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Abstract

We explore two distinct topics in the field of topological data analy-
sis: invariants and metrics for multiparameter persistence modules,
and the homology of random geometric simplicial complexes.

We define a computable, stable invariant for multiparameter per-
sistence modules, the multiparameter persistence landscape, and ex-
emplify this invariant to be sensitive to the topology and geometry
of multifiltered data sets. We prove a local bi-Lipschitz equivalence
between two well-studied metrics for multiparameter persistence
modules: the interleaving distance and the matching distance. A conse-
quence of this equivalence result is that the multiparameter persistence
landscape is a locally complete invariant for finitely presented multi-
parameter persistence modules.

Finally we explore the asymptotic properties of Cech complexes
built on compact Riemannian manifolds with non-empty boundary.
We attain homological connectivity thresholds with identical lead-
ing terms. An upper threshold above which the Cech complex has
homology isomorphic to the homology of the underlying manifold
with high probability, and a lower threshold beneath which with high
probability it does not.






1
Overview

Let us rst give an overview of the work contained in this thesis. We
shall give a self-contained high level description of the contents of
each chapter, the author's contribution to the work, and the signi -
cance of this work to the author's eld of research.

Contents

This thesis is structured as follows: Chapter 2, Chapter 3 and Chap-
ter 4, each contain a paper written during the author's PhD studies.
The paper associated to Chapter2 has been published in the Jour-
nal of Machine Learning Research, and the papers associated to
Chapter 3 and Chapter 4 are both under review at the rst journal

to which they were submitted. The author has also worked on a pair
of computational papers ! during his PhD which in the interest of
length have not been included in this thesis.

Research Context

The author's research lies at the intersection of Topology, Geometry
and Data Science in a eld called Topological Data Analysis (TDA).
Topological Data Analysis encompasses an emerging set of analytic
tools inspired by concepts from algebraic topology which leverage
the underlying shape data form to provide new insights.

Persistent homology is a commonly used tool in the TDA toolkit.
For those less familiar with persistent homology the author has
written interactive slides 2 which give an intuitive introduction to
1-parameter and multiparameter persistent homology, and a demon-
stration of the code written for the paper associated to Chapter 2.

Persistent homology studies the homology groups of a family of
topological spaces built upon data. Homology is an invariant from
algebraic topology which detects different dimensional holes in a

1 A topological selection of folding pathways
from native states of knotted proteins

(1), Multiparameter persistent homology
landscapes identify spatial patterns of
immune cells in tumorg2).

2These slides are best viewed on a PC
rather than a small touch screen device.


https://jmlr.org/papers/v21/19-054.html
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topological space. Degree zero homology detects connected compo-
nents, degree one homology detects loops, degree two homology de-
tects voids and higher degree homology detects higher dimensional
cavities.

Persistent homology tracks how these homological feature per-
sist throughout the family of topological spaces. The topological
summary for a 1-parameter family is a barcode which marks the pa-
rameter values for births and deaths of homological features. The
barcode can be thought of as a multiset of intervals in R and com-
pletely characterises the homology of the 1-parameter family.

Qualitatively one considers long-lived homological features de-
tected as inherent to the data set and the short-lived features as noise.
In applications it has been noted that sometimes short-lived fea-
tures provide important discriminating information in classi cation.
Hence an important aspect of the eld of TDA is to build a statistical
framework in which one can detect statistically signi cant topological
features of large, medium and small persistence, and in particular
can discriminate genuine short-lived features from noise.

There are natural situations where one may wish to build a richer
structure of topological spaces on a data set and track the changes
to the homology whilst varying multiple parameters. For example,
when studying the topology of chemical compounds one may want
to track both the chemical properties and spatial arrangement of
atoms. The persistent homology theory becomes wildly more com-
plicated when the family of topological spaces on our data set is
indexed by multiple parameters. The associated family of homology
groups is known as a multiparameter persistence module. Unlike
the single parameter case where one may associate a barcode to a
module, there is not an analogous complete discrete invariant in the
multiparameter setting.

Chapter2 Multiparameter Persistence Landscapes

In this work the author tries to resolve the issue that it is not possible
to de ne a barcode for multiparameter persistence modules. The au-
thor introduces a family of new stable invariants for multiparameter
persistence modules, multiparameter persistence landscapesturally
extending a similar construction for 1-parameter persistence modules
to multiparameter persistence modules.

The landscape invariant encodes a multiparameter module M :
R" I Vect (Vect-valued functor from the poset category R") as a
sequence of 1-Lipschitz landscape functions| : R"! R.

Living in Lesbegue p-space, the multiparameter landscapes are
naturally endowed with a distance function and are well suited to
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statistical analysis. There is a uniquely de ned mean associated to

a collection of landscapes, and considered as Banach space valued
random variables, multiparameter landscapes satisfy the Strong Law
of Large Numbers and a Central Limit Theorem. Furthermore the
natural inner-product structure on the landscape functions gives

rise to a positive-de nite kernel, which can be leveraged by machine
learning algorithms.

The multiparameter landscape functions are sensitive to homolog-
ical features of large, medium and small persistence. The landscapes
also have the advantage of being interpretable since they are closely
related to another well-known invariant: the rank invariant. More-
over one can derive stable R-valued numeric invariants from the
landscape functions using the linear functionals in the dual space.
We can produce con dence intervals and perform hypothesis tests
on these numeric invariants which are viewed as R-valued random
variables.

In the 2-parameter case one can visualise multiparameter land-
scapes as a surfacd : R2 ! R. In this work the author presents
computational examples for 2-parameter persistence landscapes.
These examples demonstrate a range of potential applications, show-
ing that the landscapes are sensitive to both the topology and geome-
try of data.

The major, but inevitable, drawback of this work is that the multi-
parameter persistence landscapes are an incomplete invariant in the
sense that distinct multiparameter modules may give rise to the same
landscape function. The extent of this incompleteness is explored in
Chapter3.

The code used for computations in this work is available online.

Author's Contribution

This work was initiated and carried out by the author. He is grateful
to the support from his supervisors Prof Ulrike Tillmann and Prof
Vidit Nanda in the development of the write up of this work and
navigating the publication process.

Chapter3 Local Equivalence of Metrics for Multiparameter
Persistence Modules

The central focus of the work in this section is to compare two met-
rics on multiparameter persistence modules ( Vect-valued functors
from the poset category R"). The author seeks to compare the in-
terleaving distance, d,, a complete but computationally infeasible
metric, with the matching distance, dgp, an ef ciently computable yet
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incomplete metric. For single parameter persistence modules these
two metrics coincide. The disparity is only apparent for multiparam-
eter persistence modules.

The theoretical properties of the interleaving distance are well-
behaved. The interleaving distance is universal on the space of mul-
tiparameter modules i.e. the most discriminative stable metric. How-
ever, using the interleaving distance in practice is not feasible compu-
tationally, since the interleaving distance is NP-hard to compute and
approximate for multiparameter modules. Hence for practical ap-
plications one must compromise between discriminating power and
computability of multiparameter modules invariants and metrics.

The matching distance has less favourable theoretical properties.
It is incomplete in the sense that it is a pseudo-metric; distinct mod-
ules which are arbitrarily distant in the interleaving distance may
have zero matching distance between them. However this sacri ce
in discriminating power has the upshot that the matching distance is
ef ciently computable.

The main technical result of the work in this section shows that the
matching distance dg distinguishes a nitely presented ( R"-indexed)
multiparameter persistence module M from all modules N in a d,-
neighbourhood of M. The author shows there is a d;-open ball, By,
centred at M in the space of nitely presented modules such that for
all N 2 By:

SN do(MN)  di(M,N) (1)

The radius of the open ball for which ( 1.1) is valid is dependent on
M.

The upper bound dg d, is not new and is a constructed property
of the matching distance dy. The local lower bound 3i41d| dois
proven in this work and gives rise to a global equivalence of intrinsic
metrics.

This result for multiparameter modules attains as a simple corol-
lary equivalences of metrics on constructible spaces which can be
embedded into the space of nitely presented modules. In particu-
lar, interlevel set persistence modules give rise to nitely presented
2-parameter persistence modules and inherit the local equivalence
result.

This work provides a theoretical justi cation for using the in-
complete invariant proposed in Chapter 2. The matching distance
has the same discriminating power as the multiparameter persis-
tence landscapes, hence the result {.1) implies that there is a local
d,;-neighbourhood about each multiparameter persistence module
M within which the multiparameter persistence landscapes of M
distinguishes M from all other modules in this neighbourhood.
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The author gave a talk about this work at an online seminar.

Author's Contribution

This work was initiated and carried out by the author. A major in-
spiration for this work was the article of Carriere and Oudot: Local
Equivalence and Intrinsic Metrics Between Reeb Grapinghis work Car-
riere and Oudot conjecture that similar results to their local equiv-
alence of metrics on Reeb graphs apply to “more general classes of
metric spaces than Reeb graphs". The author is grateful to the sup-
port from his supervisors Prof Ulrike Tillmann and Prof Vidit Nanda,
and useful technical conversations with Jacob Leygonie.

Chapter4 RandomCech Complexes on Riemannian Manifolds
with Boundary

The work in this section is independent of the previous sections
and studies the asymptotic properties of Cech complexes built on
Riemannian manifolds. In particular this work considers the random
simplicial complex realised by the Cech complex associated to a
Poisson point process on a Riemannian manifold and asks: when
does the topology of the simplicial complex approximate that of the
manifold?

The question of recovering the topology of a space from a nite
sample has been studied previously and in differing contexts. Some
authors consider submanifolds in Euclidean space and use the metric
of the ambient Euclidean space when building the Cech complex.
They provide explicit conditions to recover the homology of the man-
ifold with high con dence. Naturally these explicit conditions are
dependent on the curvature and nearness to self-intersection of the
embedded manifold. In contrast this work bases the construction of
the Cech complex on the intrinsic metric of the manifold independent
of any embedding.

The asymptotic properties and the phase transition for which one
can recover the homology with high probability when increasing the
size of point sample and decreasing the radius over which the as-
sociated complex is constructed. A principal advantage of studying
asymptotics is that results rely on fewer assumptions on the underly-
ing manifold from which the point process is sampled.

As a consequence the main result of this work has dependence
only on the dimension of the underlying manifold and the homolog-
ical dimension one wishes to recover. This work uses some similar
techniques already present in the literature but also develops com-
pletely new arguments to take into account the effect of the bound-
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ary.

The main result is stated with respect to the term L := nwgyr9, the
expected number of points of a uniform Poisson process of intensity
n lying in a d-dimensional radius r ball. Depending on the asymp-
totic behaviour of L, the associatedCech complex at scaler built on
the point process exhibits different behaviours.

There are three distinct regimes of behaviour for L asn! ¥ ,r!
0. In the subcritical regime (L ! 0) the connectivity of the Cech
complex is very sparse and mostly disconnected, with the number
of connected components growing at the same rate as the number of
points. In the critical regime (L ! | 2 (0,¥)) the Cech complex
is suf ciently connected to exhibit non-trivial homology. However
the number of connected components still grows linearly with the
number of points. In the supercritical regime ( L ! ¥ ) for suf ciently
large L the Cech complex is connected, and for even larger L the
point cloud covers the underlying manifold with high probability.

Analysis in the supercritical regime yields a sequence of increas-
ing thresholds, (homological connectivity thresholdsuch that if L is
greater than the k" threshold the Cech complex recovers thek™ ho-
mology of the underlying closed manifold with high probability. The
intermediate homological connectivity thresholds interpolate between
the thresholds for more commonly studied properties, from the 0 ™
homology which detects connectivity up to the d" homology which
detects coverage. We produce homological connectivity thresholds
in the supercritical regime for which the Cech complex recovers the
homology of a smooth compact manifold with non-trivial boundary.

The non-trivial boundary has a signi cant impact on the homo-
logical connectivity thresholds. As far as we know, our study of
manifolds with boundary has uncovered a previously unobserved
phenomenon occuring close to the boundary. Our analysis shows
that close to the boundary a large humber of spurious k-cycles ap-
pear which are not homological cycles inherent to the k' homology
of the underlying manifold. This phenomenon determines that the
homological connectivity thresholds for manifolds with boundary are
almost twice a big as those for a closed manifold.

Author's Contribution

This work was a collaboration between Prof Ulrike Tillmann, Dr
Henry-Louis de Kergolay and the author. UT and the author have ex-
pertise in the topological aspect of this work and HdK has expertise
in stochastic processes.
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Abstract

An important problem in the eld of Topological Data Analysis is

de ning topological summaries which can be combined with tra-
ditional data analytic tools. In recent work Bubenik introduced the
persistence landscape, a stable representation of persistence diagrams
amenable to statistical analysis and machine learning tools. In this
paper we generalise the persistence landscape to multiparameter
persistence modules providing a stable representation of the rank
invariant. We show that multiparameter landscapes are stable with
respect to the interleaving distance and persistence weighted Wasser-
stein distance, and that the collection of multiparameter landscapes
faithfully represents the rank invariant. Finally we provide example
calculations and statistical tests to demonstrate a range of potential
applications and how one can interpret the landscapes associated to a
multiparameter module.

2.1 Introduction

Topological and Geometric Data Analysis (TGDA) describes an
emerging set of analytic tools which leverage the underlying shape
data to produce topological summaries. These techniques have been
particularly successful at providing new insight for high dimensional
data sets, topological data structures and biological data sets (3; 4; 5).
An ideal topological summary should discriminate well between
different spaces, be stable to perturbations of the initial data, and be
amenable to statistical analysis.

Persistent homology (PH) has become a ubiquitous tool in the
TGDA arsenal. PH studies the homology groups of a family of topo-
logical spaces built upon data. Homology is an invariant from alge-
braic topology which detects different dimensional holes in a topo-
logical space. Degree zero homology detects connected components,
degree one homology detects loops, degree two homology detects
voids and higher degree homology detects higher dimensional cavi-
ties.

Persistent homology tracks how these homological feature persist
throughout the family of topological spaces. The associated topolog-
ical summary for a 1-parameter family is given in terms of a persis-
tence diagram marking the parameter values for births and deaths
of homological features. The persistence diagram may equivalently
be thought of as a multiset of points in R2. For an introduction to
persistent homology see (6) and (7).

