26) over 5% of the nodes
in each class, chosen at random. This takes about 5 minutes to compute for each dataset
(30 seconds per class), which includes the time for the k-nearest neighbor search.

In Figures 7 and 8 we show the deepest images (i.e., the medians) and the shallowest
images (i.e., outliers) from each class for the MNIST and FashionMNIST datasets. We
can see that the deepest handwritten digits are very clean and self-consistent, while the

6. https://github.com/jwcalder/peikonal

49


https://github.com/jwcalder/peikonal

CALDER AND ETTEHAD

ololololojojolololoololo]oo]0]
Hinnunnnnnnnnnonn
212(2{2121212121212]21212]2]2]2]
31331313131313]131313]131313]313]
EIEICIEIEIEICIEICIEIEIEIETRIEIE]
s|sis|sls|sis|s|s]s|sls|s|s|s]s]
cleleleleleloleleleiclolelclele]
717717171712 1717171717 17171717
HAHARHEAAAABEERR
719191919191912121919171919]5]9]

(a) Deepest images (median)

EERNNEAERCEEREREEE
EFE FE RN FEIFIE N
83X\ T2 3 XA S22 d| S|
3[33>> s> VBN Bl 255
ECCCICEEIR QSR CIEIC S
ERENEREEREEREREEERS
B EEEERE L EE S
(] el ] K ) S 1 v S ) RN ) 1 ) )
EREEEEREEEEERERER
U0 calnaGlalaaealalalql

(b) Shallowest images (outliers)

Figure 7: Comparison of deepest (median) images to shallowest (outlier) images from each

MNIST digit.
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Figure 8: Comparison of deepest (median) images to shallowest (outlier) images from each
FashionMNIST class.

shallowest do appear visually to be outliers. For FashionMNIST the deepest images are again
self-similar and very plain, while the shallowest images tend to be more varied and have
patterns on the clothing items. Finally, in Figure 9 we show paths through each class from
the shallowest point to the deepest point, following the gradient descent path construction
from Section 2.3.3.

6.2 Semi-supervised learning

We tested the p-eikonal equation for semi-supervised learning at very low label rates with
p = 1. In addition to MNIST and FashionMNIST, we also tested on CIFAR-10 (Krizhevsky
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Figure 9: Paths from shallowest point to median for each class computed with the gradient
descent method from Section 2.3.3.
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Figure 10: Comparison of the p-eikonal equation with p = 1 for semi-supervised image
classification to Poisson learning (Calder et al., 2020a) and the eikonal equation

(17).

et al., 2009). To build good quality graphs for classification, we cannot use the pixel-wise
differences that we did for data depth in Section 6.1. Instead we follow the methods from
(Calder et al., 2020a) and trained autoencoders to extract important features from the data.
For MNIST and FashionMNIST, we used variational autoencoders, similar to (Kingma and
Welling, 2014), while for CIFAR-10 we used the AutoEncoding Transformations architecture
from (Zhang et al., 2019). After training the autoencoders we built K-nearest neighbor
graphs with weights given by (105) over the latent variables using the angular similarity
with K = 20 neighbors. We again used a k-nearest neighbor density estimator with & = 30
neighbors for the reweighting. We refer to (Calder et al., 2020a) for more details about the
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Figure 12: Comparison of how the classification accuracy depends on the exponent p in the
p-eikonal equation. In both experiments we used density weighting with a = 3.

autoencoder graph construction, which was also used successfully in another recent work
(Miller et al., 2022). After the graphs have been constructed, the classification results on
any of the 3 datasets, which requires solving 10 p-eikonal equations, takes a few seconds to
run the classification for each trial.

We ran 100 trials at 1 label per class up to 5 labels per class, randomly choosing different
labeled data for each trial. We compared against Poisson learning (Calder et al., 2020a) and
the graph distance eikonal equation (17) with the same density reweighting schemes. We
tested the p-eikonal and eikonal equations with and without class priors, as described in
Section 2.4.2. Figure 10 shows the results for MNIST and FashionMNIST, while Figure
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11a shows the results on CIFAR-10. We see that with class priors, p-eikonal learning is
comparable to Poisson learning on MNIST, slightly worse on FashionMNIST and slightly
better on CIFAR-10. We also see that p-eikonal offers a significant improvement over the
shortest path based eikonal classifier, even though we applied the same density reweighting
to both. Since the asymptotic consistency results from Section 5.3 would hold equally well for
the density reweighted eikonal equation, we attribute the improved results to the robustness
properties of the p-eikonal equation (see Theorem 14) to perturbations in graphs, which are
common in real data.