Qualitatively one considers long-lived homological features de-
tected as inherent to the data set and the short-lived features as noise.



multiparameter persistent homology of data

Nevertheless in various applications it has been revealed that the
short-lived features provide important discriminating information

in classi cation ( 8). For example in analysing the topology of brain
arteries it was found the 28™ longest persisting feature provided the
most useful discriminating information ( 9). We would like therefore
to have a statistical framework and topological summary in which
one can detect statistically signi cant topological features of large,
medium and small persistence, and in particular does not discard
short-lived features as noise.

One can equip the collection of persistence diagrams with a nat-
ural pseudo-metric known as the bottleneck distance. The resulting
metric space of persistence diagrams does not enjoy desired prop-
erties for traditional statistical analysis. For example, a collection of
persistence diagrams may not have a well de ned mean. As a re-
sult there have been various attempts to vectorize the persistence
diagram, in order that the summary is more amenable to statistical
analysis and machine learning techniques.

The article (10) introduces a stable vectorization of the persistence
diagram, the persistence landscape, a function in Lebesgue p-space.
The article (11) explores some further properties of the persistence
landscape. The persistence landscape naturally enjoys unique means
and one can perform traditional hypothesis tests upon the landscape
function and numerical statistics derived from this function. An-
other popular stable vectorization of the persistence diagram is the
persistence image (L2) which has been shown to produce favourable
classi cation results when combined with machine learning tech-
niques.

There are several natural situations where we may wish to build
a richer structure of topological spaces on a data set and track the
changes to the homology whilst varying multiple parameters. For
example in (13) the topology of chemical compounds is studied us-
ing 2-parameter ltrations. The PH theory becomes wildly more
complicated when the family of topological spaces on our data set is
indexed by multiple parameters. The associated family of homology
groups is known as a multiparameter persistence module. The theory
of multiparameter persistence modules is presented in ( 14) and un-
like the single parameter case where we may associate a persistence
diagram to a module, there is not an analogous complete discrete
invariant in the multiparameter setting.

There exist various approaches to de ne invariants for multipa-
rameter persistence modules in the literature. The rank invariant of
a module has been studied in the context of Ho-modules and shape
matching and has been shown to be stable when endowed with a
matching distance (15; 16). An alternative approach uses algebraic
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geometry to construct numeric functions on multiparameter per-
sistence modules (17), generalizing the ring of algebraic functions

on barcode space for the single parameter case {8). However, as
noted by (19), the disadvantage of both of these approaches is that
equipped with their vector space norms, these invariants are unstable
with respect to the natural distance to consider on multiparameter
modules, the interleaving distance. Another approach is to study al-
gebraic invariants associated to the multigraded algebra structure of
multiparameter persistence modules (20; 21).

In this article we introduce a family of new stable invariants for
multiparameter persistence modules, naturally extending the results
of (10) from the setting of single parameter persistence modules to
multiparameter persistence modules. We shall consider persistence
modules indexed by continuous real parameters. Our incomplete in-
variants, the multiparameter persistence landscays® derived from the
rank invariant associated to a multiparameter persistence module,
and they are continuous functions in Lesbegue p-space. The multipa-
rameter persistence landscape reduces to a family of single parameter
persistence landscapes: the multiparameter landscape of a persis-
tence module M indexed over R" is characterized by the fact that it
restricts to the single parameter landscape function of the restriction
of M to every line parallel to the main diagonal vector 1=(1,1,...,].

Thus, whilst the single parameter persistence landscape faithfully
represents the persistence diagram of a single parameter module (22),
the multiparameter persistence landscape encodes the persistence
diagrams of the family of single parameter persistence submodules
which lie on the lines of slope 1 through the parameter space.

Living in Lesbegue p-space, the multiparameter landscapes are
naturally endowed with a distance function and there is a uniquely
de ned mean associated to multiple landscapes. Considered as Ba-
nach space valued random variables, multiparameter landscapes
satisfy the Strong Law of Large Numbers and the Central Limit The-
orem and are thus are well suited to statistical analysis. The natural
inner-product structure on the landscape functions gives rise to a
positive-de nite kernel, which can be leveraged by machine learning
algorithms.

The multiparameter landscape functions are sensitive to homolog-
ical features of large, medium and small persistence. The landscapes
also have the advantage of being interpretable since they are closely
related to the rank invariant. Moreover one can derive stable R-
valued numeric invariants from the landscape functions using the
linear functionals in the dual space. We can produce con dence inter-
vals and perform hypothesis tests on these numeric invariants which
are viewed as R-valued random variables.
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In the 2-parameter case we visualise a multiparameter landscapes
as a surfacel : R2! R. We shall present computational examples
in the 2-parameter case using the RIVET software presented in (23).
These examples will serve a range of potential applications, demon-
strating that the landscapes are sensitive to both the topology and
geometry of data.

2.2 Multiparameter Persistence

The central objects of interest in multiparameter persistence theory
are multiparameter persistence modules. These are algebraic objects
which can be used to encode rich topological and geometric prop-
erties of a data set. The following example gives a construction of a
multiparameter persistence module.

Example 2.2.1 (Sublevel-set Multiparameter Persistence Module).

Let X be a topological space and X ! R", called a Itering function.
We can associate a family of topological subspaces indexed by aestors
(a1, ...,80) 2 RMinduced by f:

Xa=fx2 X:f(x)j<g8i=1,..ng

this is known as the sublevel-set lItration. For aty 2 R" such that

g b foralli = 1,..,n, we have an inclusion mapX] Xy. If we

let H denote a singular homology functor with coef cients in a eld then
applying this functor to the collectiohX;g.orn and the appropriate inclu-
sion maps gives rise to a family of vector spddé$X;)gaorn and linear
mapsf H(Xa) ! H(Xp)ga b known as a Sublevel-set Multiparameter
Persistence Module.

In the case of point cloud data in Euclidean space we can capture
the spatial distribution of the points with our ltering function. Let
P = fps...png RN = X denote a point cloud in Euclidean
space. We may de ne our ltering function from this point cloud
fo : RN I R"to have the rst parameter be the distance function
from the point cloud fp(x); = minpppkx  pK, (where k k denotes
the Euclidean norm). The remaining coordinates can be used to lter
our space by other parameters of interest. For example, one could
choose the second parameter to be a density function in order to
introduce robustness to outliers of the point cloud. Alternatively
a second parameter could be chosen to track a numeric property
associated to the points of the point cloud such as charge or mass in
the case that the points in the point cloud represent atoms (13).

The resulting sublevel-set multiparameter persistence module
will then encode the topology of the spatial distribution of the point
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cloud and its interdependence with other chosen ltration parame-
ters. We provide such constructions and example computations in
Section 2.6.

We can give a compact mathematical description of multiparame-
ter persistence modules as objects of functor categories following (24)
or as graded modules over polynomial rings following ( 25; 23).

Let P, denote the monoid ring of the monoid ([0,¥ )", +) over a
eld F. Equivalently one may think of P, as a pseudo-polynomial
ring F[Xq,...,Xn] in which exponents are only required to be non-
negative and can be non-integral. Let A, denote the polynomial ring
F[X1, ...,xn] or analogously the monoid ring of (N",+) over F.

Let P denote the category associated to the posetP, so that R"
and Z" denote the categories associated to the poset{R", ) and
(Z", ) under the standard coordinate-wise partial orders. Let Vect
denote the category of vector spaces and linear maps overF, and
vect denote the subcategory of nite dimensional vector spaces.
Moreover, for a category C, let us denote the C-valued functors on P
by CP.

De nition 2.2.2 (Multiparameter Persistence Module) . Let M be a
module over the ring 2 We say M is a persistence module if M is Bfi-
graded R-module. That is to say M has a decomposition &s\ector space
M = oorn Ma compatible with the action of,P

m2 Ma =) Xb m2 Ma+b

We require a morphism &"-graded modules f M ! N to be compatible
with the module structure fx° m) = x° f(m) and respect the grading of
the modules so that rd M, implies f(m) 2 Na.

In the setting of a sublevel-set persistence module the vector space
at each grade isH(Xa), and the action of x° on H(Xa,) is given by
the linear map of homology groups induced by the inclusion Xj |}
Xa+ b-

De nition 2.2.3 (Multiparameter Persistence Module) . Let M be an
element of the functor catego‘r/ﬁctRn. We say M is a multiparameter
persistence module. A morphism of persistence modules is a natural trans-
formation M) N.

De nition 2.2.2 and De nition 2.2.3 are equivalent as realised by
an equivalence of categories betweenR"-graded P,-Mod and VectR"
(26).

The theory of persistent homology is well developed for topologi-
cal spaces ltered by a single parameter. Under appropriate niteness
conditions, one can record the homological features of the Itered
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topological space captured by the single parameter persistence mod-
ule in a multiset of intervals known as the barcode. Moreover the
Krull-Schmidt Decomposition Theorem establishes the barcode as

a complete invariant (27). No such discrete complete invariant ex-
ists for multiparameter modules. However, associated to a point-
wise nite dimensional multiparameter module is a family of single
parameter modules whose collection of barcodes is known as the
bered barcode (23). Since we are working with persistence modules
induced by real world nite data, the pointwise nite dimensionality
assumption we require for the bered barcode to exist is not a serious
restriction. We shall see later that we will be able to reduce the com-
putation of our multiparameter module invariant, the multiparameter
persistence landscapes, to queries of the bered barcode.

De nition 2.2.4 (Fibered Barcode (23)). LetL denote the subposet of

R" corresponding to a positively sloped line L R". Leti, : (R,k

ke) ! (R™ k ky) denote the isometric embedding witt{R) = L and

iL(0) 2 fxp = Og. For M 2 vectR" the composite M= M i isa
pointwise nite-dimensional single parameter persistence module, and thus
has an associated barcd@¥Mb). LetL denote the set of positively sloped
lines. The collectiofB (M) : L 2 Lg is known as the bered barcode of
M.

In view of applications of multiparameter persistence to data anal-
ysis we would like a distance function to compare multiparameter
persistence modules. The interleaving distance, d,, is a pseudo-metric
on multiparameter persistence modules and provides a notion of al-
gebraic similarity. Details of the interleaving distance can be found
in the Appendix 2.8.2. This pseudo-metric has been shown to be the
most discriminating, stable metric on multiparameter persistence
modules (26). A comprehensive mathematical formulation of metrics
for generalized persistence modules is presented in (28).

Despite the strong theoretical properties which make the interleav-
ing distance a good candidate to compare multiparameter persistence
modules, it has a couple of undesirable properties for data analysis.
The interleaving distance has been shown to be NP-hard to compute
(29; 30) and so is not computable in applications. Moreover the inter-
leaving distance has the characteristics of anL¥ -style distance, in that
it measures the worst place two modules match up over the parame-
ter space. In contrast, an LP-style distance, for p 2 [1,¥ ), is sensitive
to the difference of two modules over the whole parameter space.

2.2.1 Interval Decomposable Modules

Given the complicated nature of unconstrained multiparameter per-
sistence modules, it is common to consider subclasses of multiparam-
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eter persistence modules. These modules admit a discrete complete
description in analogy with single parameter modules. We can use
the decomposition of this subclass of modules into simple summands
to de ne matching distances between theses modules. Recall that we
denote the category of nite dimensional vector spaces as vect.

De nition  2.2.5 (Interval Decomposable Modules). We de ne a sub-
poset| R"tobeanintervalifst 2 I,s r timpliesr2 | and
foranyst 2 19r; 2 I connectingsandt,s ro ry rp r3

rn = t. The interval moduld, 2 vectR" associated to an interval |
has a one dimensional vector space at egtH and internal isomorphisms
given by the identity wherever possible. We say a modulg MectR" is
interval decomposable if M ;55 1);, for some indexed set of intervals
flj:j2Jg.

The Krull-Schmidt-Remak-Azumaya Theorem guarantees that the
decomposition of an interval decomposable module is unique up
to reordering. We can thus assign the indexed set of intervals in the
decomposition of a module M to be the barcode B(M) = flI; : j 2

Jg.

De nition  2.2.6 (#Matching). Letfl; : j 2 Jg andfJ : k 2 Kg

be indexed sets of intervals. We say a partial bijection] 9 K is an#
matching if d (1|j , 1%(1.)) #for matched intervals and|(§l1|j ,0),d(0,1,)
#for unmatched intervals.

De nition 2.2.7 (Bottleneck Distance). Let M and N be interval de-
composable modules. The bottleneck distance between the modules is given

by

dg(M,N) = inff# 0:B(M),B(N) admit an#matchingy.

One would hope to attain a result analogous to the isometry the-
orem for ordinary one dimensional persistent homology relating
the bottleneck distance and the interleaving distance. In the single
parameter case an#interleaving induces an #matching between
summands (31). In contrast, the interleaving distance and bottleneck
distance do not coincide for multiparameter interval decomposable
modules. Certainly the bottleneck distance provides an upper bound
on the interleaving distance. However general interleavings of in-
terval decomposable multiparameter modules do not necessarily
induce a matching of interval summands. This is best illustrated by
an example provided in ( 32) for which the optimal matching between
l-interleaved modules is a 3-matching.

We can further de ne a Wasserstein distance for interval decom-
posable modules.
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De nition 2.2.8 (p-Wasserstein Distance) Let M, N be interval decom-
posable persistence modules with barcbdlesj 2 Jg andf k : k 2 Kg
respectively. Append a collection of empty intervals to each barcode of car-
dinality the size of the other barcode. For a matclsingd ! K , let

# = d|(1|j , 1JS(j)). The p-Wasserstein distance is given by

2 3%
up(M.N)= . 48 5

The bottleneck distance is simply the ¥ -Wasserstein distance.
If we wish to place extra emphasis on intervals with large persis-
tence we may use the persistence weighted p-Wasserstein distance
(De nition 2.2.10). In order to ensure the persistence weighted p-
Wasserstein distance is well de ned we need to check that intervals
are Lebesgue measurable.

Proposition 2.2.9. If |  R"is an interval of the partially ordered sBt",
then | is Lebesgue measurable.

Proof. Recall the following characterisation of Lebesgue measurable
sets. Asetl R"is Lebesgue measurable if and only if for all #> 0
there exists an open setU and a closed setC such that U I C,
and the Lebesgue measuren(CnU) < #

To establish intervals are measurable it suf ces to show that for

any interval 1  R" there is some openU  R" and some closed set
C R" (open and closed under the standard Euclidean topology)
suchthatU | Cand CnU has zero measure.

Let I and | denote closure and interior of the subset |  R" in the

standard Euclidean topology respectively. We shall rst show that the
interior of the closure of an interval (1) coincides with the interior of

that interval (1) = 1 .If x 2 (1) , then there is some ¥ -norm ball
contained in | containing X in its interior. Thus there exist a,b 2 |
with g < x; < b forall i = 1,...,n. Theinterval | is dense in | so

we can perturb aand b to a%b%2 I with &< x; < b2 Sincel is an
interval containing a’ b®we have that the open setfy 2 R" : ai0 <
y; < bl is contained in I, and sox 2 I .

The set| is closed and so it is Lebesgue measurable and in par-

ticular 1 n(1) has zero measure. Thusinl = 1 n(l) also has
zero measure and we have found the requisite U = | and C = |
witnessing that | is measurable. O

De nition 2.2.10 (Persistence Weighted p-Wasserstein Distance) Let

M, N be interval decomposable persistence modules with barfcdejs2

Jg andf J : k 2 Kg. For a union of a pair of intervals[l J R" let

jI[ J denote the Lebesgue measure. The persistence weighted p-Wasserstein
distance is given by

23



24

2 3%
de(M’ N) = sjr']Pf( 4?' jlj [ Js(j)j#fs

The p-landscape distance we introduce in the following section is
similar to the persistence weighted p-Wasserstein Distance and can
be de ned for persistence modules which do not admit an interval
decomposition.

In Section 2.4 we will show that our invariant is stable with respect
to interleaving distance and the persistence weighted Wasserstein
distance. In particular the LP vector space norms on multiparameter
landscapes provide stable, computable distance functions for multi-
parameter persistence modules.

2.3 Persistence Landscapes

In this section we shall recall the de nition of the single parameter
persistence landscape and its properties. We shall generalize the de -
nition to multiparameter persistence modules and show which prop-
erties of the single parameter persistence landscape are preserved.

From this point onward all single parameter persistence modules
we consider shall be pointwise nite dimensional in order that they
admit an interval decomposition ( 27). The multiparameter persis-
tence modules we consider will be pointwise nite dimensional, but
will not necessarily admit an interval decomposition.

2.3.1 Single Parameter Persistence Landscapes

The persistence landscapssociated to a single parameter persistence
module is de ned in ( 10). The persistence landscape is derived from
the rank invariant of a module.

De nition 2.3.1 (Rank Invariant). Let M 2 vectR be a persistence
module then for a b the functionb + giving the corresponding Betti
number is the rank invariant of M:

b2 = dim (Im(Ma! My)).

De nition  2.3.2 (Rank Function). The rank functionrk : R? ! R is
given by 8
<pbd ifb d
rk(b,d) = . _
-0 otherwise.
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De nition  2.3.3 (Rescaled Rank Function) The rescaled rank function
r:R2! R is supported on the upper half plane:

8

< pm h,m+ h if h 0
r(mh) =
. otherwise.

Observe that the rank function has support contained in the upper
triangular half of the plane with the coordinates corresponding to
“births" and “deaths”, whilst the rescaled rank function has support
contained in the upper half plane with coordinates corresponding to
“midpoints" and “half-lifes".

De nition 2.3.4 (Persistence Landscape {0)). The persistence landscape
isafunctionl :N R ! R, whereR denotes the extended real numbers,
[ ¥,¥]. The functionl (k,t) :R! R is de ned by

| (k,t)= supfh 0:b' ¥ kg

The value | (k,t) gives the maximal radius of an interval centred
at t that is contained in at least k intervals of the barcode. The persis-
tence landscape and persistence diagram of a suitably well-behaved
single parameter module carry the same information ( 22).

Alternatively the persistence landscape of a single parameter mod-
ule can be derived from the landscape functions of the modules'
interval summands; see Figure 2.1.

De nition  2.3.5 (Persistence Landscape {0)). Let M be a single pa-
rameter persistence module with associated persistence diagram given by
the indexed sdft(bj,d;) : j 2 Jg . The persistence landscape of M may be
equivalently de ned as:

I (kt) = kmaxjpy fI ((b;,d;))(1,t)g

wherekmax denotes the'k largest value of the indexed set anf{ by, d;))
is the landscape associated to the interval moﬁwjgdj).

Lemma 2.3.6 ((10)). The persistence landscape has the following properties:
1 I (kt) O.

2. 1 (kt) | (k+ 1,t).

3. 1 (k,t) is 1-Lipschitz

The rst two properties are immediate from the de nition and the third
property is proved byl().
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Figure 2.1: We show the per-
sistence diagram of a single
parameter module M on the
left and the associated persis-
tence landscapes on the right.

death

birth One can see thatl (M)(k,t)
| (M)(1,x) — is the kmax of the landscape
| (M)(2,X) - functions | ((by, d;))(1,t) of the
N I (M)(3,%) --- interval summands of M.

2.3.2 Multiparameter Persistence Landscapes

Let us de ne the multiparameter persistence landscape in analogy
with the single parameter case. The rank invariant, rank function
and rescaled rank function de ned above generalise naturally to
multiparameter persistence modules:

De nition 2.3.7 (Rank Invariant). Let M 2 vectR” be a multiparameter
persistence module, then far b the functionb ' giving the correspond-
ing Betti number is the rank invariant of M:

b2 = dim (Im(Ma! Mp)).

De nition  2.3.8 (Multiparameter Rank Function) . The rank function
rk :R?" | R is given by
8
<pbd ifb d
rk(b,d) = . _
-0 otherwise.

De nition  2.3.9 (Rescaled Multiparameter Rank Function). The
rescaled rank functionrR?" ! R

8

Spm hmEhoifh 0
r(mh) ="

. otherwise.

One could perform statistical analysis directly to the rank function
and rescaled rank function. Endowed with the LP normed vector
space structure these functions are not stable with respect to the
interleaving distance for all p2 [1,¥].

Example 2.3.10 (Rank Function Instability) . For#> 0and N 2 N
consider the multiparameter persistence module M with presentation M
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krkmky = Nkrkykp = ¥ forallp 2 [1,¥),andd(M,0) = #
Details of presentations and the interleaving distangéod multiparameter
persistence modules can be found in Apper2dix

We wish to de ne a stable invariant and we derive a landscape
function from the rank invariant.

De nition  2.3.11 (Multiparameter Persistence Landscape). The multi-
parameter persistence landscape considers the maximal radius over which k
features persist in every (positive) direction through the parameter space

I :N R"! R.

| (k,x) = supf# 0:b* "*N  kforallh Owith khky #g.

It is worth noting that when restricted to a single parameter per-
sistence module this de nition coincides with the single parameter
persistence landscape (0). If there are multiple persistence mod-
ules under consideration we shall denote the landscape associated to
module M asl (M)(k, x).

Lemma 2.3.12. The multiparameter persistence landscape has the following
properties:

11 (kx) O
2. 1 (k,x) 1 (k+ 1,%).
3. 1 (k,x) is 1-Lipschitz.

Proof. The rst two properties follow immediately from the de ni-

tion. Let x,y 2 R" and let k 2 N . Without loss of generality assume
that | (k,x) 1 (ky)andthatalsor = I (k,x) k x yky = d. We
seek to show that | (k,y) | (k,x) k x yky.

Forany # Osuchthatk#ky r dletusdene h={(jxi v+
#);. We observe thatkhky k x yky + k#ky r and in particular
that:

X h y # y+# x+h,

Thus khky r means the mapM(x h  x+ h) which factors
through M(y # y+ #) has rank at leastk. Since#was arbitrary we
see thatl (k,y) r d O

In extending the persistence landscape de nition to multiparam-
eter persistence modules we encountered a choice ofp-norm for the
ball in R" over which we ask features persist. Whilst Lemma 2.3.12
holds for all choices of p-norm it transpires that the most natural
choice is the ¥ -norm. This choice considerably simpli es computa-
tion of the multiparameter persistence landscape and gives rise to a
number of further properties which we explore in this section.

27



28

Lemma 2.3.13. Let M be a multiparameter persistence module with rank

invariant by,. Forallh  Owith khky = h we have thab}, hlx+hl
b* hx+h
M 0

Proof. Forall h  Owith khky = hwe havethatx hl x h
x+ h  x+ hl. Hence the linear map M(x hl x+ hl) factors
through the map M(x h x+ h) and thus the result follows. O

In view of Lemma 2.3.13, we see that in order to compute the
value of a multiparameter persistence landscape | (k, x) at the point
X = Xg, we only need to compute supf# 0:bXo #Axo*# kg Thus
we only need to compute a single barcode in the bered barcode to
compute the landscape value at a point.

Proposition 2.3.14. Let M be a persistence module andléebe a line of
slopel through the parameter spaB¥®. Leti_ : (R,k ky) ! (R",k ky)
denote the isometric embedding witi{R) = L andi (0) 2 f x5 = 0g.
The restriction of the multiparameter landscape of M to L and the single
parameter persistence landscape of the persistence moHudeimdide,

F(MB)(k 1) = 1 (M)(k,iL(D).

Proof. Following the landscape de nitions we see that if | (M)(k,i_(t)) >
h then we have that bi(® ML+ bl,™* " kandsol (ML)(k1) >
hthus | (MY)(kt) | (M)(ki_(t)). Conversely, if | (ML) (kt) > h
then bi,bl(t) hLILOFAL and so by Lemma 2.3.13 we have that

pl(® Mi®Fh i PLLOFML e forall - O with khky = hand
thus | (MYY(kt) | (M)(ki(1). O

Let kmax denote the function on nite multisets mapping a nite
multiset Sto the ki largest value of the multiset if |Sj kand 0
otherwise. An immediate consequence of Proposition 2.3.14 is that
like the single parameter persistence landscape, the multiparameter
persistence landscape also admits a decomposition as the kmax of
a series of simple landscape functions when our module is interval
decomposable.

Proposition 2.3.15. The multiparameter persistence landscape of an inter-
val decomposable module M 1), can be equivalently de ned as:

I (M)(k x) = kmax;fl (1|j)(1,x)g.

Proposition 2.3.16 follows from Proposition 2.3.14 and the fact
that the map from persistence diagram to persistence landscape is
invertible for nitely presented single parameter persistence modules
(22). For completeness, we provide a proof of Propostion 2.3.16. See
Appendix 2.8.1 and De nition 2.8.4 for multiparameter persistence
module presentations.
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Proposition 2.3.16. Let M 2 vecth]n be a nitely presented multipa-
rameter persistence module andllet N R" ! R be the associated
multiparameter persistence landscape. Udinge can recover the rank
invariant of M on the set of pairs of parameter values which lie on lines of
slopel, f(a,a+ rl):a2 R", r Og.

Proof. The rank invariant on the set f(a,a+ rl) :a2 R", r 0Ogis
derived from the landscape as follows:

(

b28* ™ = limsup max k2 N :1 (ka+
d o* 2

(r+ d)l) r+ d)
2

Consider a pair of parameter values (a,a+ rl). If b2 "1k since
M is nitely presented, b2a(r*d1 | for all suf ciently small d. Let
Cq= a+ @1. By Lemma 2.3.13 b} heath kforall h 0 with
khky 39 and thus we have that | (k,c)) 52 for suf ciently

small d.
Conversely, suppose that | (k, cg) | @ for some small postitive
d. This implies that b&a*rt — paat(r+3)1 | O

The following example illustrates two modules with distinct rank
invariants which are not distinguished by their multiparameter per-
sistence landscapes.

Example 2.3.17. Denote by[a, b] the rectangular interval module with
opposite verticea,b. Let M = [(0,1),(10,2] [(4,D,(6,2)] and

N =1[(0,1),(6,2] [(4,2),(10,2] be interval decomposatdgarameter
persistence modules. These two modules have different rank invariant
(bf\fl)‘l)’(lo‘z) =16 0= b(,\?’l)‘(lo’z)) but the same multiparameter per-
sistence landscapes, see Fiquge

One would hope that a multiparameter module invariant could
distinguish the modules in the previous example. The multiparame-
ter persistence landscape fails to distinguish these modules since the
rank invariants of these modules coincide on all pairs of parameter
values lying on lines of slope 1. This in turn occurs since the over-
lap between the summands in the x;-coordinate is greater than their
persistence in the x,-coordinate. Thus altering X1, xo at the same rate
we cannot detect the interaction between the summands with the
multiparameter persistence landscape. A simple reparametrisation
scaling parameters x; appropriately would allow us to distinguish
these modules and motivates the following de nition.

De nition  2.3.18 (w-Weighted Persistence Landscape) Letw 2
fu2 R":u > 0,kuky = 1g be a weighting vector corresponding to a
rescaling of the parameter sp&®. De ne thew-weighted in nity norm
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Figure 2.2; We illustrate a pair
of interval decomposable multi-
parameter persistence modules,
M,N 2 vect®, which have
distinct rank invariants but the
same multiparameter persis-
tence landscapes. Each module
is the direct sum of two rect-
angular intervals. The rst
summand of each module is
shaded with green dots and the
second summand is shaded in
solid red.

X2

X1
M =[(0,1),(10.2] [(4.D.(6,2]

X2

X1

N =1[(0,1),(6,2] [(4.D,(10,2]

to bekhky = Kk(w;jh;)iky . Thew-Weighted Persistence Landscape is a
functionl w :N  R"! R.

| w(k,x) = supf# 0:b* "*N  Kiforallh Owith khk¥ #g.

Remark2.3.19. The ordinary multiparameter persistence landscape is
the 1-weighted persistence landscape.

The example illustrated in Figure 2.2 exhibits the dependence
on the relative scaling of the signi cant parameter values in a mul-
tiparameter persistence module and highlights the importance of
normalisation or choice of weighting vectors w in practical applica-
tions. Consider the weighted landscape with weighting w = ( ﬁ, 1)
for the examples in Figure 2.2. This weighted landscape distin-
guishes the two modules, indeed | (M)(1,(5,1.5) = 0.5 and
= 1 w(N)(1,(5,1.9) = 0.1.