In Figure 11b we show how the accuracy changes for each dataset as the density exponent
is increased. We find a quite surprising result here; without class priors the accuracy
actually decreases when density reweighting is used. A possible explanation of this is that
the density reweighting makes the optimal classification thresholds more dependent on the
cluster geometry and density. Indeed, it is only with the addition of class priors that the
density reweighting can increase the accuracy of the classifier. This is true across all datasets
and validates our theoretical findings in Theorem 42 that class priors can effectively make
use of density reweighting to improve classification results.

Finally, in Figure 12a we show how the accuracy changes as the exponent p in the
p-eikonal equation is changed (here, & = 3). All our previous experiments were with p = 1,
and we find another surprising result here; the classification accuracy improves up to p = 2
without class priors, but is monotonically decreasing when utilizing class priors. This may
simply be due to the fact that the classification accuracy is already very high with class
priors, and very low without. Indeed, in Figure 12b we show the accuracy for p = 2 and
«a = 3 for each dataset, and both with and without class priors. We see that even though
p = 2 is better for the classifiers without class priors, the incorporation of class priors still
improves the accuracy significantly.

7. Conclusion

We introduced and studied a family of graph-based distance-type equations called the
p-eikonal equation. We showed that the p-eikonal equation for p = 1 is a robust estimator of
the geodesic density weighted path distance on the underlying Euclidean space, compared to
the standard shortest-path graph distance. We proved that, while the p-eikonal equation is
not a distance function on a graph, it has similar properties and its continuum limit recovers
the geodesic density weighted distance on the underlying Euclidean space, with quantitative
convergence rates. We used the continuum limit theory to prove asymptotic consistency of
data depth and semi-supervised learning with the p-eikonal equation and then gave some
experiments with real data on the MNIST, FashionMNIST, and CIFAR-10 datasets.
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Appendix A. Concentration of measure

We recall here some useful concentration of measure results, the proofs of which can be
found in (Boucheron et al., 2013).

Theorem 47. (Bernstein inequality) Let x1,x9,...,x, be a sequence of i.i.d real-valued

random variables with finite expectation u = E(x;) and variance o = Var(x;), and write
15

Sp 1= *, x;. Assume there exists b > 0 such that |z; — p| < b almost surely. Then for

n

any t > 0 we have

(106) P(S, —p>t)<e ( nt’ )
n - - — X T 5 hi~
a P 2(02 + %)
Theorem 48. (Chernoff bounds) Let x1,xa,...,x, be a sequence of i.i.d Bernoulli random

variables with parameter p € [0,1]. Then for any § > 0 we have

(107) <le_ (1+49) np)Sexp(—%fiézé))

and for any 0 < § < 1 we have
(108) (sz np) < exp ( - 1np(52>
- - 2

Appendix B. Technical proofs

We include here some technical, but elementary, proofs from the paper.

Proof [Proof of Theorem 7| Since H admits comparison, there is at most one solution of
(4), so we only have to establish existence. We use the Perron method. Let F be the set of
all v € F(X) such that

H(Vxv(x;),v(z;),x;) <0 forala; € X\T
and v = g on I'. The set F is nonempty, since ¢ € F. Define the Perron function
u(z;) =sup{v(x;) : v e F}.

Since H admits comparison, we have v < 4 for all v € F, and so ¢ < u < 2.
We now claim that

H(Vxu(z;),u(z;),x;) <0 forall z; € X \T.

To see this, let x; € X \ I" and let € > 0. There exist v € F such that u(x;) < v(z;) + €. By
definition we have u(z;) > v(z;) for all j, and so Vxu(z;) — el < Vxuv(x;). Therefore

0> H(Vxv(z;),v(x;),z;) > H(Vxu(z;) —el,u(x;) — e, x;).