The weighting hyperparameter for multiparameter persistence
landscapes is analogous to the Poisson parameter used for the
Poisson-weighted persistence landscape kernel introduced in (11),
and the Weighting Function for persistence images introduced in
(12). Determining an appropriate choice of these hyperparameters is
dependent on a given applied setting.

In the case that your multiparameter persistence module is a sub-
level set Itration of a simplicial complex K with ltration function
f=0L,fi:K! R", itmay be desirable to choose a weighting such
that the distributions of Itration values in each coordinate have sim-
ilar variance. For example, in Section 2.6.2 we apply a log transform
to the bandwidth parameter to ensure the distributions of Itration
values in our bi ltration have similar variance in each coordinate. For
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convenience of notation let us use shorthand notation for component
wise multiplication a b = (ab);.

De nition  2.3.20 (w-Rescaling). Letj 2 Aut(R") denote the invertible
rescalingj w(x) = w xj forw 2fu2 R":u; > 0g.

The following proposition makes precise the relationship between
the weighted landscape and rescaling the parameter space.

Proposition 2.3.21. Letw be a rescaling vector and le}, denote the func-
tion taking a module to itsv-weighted persistence landscape. (j&})
denote the pull back ¢f,,. Thew-weighted persistence landscape is given
bylw =(id j, 1) I1 (jw) andso the following diagram com-

mutes:
vectR" : vectR"
(w)
3} b
RECIS ]
LP(N R"M — 2w N R").

Proof. Let M 2 vectR". Itis a straight forward de nition chase to see
the diagram commutes. Direct computation yields the result:

lw(M)(kx) = supf# 0:b%, ™" K forall h Owith khk{¥ #g

supf# 0:byy | MO torallh owith kw 1 hkY  #g

supf# 0:byy | X ™ XU i forallt  Owith ktky  #g
LM juw)kw 1 x)=(id j, 1) T1 (w) (M(KkX).
O

2.4 Stability and Injectivity

In this section we shall show that the multiparameter landscapes
are stable with respect to the interleaving distance and persistence-
weighted Wasserstein distance. We will then provide an injectivity
result that shows the collection of weighted persistence landscapes
derived from a persistence module contains almost all the informa-
tion in the rank invariant of that module.

For eachp 2 [1,¥ ] let us de ne a p-distance on the space of multi-
parameter landscapes completely analogously with the de nition as
in (10) where we implicitly are viewing our landscapes as elements of
Lebesgue spaceL,P(N  R"™). Our landscapes are all measurable since
they are continuous; however they may be unbounded. We can either
choose to permit in nite distances or alternatively truncate our land-
scapes to a bounded region if we wish to ensure that our distances
are nite.
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De nition  2.4.1 (p-Landscape Distance) Let M, N be multiparam-
eter persistence modules. The p-landscape distance between M and N,
dl(p)(M, N), is de ned to be:

dP(M,N) = kI (M) 1 (N)kp.

241 Stability

Unlike the in nity norm of rank function and rank invariant, the
in nity norm of multiparameter persistence landscapes is stable with
respect to the interleaving distance.

Theorem 2.4.2 (Multiparameter Persistence Landscape Stability).

If M,N 2 vectR" are multiparameter persistence modules thenthe
landscape distance of the multiparameter persistence landscapes is bounded
by the interleaving distance, d

d¥)(M,N)  di(M,N).

Proof. Suppose M, N are #interleaved. Let x 2 R" and assume
without loss of generality that r = | (M)(k,x) | (N)(k,x) and that
alsol (M)(k,x) #

For any h Owith khky < r #we have that kh + #ky < r.
Sincer = | (M)(k,x) we know that the map M(x (h + #1)
x+ (h+ #1)) has rank at leastk.

An #interleaving gives rise to commutative diagram:

M(x (h+ #1)) M(x+ (h+ #1))

N(x h) —— N(x+ h)

Thus we see thatthe mapN(x h  x+ h) has rank at leastk.
Hencel (N)(k,x) r #and thus the in nity norm distance between
I (M) and | (N) is at most # O

Corollary 2.4.3 (Multiparameter Sublevel-set Landscape Stability
Theorem). Let f,g: X ! R" be ltering functions and let M f), M (g)
denote the induced sublevel-set multiparameter persistence modules. The
sublevel-set persistence modules satisfy:

d¥)(M(f),M(g)) k f gky.
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Proof. M(f),M(g) are kf gky -interleaved. O

In practical applications we may wish to truncate our landscapes
to a bounded region of the parameter space R~ R". Sincekhlgkp
jRjkh1gky , the ¥ -landscape distance stability result yields a coarse
bound for the p-landscape distance.

Corollary 2.4.4. Let M, N be multiparameter persistence modules and

R N R"alLebesgue measurable subset of the parameter space. The
p-landscape distance restricted to the region R is stable with respect to the
interleaving distance:

k(I (M) 1(N))1rkp j Rjdi(M,N).

The weighted landscapes also satisfy stability with respect to the
interleaving distance. This can be shown directly or using Proposi-
tion 2.3.21 and the stability result in the unweighted case.

Corollary 2.4.5 (Multiparameter w-Weighted Landscape Stability).

Let M, N be multiparameter persistence modules. For unit weightings

w 2 fu 2 R":u > 0kuky = 1gthe¥ -Landscape distance of

the weighted Multiparameter Persistence Landscapes is bounded by the
interleaving distance.

Klw(M)  Tw(N)ky  di(M,N).

Proof. Suppose that M, N are #interleaved and that w is a unit
weighting. Since w is a unit weighting (j w) (M), (j w) (N) are also
#interleaved. We attain that:

Klw(M) Tw(N)ky = k(id j,, 1) 11 (Gw) (M) (d j, 1) T1 (Jw) (N)ke
ki 1 (J w) (M) | 1 (J W) (N)k¥
di((jw) (M),(Jw) (N)) di(M,N).

The rst equality is a result of Proposition 2.3.21 and the penultimate
inequality is a direct application of Theorem 2.4.2. O

The p-landscape distance restricted to interval decomposable mod-
ules is stable with respect to the persistence weighted p-Wasserstein
distance.

Proposition 2.4.6 (p-Landscape Distance Stability of Interval De-
composable Modules). Let M, N be interval decomposable multipa-
rameter modules with barcodes consisting of nitely many intervals. The
p-landscape distance is stable with respect to the persistence weighted p-
Wasserstein distance:

dP (M, N) dz, (M, N).
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Proof. Let us use the shorthand notation | ,, = | (M), and suppose
M, N have barcodesfl; : j 2 Jg and f %k : k 2 Kg with equal
cardinality by appending a set of empty intervals of the cardinality

of the other set. Recall that the landscape for M can be expressed as
a pointwise maximum, | y (k,x) = kmaxj | 1Ij(1,x). Lets:J I K
be any bijection realising the persistence weighted p-Wasserstein
distance, and let # = di(1,1y,).

y Z
dP(M,N)P= ki y InkB= & k) 1y (kx)jPdm
k=1
Z y
= 4 jkmaxy 11, (1,x) kmaxg |1, (1,x)jPdm
R =1 !
z
o - p
an% iy, (1,%) Tay  (1,X)jPdm
z

RN j% #flf L 3ygdm

& [ Li# = d (M, N)P.
j2J

The inequality between the second and third line follows from the
general fact that for any u,v 2 R" the sum & ju; v;j9is minimized
by ordering the components of each tuple. The fourth line bounds
the third line by Theorem 2.4.2 applied to the matched interval sum-
mands. O

2.4.2 Injectivity

We now show that the collection of weighted landscapes associ-
ated to a module preserves almost all the information contained in
the rank invariant of nitely presented persistence modules. See
Appendix 2.8.1 and De nition 2.8.4 for multiparameter persistence
module presentations.

De nition 2.4.7 (Weighted Landscape Space) LetW := fu 2 R":

uj > 0,kuky = 1gdenote the set of unit weights. Each multiparameter
module M gives rise to a functiohy (M) : W ! L¥(N R") mapping

each unit weight to the associated weighted landscape of that module. We
de ne weighted landscape space to be this function space equipped with the
metric:

dw(l w(M), I w(N)) = kl w(M) T w(N)ky¢ = S;J\lj)vfk| w(M) 1T w(N)kyg.

Proposition 2.4.8. LetvectFrﬁn denote the space of nitely presented mul-
tiparameter persistence modules. Let us de ne an equivalence relation on
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vecth]n identifying M N if the rank invariant of M and N coincide.

Denote the quotient space of nitely presented multiparameter persis-

tence modules under this equivalence relatiowdwtf]”/ . The map

lw @ M 7 f(w,l w(M)) : w; > 0,kwky = 1gis injective and

1-Lipschitz onvect*ﬁn/ , Where we equip the quotient space with the dis-
tance induced by the interleaving distance, and the weighted landscape space
with the metric dy.

Proof. We shall rst show that the map | is injective. Let M 2 vectF;n
and recall Proposition 2.3.16. For all a < b there is some unit rescal-
ing vector w such that the pair of parameter values (j w(a),j w(b))
lie on a line of slope 1. Thus we can recover the rank invariant of

M from the collection f(w,| w(M))g. The fact that the map | y is
1-Lipschitz is an immediate consequence of Corollary 2.4.5 Multipa-
rameter w-Weighted Landscape Stability. O

Sincel  is 1-Lipschitz we can compute a lower bound on the in-
terleaving distance between modules from the collection of weighted
landscapes. We would be interested to investigate further the rela-
tionship between the landscape distance and the interleaving distance
to understand when the landscape distance provides a good lower
bound for the interleaving distance.

2.5 Statistics on Multiparameter Landscapes

A principal advantage of working with landscapes as a summary
statistic for our data is that we are always able to take the pointwise
mean of a collection of landscapes. Whilst the mean of a collection
of landscapes is not necessarily the landscape of some module, one
can still interpret the mean landscape. The location of local maxima
of the mean landscape correspond to the parameter values above
which signi cant features of the sample landscapes live, which in
turn correspond to signi cant topological features of the data set
from which the sample landscapes have been derived.

The space of persistence landscapes endowed with thep-landscape
distance naturally spans a subspace of Lebesgue space, a Banach
space. We would like to perform statistical analysis on a set land-
scapes produced from data sets to distinguish signi cant topological
signals from sampling noise. In Appendix 2.9 we review relevant
results from the theory of Banach Space valued random variables.

In this section we apply these results to multiparameter persistence
landscapes. We attain the same collection of results enjoyed by the
single parameter persistence landscape established in (0).
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25.1 Convergence Results for Multiparameter Landscapes

We shall take the same probabilistic approach as in (10) in viewing
multiparameter landscapes derived from a data set as a Banach space
valued random variable. The model for applying statistical analysis

to persistence landscapes will trace the following general setup.

Suppose X is a Borel measurable random variable on some proba-
bility space (W, F,P) thought of as sampling data from some distri-
bution. Further let L = L (X) denote the multiparameter persistence
landscape associated to some multi Itration of the data X, so that in
summary L : (W,F,P)! LP(N RM™forl p< ¥ isarandom
variable taking values in a real, separable Banach Space.

Let f X;g be i.i.d copies of X and f L ;g their associated landscapes.
Denoting the pointwise mean of the rst n landscapes byfn and ap-
plying the general theory of probability in Banach spaces presented
in Appendix 2.9 we attain several results. Observe that in practice
we may be required to truncate our multiparameter landscapes to a
bounded region in order to satisfy the niteness criteria in the con-
vergence results.

Associated to a well-behaved Banach space valued random vari-
ableL : (W,F,P)! LP(N R")isasetfunctionl, :F !B
called the Pettis Integral of L. This can be thought of as the expecta-
tion of a Banach space valued random variable. For more details see
Appendix 2.9 and (33).

Theorem 2.5.1 (Strong Law of Large Numbers) . With our notation as
in the above discussidn” ! 1, (W) almost surely if and only iE [kL K] <
¥,

Theorem 2.5.2 (Central Limit Theorem) . Let us consider the landscapes
endowed with the p-landscape distance for @2. If E[KLK] < ¥ and
E[KL2k] < ¥,then” n(L" I_(W)) converges weakly to a Gaussian
random variable @) with the same covariance structure las

The central limit theorem for the landscapes induces a central limit
theorem for associated real valued random variables and facilitates
the computation of approximate con dence intervals.

Corollary 2.5.3. Let us consider the landscapes endowed with the p-
landscape distance for p 2. Suppos&[kL k] < ¥ andE[KL2k] < ¥. If
f2 LP(N R") ,sothatY= f(L) is areal valued random variable, then
P ﬁ(Vn E[Y]D !'N (0,Var(Y)) converges in distribution.

Corollary 2.5.4 (Approximate Con dence Intervals) . Suppose Y is
a real-valued random variable attained from a functional applied to the
multiparameter landscape satisfying the conditions of Corolla/5.3. Let
fYiglL , be i.i.d. instances of this random variable arfd=S n—ll ait,(Y;
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Yn)? the sample variance. An approximdte a) con dence interval for
E[Y]is given by:[Yn 23, Yn+ 23 P2], where g is the§ critical value
for the normal distribution.

In practice, a functional of choice could be given by integrating

FQe landscapes over a subsetR of the parameter domain fr(L) =
r L dm These functionals can be used to establish the signi cance of
homological features in different regions of the parameter space.

We remark that recent work has attained con dence bands for
single parameter persistence landscapes 84; 35). It is shown in ( 34)
that the single parameter persistence landscapes satisfy a uniform
central limit theorem, and moreover the rate of convergence is com-
puted. It would be interesting to see similar analysis performed in
the multiparameter setting.

2.6 Example Computations and Machine Learning Applications

In this section we shall present example computations of multiparam-
eter persistence landscapes and demonstrate a simple application of
machine learning to the persistence landscapes. We use the RIVET
software (36) for computations of 2-parameter persistence modules
presented in (23) together with ( 37) to compute multiparameter
persistence landscapes from the2-parameter persistence modules.
RIVET supports the fast computation of multigraded Betti numbers
(see De nition 2.8.5) and an interactive visualisation for 2-parameter
persistence modules. The software computes a data structure asso-
ciated to a module which facilitates real time queries of the bered
barcode. As far as we know, RIVET is the only publicly available
TDA software package supporting multiparameter persistent homol-
ogy calculations.

The software supports a range of input formats including: point
cloud, metric space, algebraic chain complex, and explicit bi Itered
complex. In particular we shall use the software to calculate and
guery the bered barcode associated to a module along a selection of
one dimensional slices of the parameter space.

In order to reduce computational cost, RIVET approximates mul-
tiparameter modules with a discretization. These approximations
can be taken to arbitrary accuracy with respect to the interleaving
distance, see Appendix 2.8.3. Discretization is not the only approach
one can take in computations involving continuous multiparame-
ter modules. In contrast (21) develops a primary decomposition of
modules which facilitates a nite description of a wide class of per-
sistence modules which would require in nitely many generators
if discretized. Our only obstruction to using this approach rather
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than discretization is the lack of available software to cope with these
presentations.

Computation of the module with RIVET is the most computation-
ally expensive procedure in our calculations. Details of the time and
space complexity of the algorithm may be found in ( 23), loosely if m
denotes the size of the Itered complex associated to the input data,
in the worst case one requires time O(m°) and spaceO(m®) to com-
pute the data structure which admits fast queries of the bered bar-
code. Further details of the software and complexity may be found in
(23).

In theory, since our landscape is derived solely from the rank in-
variant, we need not calculate the full module and bered barcode.
Recall that the value of the multiparameter persistence landscape
at each point can be calculated using the single parameter persis-
tence landscape associated to the line of slopel passing through that
point. Thus we could reduce the computation of the multiparameter
landscape in any dimension to repeated single parameter persistent
homology calculations. This reduction would be highly parallelizable
and likely to provide signi cant speedup.

Proposition 2.6.1. LetM 2 vect® be a multiparameter persistence
module derived from a simplicial complex with m simplices.# et 0 be
some tolerance value af@,R] [0,R] R? a subset of our parameter
space. We can compute #approximationl (M)® to the persistence
landscapé (M) of M on the regior{f0,R] [0,R] in time O(m3%). Our
approximation is with respect to the in nity norm, that isl (M)®

I (M)ky #

Proof. Divide the region [0,R] [0,R]into a grid of spacing # It

suf ces to calculate the values of the landscape on this grid since

the landscape functions are 1-Lipschitz and so we can extend the

grid values to an #approximate function on [0,R] [0,R]. Thus we
reduce our computation to the computation of % single parameter
landscapes corresponding to the collection of % slope 1 lines passing
through the points of the grid.

Given birth-death pairs, ( 38) provide an algorithm to compute the
persistence landscapes in timeO(m?). It is well known from ( 6) that
one can produce birth-death pairs from a Itration of size  m in time
0O(m?). Hence the result follows. O

It is possible that the above time estimate for the landscape com-
putation could be improved by using vineyard style updates between
the single parameter landscapes 39). Moreover it may be that in
practical applications, computing the module with RIVET is signif-
icantly faster than the worst time bound O(m®) and thus using the
bered barcode queries will be faster than the computation of a series
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of single parameter landscapes. Note also that the % single parame-
ter landscape calculations are independent and so can be computed
in parallel. We postpone comparisons of different computational al-
gorithms, benchmarking, and ef cient implementation to follow up
work.

One may want to utilise machine learning algorithms with land-
scape functions as a collection of features for a data set. Recall that
if we consider the persistence landscapes associated with the 2-
landscape distance then we are naturally in the setting of a Hilbert
Space. The inner product on this space is positive de nite on the
space of persistence landscapes. As such we may use this kernel to
learn non-linear relationships in our data and then apply convex
optimisation techniques to an SVM.

Another point to note is that we can discretize the landscape to
give an n-dimensional array as a summary of our data to which
one could apply a convolutional neural network. This transform
from landscape to multidimensional array will satisfy stability with
respect to the landscape distance. A similar approach is used by (12)
to produce a persistence imageom a persistence diagram.

We provide three computational examples together with the ap-
plication of a basic statistical test and standard SVM classi er. Our
examples demonstrate that the multiparameter landscape is sensitive
to both topology and geometry. We do not claim that the multipa-
rameter landscape is the optimal analytic tool to perform the various
tasks in our examples, rather we demonstrate a range of potential
applications.

2.6.1 Concentric Circles

Our rst example will look at points sampled from densities concen-
trated around a pair of concentric circles with radii 1 and 3 respec-
tively. We colour the points from each circle in two distinct ways.
Colouring A assigns the large circle colour parameter 0.5 and the
small circle colour parameter 1.5. Colouring B assigns the small circle
colour parameter 0.5 and the large circle colour parameter 1.5. We
examine how the multiparameter landscapes differ depending on the
colouring of the circles. For each colouring we perform 30 samples,
each sample consisting of 100 points uniformly sampled from each
circle Figure 2.3(a).

We produce a ltration on each pointcloud with the Rips lItra-
tion in the rst parameter and the colour parameter in the second
parameter. Thus at parameter value (r,c) 2 R?, we have the space
X9 = VR(Pc,r) where P¢ denotes the sampled points with colour
parameter no more than c. We apply the degree one homology func-
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tor Hy to produce a multiparameter persistence module which de-
tects the loops in our ltered topological space.

We compute the average landscapes of theH-modules for the
two different colourings, Figure 2.3. When the large circle has the
smaller colour parameter value, the rst landscape (k = 1) can
detect the large circle Figure 2.3(b). We see the large circle in the rst
landscape as the large mountain spanning the parameter subspace
[1,5.4 [0.5,1.3. When the large circle has the higher parameter
value, the persistence in the Rips Itration parameter is diminished
by the presence of the small circle with smaller colour parameter. In
both colourings, the second landscape (k = 2) exhibits the range of
parameter values for which both circles are detected Figure 2.3(c).

We test the robustness of the landscape by repeating the sampling
this time with only 50 points per circle and perturbing both the lo-
cation and colour of the sampled points with the addition of i.i.d.
normals N (0, 0.3, Figure 2.4(a). We illustrate in Figure 2.4(b) and
Figure 2.4(c) the average landscapes taken over 30 noisy samples.
The resulting landscapes are similar to those of the larger samples
without noise.

Let us perform a statistical test to determine whether the multi-
parameter landscapes can detect that the noisy samples are drawn
from different distributions. Let mdenoteF\;he Lebesgue measure on
R2 and consider the functional fr(l) = r | dm Using the results
of Section 2.5 we nd approximate con dence intervals for  fr(l )
with R = fig ([2,6] [0,1.§) N RZ2 We attain approxi-
mate 99%-con dence intervals on the noisy samples: for Colouring
A [0.400, 0.474 and for Colouring B [0.00556, 0.00809 A two sample
t-test on the values of this functional on the two sets of colourings
attains a p-value of 0.00629. Thus we reject the null hypothesis that
the functional values on the landscapes of the two colourings have
the same mean.

We also perform a permutation test for the test statistic kI A | Bk,
(with norm taken for the rst landscape over the whole parameter
space[0,6] [0, 3]). We apply 10,000random permutations to the
collection of landscapes randomly assigning 30 landscapes to group
A and 30 landscapes to group B and then computing the test statis-
tic. Each of the sampled permutations attained a smaller test statistic
than the observed test statistic, (indicating an approximate p-value
of 0), and identifying that the landscapes for Colouring A have been
drawn from a distinct distribution than the landscapes for Colouring
B.
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(a) An example point cloud sample from each colouring.

(b) The mean rst landscape for each colouring taken over the 30 samples, I (1,x).

(c) The mean second landscape for each colouring taken over the 30 samples] (2,X).

Figure 2.3: The rst column
shows the plots for Colour-
ing A and the second column
Colouring B.
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(a) An example point cloud sample from each colouring with noise added.

(b) The mean rst landscape | (1,x) taken over the 30 noisy samples.

(c) The mean second landscapél (2,x) taken over the 30 noisy samples.

Figure 2.4: The rst column
shows the plots for Colour-
ing A and the second column
Colouring B.
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2.6.2 Modal Estimation

For this example we work on meteorite data which we have lifted
from (40). The data set consists of values of the proportion of sil-
ica measured in 22 samples. Our task is to infer how many modes
there are in the distribution from which this data has been sampled.
Various statistical techniques for assessing the number of modes in
empirical data have previously been explored ( 41; 42; 43).

A standard approach to this task is kernel density estimation
(KDE). With data fxjg  R" one estimates the probability density
function (pdf) of the distribution using a sum of normalized kernels:

1g
f(x)= —a Ks(x X))
Ni=1

Here K is a density function with mass concentrated about the
origin, for example a Gaussian centred at the origin. There are two
natural parameters in this KDE setup. The log bandwidthparameter
s of the kernel function Ks, and a thresholdparameter which dictates
how large a peak in the estimated distribution must be to be consid-
ered a mode. The choice of these parameters will dramatically alter
our inferred number of modes (see Figure 2.5).

Figure 2.6 is a surface plot of the KDESs ranging over various
bandwidth parameters, demonstrating the change in the number
of modes as we change the bandwidth. The surface has been tri-
angulated using a triangulation subordinate to a regular grid on
our parameter space. To each 2-simplext in the triangulation we
attach two parameters; the mean bandwidth s(t), and the mean
probability density value p(t), (averages taken over the vertices
of the simplex). We produce a bi ltration by taking the simpli-
cial closure of the 2-simplices with appropriate parameter values,
X(sop) = SAft 1s(t)  so,p(t) 1 pog).

The multiparameter landscape detects that three modes appear in
the KDEs for a range of parameter values. Looking at the landscapes
associated to the Hp-module we see that the in nity norm of the rst
three landscapes is constant but decreases signi cantly between the

Figure 2.5: We plot kernel
density estimates on the mete-
orite data (red) for a range of
bandwidth parameters. As we
increase the bandwidth param-
eter we yield fewer modes in
our kernel density estimate.
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Figure 2.6: A triangulated sur-
face plot of the KDE for a range
of bandwidth parameters. We
observe three modes in the
KDE estimate for a large range
of bandwidth values.
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third and fourth landscapes, Figure 2.7. This indicates that within
this setup, three modes are seen across a signi cantly wider range
of parameter values than four modes, suggesting the data is drawn
from a tri-modal distribution which coincides with our expected
result. Whilst in this simple example one could suggest there are
three modes from inspection, the landscape analysis can equally be
applied to higher dimensional data sets for which visualisation is not
possible.

This basic example can be generalized to detect other properties
of KDEs robust to changes in parameter values. For example one
could detect signi cant i-dimensional holes in the distribution by
considering the H;j module in a similar setup. For related work see
Persistence Terraces44).

2.6.3 Curvature

In this subsection we shall work with a synthetic data set sampled
from spaces of different curvature. Single parameter persistence
landscapes have been used to detect curvature g). This example is
used to emphasise the ability of the multiparameter landscapes to
detect geometric differences between point samples. The samples
consist of 100 points chosen uniformly with respect to the volume
measure from discs of radius 1 in the hyperbolic plane, the surface of
the unit sphere and Euclidean space so that the spaces have constant
curvature of 1,1, 0 respectively. Topologically these disks are all
trivial, our landscapes are detecting geometric differences induced by
the distribution of points.

We would like to show that the multiparameter landscape is able
to detect the curvature of the space from which a sample is drawn
given only the pairwise distances between points. A multi ltered
complex is built on the sampled points by Itering the Rips complex
with the third nearest neighbour density function r on the points.

Figure 2.7: The rstto fth
multiparameter persistence
landscapes associated to theHg
module for the KDE surface.

The in nity norm of the rst

three landscapes is constant

kI (1,x)ky = Kkl (2,x)ky =
kI (3,x)ky = 0.283 but
drops signi cantly between

the third and fourth land-
scapekl (4,x)ky = 0.120,
kl (5,x)ky = 0.106. This indi-
cates that there are three modes
in the KDE for a wide range of
bandwidth parameters.
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Explicitly, if P denotes our sampled points and (r,rg) 2 R2then
X(rrg) = VR(Pro,r) where Py = fp2 P :r(p) rog for the
third nearest neighbour density function r. We take 100 samples of
100 points in each space and investigate the resulting multiparameter
landscapes for dimension 1 homology.

We plot the average rst multiparameter landscapes in Figure 2.8(a)
and the differences between the average landscapes in Figure2.8(b).
We observe that the persistence of cycles is affected by the curvature
of the space. The more negative the curvature the longer the one
dimensional cycles persist.

Let us now apply a simple machine learning algorithm to the
multiparameter landscapes to see if we can reliably distinguish the
curvature of the space from which our small samples have been
drawn.

Using the Python package LinearSVC, we train a Support Vector
Machine (SVM) with linear kernel on discretizations of the rst 10
landscapes for the samples of the hyperbolic discs and elliptic discs,
using 12 penalty and squared hinge loss function. We randomly par-
tition our samples into 160 training samples and 40 test samples and
evaluate the accuracy by the proportion of test samples correctly clas-
si ed. Repeating this process 100 times we attain an average classi -
cation score of 85.78% (3.70% standard deviation). Thus we see that
the multiparameter landscapes are able to reliably detect curvature
given a relatively small local sample. It is possible that alternative
choices of Itration parameters may be better suited to detecting
curvature.

2.7 Discussion

Multiparameter persistence landscapes provide a stable representa-
tion of the rank invariant of a persistence module whilst retaining the
discriminating power of the rank invariant. Moreover the landscape
distance provides a computable lower bound for the optimal stable
distance on persistence modules, the interleaving distance.

The multiparameter landscape also offers a bridge from topo-
logical data analysis to machine learning and statistical analysis of
multiparameter modules. The multiparameter landscapes, although
hard to visualize in dimensions higher than 2, are interpretable in
any dimension with large landscape values indicating features robust
to changes in the ltration parameters, and non-zero landscapes for
large k indicating a large number of homological features.

An important question to address in practical applications of mul-
tiparameter persistence landscapes is how to determine the optimal
weighting w of the parameter space to be used in any given applica-
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(a) The mean rst landscape I_(l,x) of the H; module for the hyperbolic, Euclidean and

elliptic discs taken over 100 samples.