Sending € — 0 and using continuity of H establishes the claim.
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We now claim that
H(Vxu(z;),u(z;),z;) >0 forall z; € X \T,
which will complete the proof. Assume, by way of contradiction, that
H(Vxu(x;),u(z;),z;) <0 for some z; € X \T.

Let ¢ > 0 and define u. € F(X) by u.(z;) = u(x;) for j # i, and u.(z;) = u(z;) + €. By
continuity of H, there is a sufficiently small € > 0 so that

H(Vxues(z;), ue(z;), x;) <O0.

Furthermore, for any j # i, we have u.(x;) = u(x;) and Vxu.(x;) < Vxu(x;). Since H is
monotone we find that

H(V xue(z)), ue(z;), 75) < H(Vxu(a;), u(z)), zj) <0
for j # i with 2; € X \ I". Therefore u. € F, which is a contradiction (since us(x;) > u(z;)),

establishing the claim and completing the proof. |

Proof [Proof of Theorem 19] The proof uses the following dynamic programming principle

u(@) = min __{u(y) +ds(z,y)},
y€OB(z,r)NQ

which holds provided B(z,r) C 2\ T and is immediate to verify. Rearranging the dynamic
programming principle we obtain

(109) max _{u(z) —u(y) —ds(z,y)} = 0.
y€OB(x,r)NQ

Since f is Lipschitz continuous, we have
df(z,y) = f(@)|z —y| + O(lz — y*),

which, when substituted above, yields

(110) max {u(x)—u(y)} = f(z) + O(r).

y€IB(z,r)NQ r

We now prove the subsolution property. Let x € Q\ T' and let ¢ € C*(RY) such that
u — ¢ has a local maximum at z. Then for » > 0 sufficiently small we have B(z,r) C Q\T'
and

u(z) —p(x) = u(y) — (y) foralye B(z,r).

Rearranging we have
u(z) —uly) = o(x) — ¢(y) forally e B(z,r).
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Plugging this into (110) yields

max {W)_‘p(y)} < f(@) + O,

yedB(z,r) r

Notice the maximum is over only 0B(x,r), since B(x,r) C Q\ I'. Sending r — 0 yields
|IVo(x)| < f(x), which is exactly the subsolution property.

To prove the supersolution property, let € Q\ I' and let ¢ € C*°(R%) such that u — ¢
has a local minimum at x. As above, this means that

u(x) —u(y) < o(z) —¢(y) forally e Bz, r)NAQ.
For r > 0 small enough B(x,7) C Q\ T, and so we can substitute this into (110) to obtain

{cp(w) —¢(y)

. } > f(z)+ O(r).

max
y€OB(z,r)NQ

By enlarging the domain in the maximum above, we obtain

.- {cp(fr) —¢(y)

yedB(x,r) r

} > f(z) + O(r).

We now send r — 0 to obtain |V(x)| > f(x), which completes the proof. [ |

Proof [Proof of Proposition 31] We note that the inequality (35) can be restated as

(111) B(z,r) C Ba(x,r +Cr?) and Bq(z,r) C B(x,r).

For r > 0 sufficiently small, so that Cr < %, the first inclusion above implies that

(112) Bo(z,7) D B(z,7 — Cr?) D B(z,}).

Since the boundary 9 is C1!, there exists v € R? with |v| = 1 and ¢ > 0 such that
B(z,5)NQ > {y€ B(z,5) : (y—1z)-v>cr?}.

For r smaller, so that cr < i as well, we have

|Ba(z,7) N Q| > Bz, 5) N Q|
>{y € B(x,5) : (y—xz)-v> 7}

T d 1
—(3) HeeBO.D : 20 )
= Cde
where
_ 1

dx.
24 /B(O,l)ﬂ{z1>§}

Cq:
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We finally compute

1 ! d—1

cd:ﬁ/ wg—1(1 —27) 2 dz
wi—1 !

Z—Qd z21(1—27) 2 dz
Wd—1 gy d+1 |1

_ 1— >
i+ A 1

d+1

“wirn (1)

Applying the lower bound % > % above to simplify the constant completes the proof. |
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