(b) The pointwise difference between the mean landscapes r(l,x).

tion. The optimal choice of weighting is likely to be highly dependent
on the application in mind. The need to choose a hyperparameter is
not unique to multiparameter persistence and similar challenges are
presented in choosing hyperparameters for various vectorizations of
single parameter persistence applications (11; 12; 34). We note that
multiparameter persistence landscapes depend continuously on the
choice of weighting vector w, and so given suf cient training data
one could tune this parameter to maximize discriminatory power.

The multiparameter landscapes highlight several open questions
and challenges in the development of the theory and applications of
multiparameter persistent homology that we would be interested to
see addressed.

1. We would like to understand the relationship between the inter-
leaving distance and landscape distance associated to modules to
understand when the landscape distance provides a good lower
bound estimate.

2. We have restricted our invariant to the discriminating power of
the rank invariant. We would be interested to see if we could com-
bine our landscapes with invariants that capture the more subtle
relationships between features born at incomparable parameter
values.

Figure 2.8: Multiparameter
persistence landscapes for uni-
form samples of discs of unit
radius from spaces of different
curvature.
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3. With respect to applications there is a question as to whether the
increased complexity of multiparameter persistence is necessary,
or whether single parameter persistence may be suf cient. One
could possibly substitute a multiparameter persistence landscape
for a vectorization of a well-chosen single parameter persistence
module without signi cant loss of information.

4. The Bootstrap Method has been used to compute con dence bands
for single parameter persistence landscapes (¢4). We would be
interested in applying similar analysis for multiparameter land-
scapes.

Finally it is worth remarking that the construction of multiparame-
ter persistence landscapes from multiparameter persistence modules
can be generalized to produce stable invariants of generalized per-
sistence modules indexed over other posets. Providing the indexing
poset P is equipped with a superlinear family of translations W, one
can derive a landscape function| : N P! R from the rank func-
tionrk : P P! N. This landscape equipped with the supremum
norm is stable with respect to the interleaving distance induced by
the superlinear family, and provides an interpretable, stable repre-
sentation of the rank function. This vectorization may prove a useful
invariant should the computation of generalized persistence modules
be developed in future work.
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Appendix
2.8 Multiparameter Persistence Theory

For completeness we present the multiparameter persistence theory;,
de ning presentations and interleavings of multiparameter persis-
tence modules.

2.8.1 Presentations

De nition  2.8.1 (Translation Endofunctors (28)). LetP be the category
associated to a preordered set (proset) an@ id® ! P be an endofunctor.
We say thaiGis a translation. Sinc&is a functorGis monotone x y
implies thatG(x)  y). We say thaGis increasing if x  Q(x) for all
x2 P.

Let Transp denote the set of increasing translationsadnd observe that
Transp is a monoid with respect to composition.

It is straight forward to see that Transp also has a natural proset
structure with preorder G K , Qx) K(x) for all x . This
preorder is compatible with the monoid structure of Transp and
G K implies there is a unique natural transformation h% :G) K.If
P is a poset then so isTransp.

De nition  2.8.2 (Shift Functor). LetC be a category, F an element of
the functor categor®, and Ga translation endofunctor. Let(&) denote
F G2 CP, we call this functor theG shift of F.

For a multiparameter persistence module M 2 VectR" we shall
write M (a) to denote the shift by the translation in R", Gy(x) = x+ a.
We de ne an R"-graded set to be some setX together with a map
gr: X! R" Foranelementj2 X, we shall refertogr(j) = a2 R"
as the grade ofj. Let P, denote the R"-graded monoid ring of the
monoid ([0,¥)",+) over a eld F.

De nition 2.8.3 (Free Module). Let X be anR"-graded set. The free
module onX is denoted as Frf¢], and de ned to be:

M
FregX] = Pa( or(j))-
j2Xx
Note that each element of the graded set gives rise to an inde-
pendent copy of the R"-graded ring P,, and the negative shift deter-
mines that the elements of grade a in P, are shifted to be elements of
grade a+ gr(j) in the shifted copy Py( gr(j)). The notion of a free
module on a graded set can equivalently be de ned using a univeral
property characterisation.
We say a subsetR M, of a persistence module is homogeneous
if R [ a2rnMag, that is to say each element has a well de ned grade.
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De nition 2.8.4 (Presentations). Let X be a graded set ari’l a homo-
geneous subset of the free moduleXogenerating the submoduleRi. We
say that a persistence module M has presentdti¥gRi if:

FregX ]
hRi

M =

We say that a presentation is nite if bolk andR are nite. Let | denote
the ideal of P generated by the elemerits® : a > 0g and letF pxjg; :
FredR]! FredX] be the map induced by the inclusi®nh! FredX]. We
say that a presentation of M is minimalR | FredX]and kethiji

| FredR].

De nition  2.8.5 (Multigraded Betti Numbers) . Let M be a persistence
module. The associated multigraded Betti numbers are mépt) : R" !
N de ned by:

xi(M)(@) = dim g(Tor "(M, Pa/ 1Pn)a).

Standard homological algebra arguments establish that the multigraded Betti
numbers are well de ned (se23] for details). IfhXjRi is a minimal pre-
sentation for M therxo(M)(a) = jgry *(a)j andx;(M)(a) = jars*(a)j,

where gg : J!' R", so thatjgrxl(a)j gives the cardinality of the collection

of elements ok with grading a.

The multigraded Betti numbers are related to the initial topolog-
ical space with xg(M) marking the ltration values for the birth of
homological features, and x;(M) marking the ltration values for
relations between features.

2.8.2 Generalized Interleavings

We adopt the notion of a generalized interleaving from ( 28) to de ne
interleaving distances on multiparameter persistence modules.

De nition 2.8.6 (Interleaving ( 28)). LetP be a proset an@ be a cate-
gory. Let G 2 CP be modules an@ K 2 Transp. We say that FG
are(G K)-interleaved if there exist natural transformatiops: F) GG
y : G ) FKsatisfying the coherence criteria tHigtG)j = Fh{gG,

(j K)y = GhiY, wherehld denotes the unique natural transformation
between the translatiornd  a.

An interleaving may be thought of as an approximate isomor-
phism. Indeed if we take G= K = id then F, G are (G K)-interleaved
if and only if F, G are isomorphic. By warping the proset with trans-
lations G K we admit exibility to the rigid notion of isomorphism.

In order to introduce an associated distance we must assign a weight
to the translations to quantify how close the interleaving is to an
isomorphism.
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M=[(1,1,(44] [(20,(4,2] N =1[(22),(3,3]

De nition 2.8.7 (Superlinear Family (28)). LetW: [0,¥) ! Transp be
a superlinear functionWy, +#, Wiy, Wy,. We say thaWV is a superlinear
family.

De nition  2.8.8 (#Interleaving (28)). Let F,G 2 CP be modules anw/
a superlinear family. We say F and G atinterleaved with respect td/ if
they are(Wy, W) -interleaved.

Proposition 2.8.9 (Induced Interleaving Distance ( 28)). Given a super-
linear family W and modules FG 2 CP, we have an induced interleaving
distance given by:

dV(F,G) = inff# 0:F,G arettinterleaved with respect ta/g.

The most common superlinear family to consider for persistence
modules indexed by R" is given by the translation in the diagonal
direction, Wi(x) = x + #l. We refer to the interleaving distance
induced by this superlinear family as simply the interleaving distance
and denote this distance by d,.

Example 2.8.10. Let M,N 2 vect®” be interval decomposable mod-
uleswith M = [(1,D,(4,9] 1[(2,0,(4,2]and N =[(2,2),(3,3)].
There is dl + d-interleaving between M and N for all > 0 obtained

by matching the rst summand of M with the summand of N. Explicitly,
the natural transformatiorj : M ! NW,, 4 is zero everywhere except
at gradesa 2 RZ? such thata lies in the support of the rst summand of
M and W+ 4(a) lies in the support of N, for which it is an isomorphism.
The natural transformatiory : N !  MW;, 4 is de ned similarly.

There is ndl-interleaving between this pair of modules. For example, the
morphism Mg ! M4 is non-zero and so cannot factor through
Nw, (20 = N = 0. Hence the interleaving distance between these
modules is M, N) = 1.

Figure 2.9: A pair of interval
decomposable modules M, N
with interleaving distance
di(M,N) = 1.
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2.8.3 Discretization and Continuous Extension

In Section 2.6 our computations were simpli ed by restricting a con-
tinuous module to a nite grid and then dealing with the continuous
extension of this discretization. We will show that restricting to a
nite grid gives us a suitable approximation to our module with
respect to the interleaving distance between modules.

De nition 2.8.11 (Grid Function) . LetG : Z" ! R" be de ned by
component-wise strictly increasing functiof% : Z ! R with supG =
sup G = ¥. We sayGis a grid function. Let us de ne the size Gfto be

jGj= max supjG(z) Gi(z+ 1)j.
10 nyz
De nition  2.8.12 (Discretization). Let M 2 VectR" be a persistence
module andG a grid function. We say that MG 2 VectZ" is theG-
discretization of M.

De nition  2.8.13 (Continuous Extension (23)). Let Q 2 Vect?" be a
discrete persistence module a&Bé grid function. Forx 2 R" let us de ne
oor and ceiling functions:

bxcg= maxfz2 ImG:z xganddxeg= minfz2ImG:z xg.

We de ne the continuous extensiorsEQ) 2 VectR" to be the persis-
tence module with:

Ea(Q)a= Qg 1(bacgy @0 Ex(Q)(a  b) = Q(G Y(bacg) G (bbcg)

with the obvious action on the morphisms\&a‘ctzn. We have de ned a
functor Eg : Vect?" I VectR".

The following proposition shows that discretization is stable with
respect to the interleaving distance, and so we may produce an arbi-
trarily close approximation to a persistence module by restricting the
module to a grid of suf ciently small size.

Proposition 2.8.14. Let M 2 VectR" be a persistence module a@dh grid
function, we have that:

d(M,Eg(M G)) |Gj .

Proof. The modules M,Eg(M G) are (d &g, id)-interleaved with
natural transformations given by the appropriate internal morphisms
of M. O

2.9 Probability in Banach Spaces

We shall present the general theory of Probability for Banach space
valued random variables from which we derive the convergence
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results of Section 2.5. Let us begin by de ning some notation. Let
(B,k k) denote a real, separable Banach Space with topological
dual spaceB . LetV : (W,F,P) ! B denote a Borel measurable
random variable. The covariance structure of such a random variable
is de ned to be the set of expectations

FE[(f(V) EIf(V)D(a(V) Elg(V)D]:f.g2B g.

In order to take expected values of Banach valued random vari-
ables we require the notion of the Pettis Integral, which is an exten-
sion of the Lebesgue integral to functions on measure spaces taking
values in normed spaces. We shall brie y introduce the properties of
this integral and existence criteria, the essence of which is built upon
reducing the problem to integrability of R-valued functions.

De nition  2.9.1 (Scalarly Integrable (45)). A functionV : (W,F,m) !
B is scalarly integrable if for all 2 B we have that (V) is measurable
and f(V) 2 L1(m.

De nition 2.9.2 (Pettis Integrable (45)). A scalarly integrable function
V :(W,F,m ! B is Pettisintegrable if for all 2 F there is an element
lv(E) 2 B such that:

4
. f(V)dm= f(ly(E)) forall f2B .

The set functiony : F ! B is called the Pettis Integral of V with
respect tan We may also refer tq,(W) as the Pettis Integral of V and
denote this byy}.

De nition  2.9.3 (Strong and Weak Measurability ( 46)). A functionV :
(W,F,m ! B issimple if there existy....vjy 2 B and &, ....En 2 F
suchthat f= &1, vilg.

AfunctionV : (W,F,m ! B is stronglymmeasurable if there
exists a sequence of simple functiops V(W,F,m ! B such that
limnp ¥ kVp(w)  V(w)k = 0 malmost everywhere.

AfunctionV : (W,F,m) ! B is weaklymmeasurable if for all function-
als in the dual space v2 B the real-valued function W : (W,F,m) !
R is mmeasurable.

We shall suppress the premif the measure is clear from context.

Theorem 2.9.4 (Pettis Measurability Theorem (46, Theorem 3.1)). A
function V: (W,F,m ! B is strongly measurable if and only if:

1. V is weakly measurable.

2. There exists atnull set E such that \WnNE) is a separable subset®f
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Proposition 2.9.5 ((46, Proposition 5.1)). A strongly measurabl®&-
valued function V: (W,F,n) ! B with EMkVK] < ¥ is Pettis Inte-
grable.

A consequence of the Pettis Measurablilty Theorem is that if the
codomain is a separable Banach Space then the notions of weak and
strong measurability coincide. Thus Proposition 2.9.5 gives a suf -
cient criterion for Pettis Integrability in the setting of multiparameter
persistence landscapes endowed with the p-norm for p 2 [1,¥ ) for
which the underlying Banach space is separable.

Corollary 2.96. LetV : (W,F,m ! B be measurable witB real and
separable. IEMTKVK] < ¥, then V is Pettis Integrable ankly, (W)k
EMkVK].

Proof. By assumption V is measurable. Moreover, EMTkVK] < ¥ im-
plies that for any linear functional v 2 B we have EMkv VK]

kv KEMkVK] < ¥ and soV is scalarly integrable. Hence by Proposi-
tion 2.9.5V is Pettis Integrable. A straight forward application of the
Hahn-Banach theorem establishes thatkly (W)k  EMkVK]. O

Theorem 2.9.7 (Strong Law of Large Numbers ( 33, Corollary 7.10)).
Let \f be i.i.d copies of V(W,F,P) !B andlet$ = &L, V,. It follows
that Iy = 0andE[kVK] < ¥ if and only if:

% I Oalmostsurelyasn ¥.
Corollary 2.9.8. LetV be i.i.d copiesof \ (W,F,P) ! B . IfV has
Pettis integral |, andE[kVK] < ¥ and S, = &L ,(V;) then:

% I 1y almostsurelyasn ¥.

Proof. Apply Theorem 2.9.7 to the random variable V  |y. O

De nition  2.9.9. We say &B-valued random variable X is Gaussian if

forall f 2 B the real valued random variabléX) is Gaussian with

mean zero. Note that such a Gaussian random variable is determined by its
covariance structure3Q).

The next result only applies for a certain class of Banach spaces.
The type and cotype of a Banach space can be thought loosely of as a
measure of how close that Banach space is to a Hilbert space, see33)
for more details. For p 2 [1, 2] the Lebesgue spacelLP has type p and
cotype 2, and for p 2 [2,¥) the Lebesgue spacelLP has type 2 and
cotype p.

Proposition 2.9.10 ((33, Proposition 9.24)). LetB be a Banach space. If
B is of type2 then every mean zero Radon random variable V with values in
B such thatE [kVk?] < ¥ is pregaussian.
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Theorem 2.9.11 (Central Limit Theorem ( 47)). LetB be a Banach space
of type2andV : (W,F,P) ! B a Radon random variable. I 1= 0,
E[kVK?] < ¥ andV is pregaussian thera}LﬁSn converges weakly to a
Gaussian random variable with the same covariance structure as V.

Corollary 2.9.12. LetB be a separable Banach space of 2yged V :
(W,F,P) !B .Ifly = 0,E[kVK?] < ¥ thenpL-S, converges weakly to
a Gaussian random variable with the same covariance structure as V.

Proof. Note that since B is a Polish space any probability measure on
B is tight and hence V is a Radon random variable. Moreover Propo-
sition 2.9.10 implies that V is pregaussian and hence the hypotheses
of Theorem 2.9.11 are satis ed and the result follows. O
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Abstract

An ideal invariant for multiparameter persistence would be discrim-
inative, computableand stable In this work we analyse the discrim-
inative power of a stable, computable invariant of multiparameter
persistence modules: the bered barcode. The bered barcode is
equivalent to the rank invariant and encodes the barcodes of the 1-
parameter restrictions of a multiparameter module. This invariant

is well known to be globally incomplete. However in this work we
show that the bered barcode is locally complete for nitely pre-
sented modules by showing a local equivalence of metrics between
the interleaving distance (which is complete on nitely-presented
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modules) and the matching distance on bered barcodes. More pre-
cisely, we show that: for a nitely-presented multiparameter module
M there is a neighbourhood of M, in the interleaving distance d;, for
which the matching distance, dy, satis es the following bi-Lipschitz
inequalities 3—14d|(M,N) do(M,N)  d;(M,N) for all N in this
neighbourhood about M. As a consequence no other module in this
neighbourhood has the same bered barcode as M.

3.1 Introduction

The theory and application of multiparameter persistent homology is
a topic of signi cant interest in the eld of Topological Data Analysis.
Current work has studied invariants and metrics of multiparameter
persistence modules, together with algorithms for their ef cient
computation (48; 49; 50; 51).

Compared to single parameter persistence, studying data sets I-
tered over multiple parameters yields a richer class of topological
invariants: multiparameter persistence modules. A distinct difference
between multiparameter and single parameter persistence modules
is that multiparameter modules do not admit a discrete complete
invariant analogous to the barcode for single parameter persistence
modules (25). Another upshot of the increased complexity of mul-
tiparameter modules, is that the analogous interleaving distance is
not equivalent to a matching distance as in the single parameter case
and is thus harder to compute (52). An ideal invariant for multipa-
rameter persistence would be discriminative computableand stable
In earlier work studying invariants for multiparameter persistence,
it is common to sacri ce the discriminating power of an invariant
in order to achieve computability ( 48; 53; 54). Also it is common to
study subclasses of persistence modules to tame the wild behaviour
of arbitrary multiparameter modules. Such subclasses include: exact
(55), interval decomposable (32, 50), block decomposable (56; 55; 52)
and rectangular interval decomposable (57) multiparameter persis-
tence modules. For data science applications, stability is an essential
property of a multiparameter module invariant; indeed most data is
susceptible to noise and so we desire that our invariants be robust to
small perturbations.

A discriminative, stable metric one could choose to study multi-
parameter persistence modules is the interleaving distance (58). The
theoretical properties of the interleaving distance are well-behaved.
Lesnick showed that the interleaving distance is universal on the
space of multiparameter modules over prime elds, and thus the
most discriminative stable metric ( 58). In recent work, it has been
shown that this approach presents computational challenges. Bjerke-
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vik, Botnan and Kerber showed that the interleaving distance is NP-
hard to compute and approximate for multiparameter modules ( 52).
We therefore must nd a compromise between discriminating power
and computability of multiparameter modules invariants and met-
rics.

Recently a wealth of computable invariants and metrics have been
proposed and studied: (59; 16; 48; 53; 60; 54; 61). Several of these pro-
posed invariants and metrics have the same discriminating power as
the bered barcode (48; 53; 54). The bered barcode, introduced in
(16), encodes all of the single parameter modules realised as restric-
tions of the multiparameter module to a positively sloped line, and
discards higher order interactions. The bered barcode is well known
to be an incomplete invariant, what's more, there exist modules ar-
bitrarily distant in the interleaving distance which have the same
bered barcode. However the bered barcode and derived invariants
are computable, stable and admit a range of desired features for data
analysis: LP-norms, averaging, statistical analysis (48; 62; 54).

Our contributions

This work relates the local behaviour of the theoretically well-behaved
interleaving distance d, to the computable yet incomplete matching
distance dg (59; 16; 49). We provide a positive result that shows a
local equivalence between these two metrics.

A signi cant strength of our work is that the results apply to a
constructible subclass of multiparameter modules, those which are
nitely presented. This restriction is relevant to data analysis appli-
cations, since the sublevel-set persistence module of a nite multi I-
tered simplicial complex arising from nite data will give rise to such
a constructible module. Hence our results apply to the multiparame-
ter modules one is likely to encounter in applications.

The main technical result of our paper shows that the match-
ing distance dy distinguishes a nitely presented ( R"-indexed)
multiparameter persistence module M from all modules N in a
d,-neighbourhood of M (Theorem 3.4.1). We show that there is a
d,-open ball, By, centred at M in the space of nitely presented mod-
ules such that for all N 2 By:

%de,N) do(M,N)  d(M,N) 32

The fraction 3—14 is likely not optimal and is a consequence of the
proof methodology.

The radius of the open ball for which ( 3.2) is valid is dependent
on M. Moreover the statement is anchored about M, the inequalities
of (3.2) hold in the ball By when the rst argument of the distance
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functions is xed to be M. Indeed there exist N,N% 2 By, such that
2di(NON) 6 do(NON).

The upper bound dy d; is not new and is a constructed property
of the matching distance dy. The local lower bound 3%1d| do is
proven in this work and gives rise to a global equivalence of intrinsic
metrics Theorem 3.5.6.

We observe that the space ofR"-indexed nitely presented multi-
parameter persistence modules is a path metric space when equipped
with the interleaving distance. This property follows from the char-
acterisation of interleavings proven by Lesnick ( 58). However, to the
best of the author's knowledge, the fact that d, is an intrinsic met-
ric has not been explored nor formally stated in the multiparameter
persistence literature to date.

The local result (3.2) extends to a global result for the induced path
metric d}; (De nition 3.5.2). This says that oTo and d, are bi-Lipschitz
equivalent as metrics on the whole space of nitely presented mul-
tiparameter persistence modules (Theorem 3.5.6). For any pair of
nitely presented multiparameter modules M, N we attain:

3—14d|(M,N) do(M,N)  d;(M,N) (3.3)

Whilst d; is an intrinsic metric (Corollary 3.5.5), the collection of
geodesics between any pair of distinct modules is highly non-unique.
This is a consequence of the interleaving distance behaving as an
L¥ -style norm. The matching distance dg also behaves like anL¥ -
style norm, however there are LP-style norms de ned on faithful
invariants derived from the bered barcode ( 48; 54). TheseLP-style
metrics constrain the collection of geodesics between modules. This
local equivalence result is the rst step towards a sensible notion of
interpolation between multiparameter modules compatible with the
interleaving distance.

As a simple corollary, we attain equivalences of metrics on con-
structible spaces which can be embedded into the space of nitely
presented modules. In particular we show how interlevel set persis-
tence modules give rise to nitely presented 2-parameter persistence
modules.

Related work

A major inspiration for this work was the article of Carriere and

Oudot: Local Equivalence and Intrinsic Metrics Between Reeb Graphs
(63). In this work Carriere and Oudot conjecture that similar results

to their local equivalence of metrics on Reeb graphs apply to “more
general classes of metric spaces than Reeb graphs”. Indeed in Sec-
tion 3.6 we show that our local equivalence result for multiparameter
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modules induces a similar but weaker result to the main result of
(63) for Reeb graphs (induced by embedding Reeb graphs into mul-
tiparameter persistence modules). In our proof of Theorem 3.4.1 we
employ similar techniques to those used in ( 63).

The work of Lesnick and Wright has been fundamental to the
author's understanding of nitely presented multiparameter persis-
tence modules and the interleaving distance (58; 51; 23). In particular
we have used in this work that a free resolution of a multiparame-
ter module induces a free resolution of the 1-parameter restrictions,
the characterisation of interleavings (Theorem 3.5.3), and the push
function of ( 23).

In extending our local equivalence result Theorem 3.4.1to a global
equivalence Theorem 3.5.6 we consider paths in the space of multi-
parameter persistence modules in order to induce intrinsic metrics.
The resulting intrinsic metric is similar in nature to the Wasserstein
distance in (64), which is de ned via a path of simple morphisms.

Outline of Content

In Section 3.2 we introduce multiparameter persistence theory includ-
ing the two metrics which we wish to compare: the interleaving dis-
tance (De nition 3.2.5) and the matching distance (De nition 3.2.8).
In Section 3.3 we de ne Merge and Simpli cation Functors which we
shall use to manipulate nitely presented multiparameter persistence
modules and establish their effect on the presentation of a nitely
presented multiparameter persistence module. Section 3.4 is the tech-
nical heart of the paper within which we prove the local equivalence

of the interleaving distance and matching distance (Theorem 3.4.1).
The proof of this result makes heavy use of the functors de ned and
established in Section 3.3. In Section 3.5 we recall the de nition of
intrinsic metrics. We show that the space of nitely presented multi-
parameter persistence modules has geodesic paths with respect to the
interleaving distance, and thus our local equivalence result induces a
global equivalence between the interleaving distance and the intrin-
sic matching distance. Finally in Section 3.6 we show that our local
equivalence of metrics result for multiparameter persistence modules
induces a local equivalence of metrics for Reeb graphs analogous to
the result attained in ( 63).

3.2 Preliminaries

In this section we tersely introduce the key multiparameter persis-
tence de nitions we require to develop the functors in Section 3.3
and prove the main results in Section 3.4 and Section 3.5. For a more
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complete introduction see (25; 23).

3.2.1 Multiparameter Persistence Modules
Notation

Let P, denote the monoid ring of the monoid ([0,¥ )", +) over a eld
F. One can think of P, as a pseudo-polynomial ring F[X,...,Xp] in
which exponents are only required to be non-negative and can be
non-integral. We shall denote the monomial P{‘: 1xiai 2 P, asx@.

Let R" denotes the category associated to the poset(R", ) under
the standard coordinate-wise partial order, and more generally let P
denote the category associated to the posetP. Let Vect denote the
category of vector spaces and linear maps over F, and vect denote
the subcategory of nite dimensional vector spaces. For a category C
and a poset category P let us denote the functor category of C-valued
functors on P by CP. For a posetP we shall use _ to denote the join
of elements.

De nition 3.2.1 (Multiparameter Persistence Module) . A multiparame-
ter persistence module is &1'-graded R-module, normally denoted by M.
That is to say M has a decomposition as-&ector space M= orn M4
compatible with the action of,Pifa 2 R",x? 2 P, and m2 M, then

X® m 2 Ma+p. A morphism of graded modules is required to respect the
grading and be compatible with the module structure i.e. if ¥ ! N,

r2 P,and m2 Mgthen f(m) 2 Ngandr f(m)= f(r m).

For the statement of some results it is more convenient to use the
following equivalent category-theoretic de nition.

De nition  3.2.2 (Multiparameter Persistence Module) . A multipa-

rameter persistence module is an element of the functor cathot?n. A
morphism of multiparameter persistence modules is a natural transformation
M) MC

The equivalence of the two perspectives is simply saying that
we have an equivalence of categories betweenR"-graded P,-Mod
and VectR" (58). We shall freely switch between these equivalent
perspectives throughout.

Let T4 : R" | R"via Tga) = a+ #1,...,) and T, : VectR" |
VectR" denote the pullback (Tz(M)= M T).

De nition 3.2.3 (Internal Translation) . The internal translation of a
module M is the morphism denote p! : M ! T, (M) given by the
action of the ring element™ 2 P, on M, j ¥ (m) = x* m.

De nition  3.2.4 (Interval Decomposable Modules). Letl] R"bea

connected subposetuch thata,b 2 landa p b impliesp 2 I, 3 Connected as a poset so that for any
a,b 2 | thereis a nite sequence
of comparable elements connecting
aand b. More precisely there exists
k 2 N and xq,...,xx 2 | such that
a X;i X2 Xz .. Xg1 Xg b.
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then we say | is an interval. Let' denote thevect-valued functor with
domainR" for whichdim 1'(a) = 1fa 2 Igand such that the internal
morphismsl'(a  b) are isomorphisms wherever possible. We saytthat
is an interval module, and any module M which is isomorphic to the direct
sum of interval modules is interval decomposable.

We shall regularly use interval decomposable modules in our exam-
ples and gures. However one should keep in mind that our results
are not constrained to this subclass of modules.

Let us now de ne the interleaving distance, the most discrimina-
tive stable metric one can consider on multiparameter persistence
modules alluded to in the introduction. We shall adopt the notation
of (24). Let T4 : R" I R" denote the translation endofunctor given
by T(a) = a+ #lwhere 1 =(1,1,...,). Observe that this translation
induces an endofunctor T : VectR" I VectR" where T,(M)= M Ty
with the obvious action on morphisms.

De nition  3.2.5 (Interleaving Distance). Let M, N 2 VectR" be multipa-
rameter persistence modules ahd 0. We say that M N are #interleaved
if there exist natural transformations f M ') NTg g : N ) MTg
satisfying the coherence criteria that(g) f = j M., T4(f)g = j ). We
de ne the interleaving distance to be the in mum3for which M, N are
#interleaved:

di(M,N) = inff# 0:M,N are#interleaveg

An interleaving may be thought of as an approximate isomor-
phism. Modules are O-interleaved if and only if they are isomorphic.
By blurring the poset with translations Txwe admit exibility to the
rigid notion of isomorphism. The interleaving distance is universal
amongst stable distances on persistence modules over prime elds,
that is to say any other stable distance is bounded above by the in-
terleaving distance (58). However, the interleaving distance has been
shown to be NP-hard to compute and approximate ( 52).

Associated to a multiparameter module is a family of single pa-
rameter modules whose collection of barcodes is known as the
bered barcode. A line in  R™ with equation L(t) = tm + cis said
to be positively sloped if each coordinate of the gradient m is strictly
positive (m; > 0 for all i).

De nition  3.2.6 (Fibered Barcode (16)). LetL denote the subposet of

R" corresponding to a positively sloped lihe R". Leti, : (R,k

ke) ! (R™ k Kky) denote the order preserving isometric embedding with
iL(R) = Landi_(0) 2 fx2 R": xp = 0g. Then for M2 VectR" the
composite M = M i is a single parameter persistence module, and thus
has an associated barcd@®¥M"'). The bered barcode of M is the collection
fB (ML) : L2 LgwhereL denotes the set of positively sloped lines.
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In contrast to the interleaving distance, the bered barcode is
computable for a ( nitely-presented) multiparameter persistence
module. The RIVET software (62) ef ciently computes the bered
barcode for a 2-parameter nitely presented module, and has been
used in (65; 48).

Figure 3.1: An illustration of an
#interleaving and the bered
barcode, for 2-parameter persis-
tence modules.

[€)) A visualisation of the morphisms (b) A barcode B(ML) in the bered bar-
comprising an #interleaving for 2- code of a 2-parameter interval module
parameter persistence modules. The M. We depict the multiparameter Betti
interleaving morphisms f : M ! NTx numbers of the 2-parameter interval
andg : N ! MT knit together the module, using green for generators, red
persistence modules M and N so that for relations and amber for second order
the diagram commutes. relations.

De nition 3.2.7 (Push Function (23)). LetL : R ! R" be a strictly
positively sloped line ilR"™ isometrically embedded with respecktoky .
The map push: R" ! ImL is denedas push(p) = minfa2 ImL :

a pg, and is a partial order preserving map, pushing every elemeRt'of
to the lineL.

Using the bottleneck distance for 1-parameter persistence modules
on each 1-parameter restriction we induce a matching distance on
the bered barcode. The matching distance was de ned for multipa-
rameter persistence modules in (16), and the stability of the matching
distance with respect to the interleaving distance explicitly shown in
(59).

De nition 3.2.8 (Matching Distance (16)). Let M,N 2 vect®’ the
matching distance is taken to be the supremum of the bottleneck distance
overl-dimensional restrictions:

do(M,N) = supw(L) dB(ML, NL)
L2L

where the weighting is (L) := (kpush (L(0)+ 1) L (O)ky) !

An #interleaving of multiparameter persistence modules M, N in-
duces an#interleaving between the single parameter modules along
the line L, (hence a#matching between their barcodes), and thus
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dg(ME,NLY)  di(M,N) (59 16) (see Figure3.2). We can generalise
the matching distance de ned on vect®’ to a matching distance on
vectR". Thatis, for M, N 2 vectR”" we de ne the matching distance
between M and N to be:

do(M,N) = sup w(L) dg(M",N")
L2L
where the weighting w(L) of the line L is such that an #interleaving
of the module M, N induces a W’T_)—interleaving between the modules
restricted to the line L. For example, a line L of slope 1 has weight-
ing w(L) = 1, and the weighting forthe line L :x, = mx;+ ¢ RZis
given by:

8
<

f 1
wiL)= | or m

m
1
m form<1

In the proof of our main result we only use the barcodes along
slope 1 lines to bound the matching distance from below and so our
weighting on the bottleneck distance is always equal to 1. Exact com-
putation of the matching distance for bimodules has been studied
and proven to be computable in polynomial time ( 49; 66).

3.2.2 Presentations

Let us now develop the theory required to de ne presentations of
multiparameter persistence modules.

We de ne an R"-graded set to be an indexing set X together with
agradingmapgr : X ! R". For an elementj of a graded set with
ar(j) = a, we shall refer to a as the grade of j. For a graded set
(X, gr) we will use X (# to denote the graded set (X, T # gr). We
willuse T gr(j)Pn to denote the the ring P, with grading shifted by
gr(j) so that the multiplicative identity of T P, lives at grade

ar(j)-

or(j)

De nition  3.2.9 (Free Module). The free module oX, anR"-graded set,
is de ned to be: M
FredX] = . T o) Pn
j2X

A free module on a graded set can equivalently be de ned us-
ing a universal property characterisation ( 25), and it is clear that a
morphism from a free module is determined by its image on the
generating set.

We say a subsetR M of a persistence module is homogeneous if
R a2rn Ma. That is to say each element has a well-de ned grade.

Figure 3.2: An #interleaving
morphism f M ! NTy
for 2-parameter persistence
modules M and N induces

an m#interleaving morphism
ft: ML 1 NbTpuforthe
lineL : X = m Xx;+ cwith
slope m 1. The interleav-
ing morphism fl is realised

as a composition of the inter-
leaving morphism f and an
internal morphism of N: fL =
N(a+ #1 push (a+ #)) fa.
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De nition  3.2.10 (Presentations). Let X be a graded set ariRl a homo-
geneous subset of the free moduleXogenerating the submoduleRi. We
say that a persistence module M has presentati¥gRi if:

_ FredX]
" hRi

A presentation is nite if both X and R are nite. We shall denote

the subspace of nitely presented multiparameter modules as vect F;n.

Let Imax denote the maximal ideal of P, generated by the elements
fx®ja> 0gandlet Fuxjri : FreefR]! Free[X] be the map induced
by the inclusion R | FregX]. We say that a presentation of M is
minimal if R Inax FregX]and kerFhXjRi Imax FredR].

More generally we say that a free resolution (F,{ ) of M is min-
imal if F = FregX;] and ker () | FregXj]foralli 2 N.If M
is nitely generated, then a minimal resolution exists and is unique
up to isomorphism ( 67). A minimal resolution can be constructed se-
quentially by choosing a minimal set of generators to surject onto the
kernel of the previous map in the resolution. Further results about
minimal free resolutions can be found in ( 67).

Example 3.2.11 (Incompleteness of the Matching Distance). Let us
de ne the following graded sets and homogeneous subset:

Xn = (& (#0),(b (0,#)9

Xo = Xn[f (c,(##)g

Ry = 1x3% ax3 bx3¥ axi% bg FredXy]
Ro=Rn[f X b x5 ax} cx* cg FredXo]

Let N, O denote th&-parameter persistence modules with presentations
hXnjR ni, hXo)R ol respectively (see FiguBs3). The bered barcode of N

Figure 3.3: Non-isomorphic
interval decomposable 2-
parameter persistence modules
NandO,d;(N,O) = # > 0
Example 3.2.11. The bered
barcodes of N and O are iden-
tical and thus the matching
distance between N and O is
zero, dp(N,0) = 0.
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and O are indistinguishable,odN,O) = 0, yet d(N,O) = # We also have

that d;(N,0),d,(O,0) 5# Hence for any nitely presented-parameter
module M, ¢(M N,M O)=0,d/(M,M N),dy(M,M O) 5#
Moreover since M N and M O are not isomorphicdM N, M

0) > 0. This example witnesses the incompleteness of the matching distance
and shows that our local equivalence of metrics betweandl d, (3.2) is
necessarily anchored about M.

De nition 3.2.12 (Multiparameter Betti Numbers) . Let M be a multi-
parameter persistence module. The multiparameter Betti numbers are maps
(M) :R"! N de ned by:

xi(M)(@) = dimg(Tor"(M, Po/ 1Pn)a)

If M is nitely generated and hXjRi is a minimal presentation
of M, then xo(M)(a) = jory*(a)j and x;(M)(a) = jgrg'(a)j. More
generally the support of the maps x;(M) are the locations of the
generators of F in a minimal free resolution (F,¥ ) of M (up to

multiplicity) ( 67).

Figure 3.4: A minimal free res-
olution for a 2 dimensional
interval module M 2 vecth]Z.

See Figure3.1(b) for an illustration of the multiparameter Betti
numbers of a 2-parameter interval module, and Figure 3.4 for a mini-
mal resolution realising the multiparameter Betti numbers.

For convenience we will refer to x;(M) as a multiset, by which
we mean the support of the map x;(M). That is, when we refer to
a multiparameter Betti number a 2 xj(M) we mean that a is in the
support of x;(M) and thus there is a generator at grade a in any
minimal free resolution.

For a nitely presented module we can break up R" into cells
within which the module is constant (the internal morphisms are
isomorphisms). The boundaries of these cells are determined by the
positions of the multiparameter Betti numbers.

De nition  3.2.13 (Grid Function) . Let[k] denote the sHtl, ...,kg and
p; : R" I R the canonical projection onto th® poordinate. A grid
function is a mapG = P]T‘: 1Gj : P]T‘: 1[k] ! R™ We shall uséig to
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Figure 3.5; Example grid func-
tions with their associated
collection of axis aligned hyper-
planes.

(@) Agrid function G: [ki] [ko]! R? (b) Agrid function G : [ki] [ko]

together with the associated collection [ks] ! RS together with the associated
of axis aligned lines Hg. collection of axis aligned hyperplanes
Hg.

denote the collection of axis aligned hyperplanes which passes through the
image of this map:

Hg:= fa2 R":pj(a) 2 Im G for some R [n]g

De nition  3.2.14 (Controlling Constant) . For a grid functionG :
PJT‘: 1[k]1! R"we de ne the controlling constani(G) to be:

c¢(G) := minfka bky :a6 b,a,b2 ImGg

In the edge cases for whitth G is empty or a singleton, we de ne the
controlling constant to be in nite.

De nition  3.2.15 (Multiparameter Betti Grid) . Suppose M2 vectF;n

is a nitely presented multiparameter persistence module and that the mul-
tiparameter Betti numbers ; x;(M) have k distinct gradings in the th-
coordinate; (notgxo(M) [ x1(M)j < ¥ in conjunction with Lemme3.2.16
guarantees thatjkare indeed nite). LeGy = P/L,G, : P/L [k]! R"

be the map such that; x,(M)  Im Gy. The mapG,, shall be referred

to as the multiparameter Betti grid of M and the image of this map denoted

ImGy.

The hyperplanes H g, mark the boundaries of the cells within
which the module M does not change.

For a nitely presented module M 2 vecth]n we de ne the control-
ling constant cy; to be the controlling constant of the multiparameter
Betti grid of M, cy = ¢(Gy). This is the minimum non-zero differ-
ence between coordinates of the collection of multiparameter Betti
numbers —; x;(M).

Lemma 3.2.16 (Betti Grid is Determined by Generators and Rela-
tions). Let M 2 vecth]n be a nitely presented multiparameter persistence
module. Forallj 1ifs 2 xj+1(M) then there exist; 2 x;(M) such
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(@) Multiparameter Betti numbers of (b) Multiparameter Betti numbers of
some 2-parameter module M 2 vecth]2 some 3-parameter module M 2 vect'ﬁ3
together with the collection of axis together with the collection of axis
aligned lines Hg,, - aligned hyperplanes Hg,, .

w
thats = r;. Thus the multiparameter Betti grid of M is determined by
Xo(M) [ x2(M).

Proof. We will just prove the result for j = 1, since the result forj > 1
follows identically. Let F be a minimal resolution of M 2 vecth]n.
So that in particular F, ker(f1) = ker(Fy ! F). Let F, have
generating set f rig:‘zll with gr (r;) = r;. Supposesis a generator of

F, with grade s. SinceF is minimal the shas non-zero image under
1. SVL\;pposeﬂg(s) = &4;mx% " r; 2 ker(1y). Note that we must have
S kmso k- Assume seeking contradiction that s > . g0 k- We
observe that:

W W
0= T1(T2(9) = ﬂl(xs kme&0 Mk é, mx km&0 Tk Ti f)
i
w W

= x5 kmso0'k ﬂl(é mx km&0Tk Ti r)
i

W
Since Ry is free it follows that f(&;mx W&« " ) = 0and
hence (by exactness) there is some elemenm 2 K, with f>(m) =
a;mx km&o'k T Thuss x°  kmeo® m 2 ker(f,) and we contra-
dict minimality of the resolution F . Therefores = .60k and the
multiparameter Betti grid of M is determined by xg(M) [ x1(M). O

The following Lemma 3.2.17 gives a simple criterion for identi-
fying redundant generators in a free resolution. For convenience
let us de ne the following notation. If (F ,9 ) is a free resolution
with F generated by the graded setf bjg and F. 1 generated by the
graded set fr,g, let hfli, 1(r), i 2 F denote the scalar such that
Tea(r) = &M 1(rd), byix™ ®i by,

If we are working over a eld for which inner products exist, h, i
denotes the point-wise vector space inner product of a nitely gen-
erated free module which makes its generating set an orthonormal
set.

Figure 3.6; Multiparameter Betti
numbers of multiparameter
persistence modules together
with their associated collection
of axis aligned hyperplanes.
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Lemma 3.2.17 (Cancellation Lemma). Let M 2 vecth]n be a nitely
presented multiparameter persistence module. Suppose M is a free
resolution such that there exists a generator b;p&Rd a generator r of
F+qwithgr(b) = b = r = gr(r) andhflj+1(r),bi & O, then F is
not a minimal resolution, and there is a free resoluti¢h!F M with
x0(F%1) = xo(Fi+1) nfrg, xo(F) = xo(F) nfbgandxo(F) = xo(F) for
allj < i.
Proof. We will explicitly construct the free resolution (F° d) satisfying
x0(F%1) = xo(Fis1) nfrg, xo(F) = xo(F) nfbgand xo(F) = xo(F)
forall j<i. Forj<iset FJ-O: F and d; = 1. SupposeF is generated
by the graded set fbyg [f bg and F. ; is generated by the graded set
frig[f rg. SetFiOto be the submodule of F generated by f bjg and
d = ﬂij,:io. Since gi(b) = b = r = gr(r):
Tiea(r) = Misq(r),bi b+ § Mk o(r),bix" °i by
i

Moreover 0 = T+ 1(r) implies

1
M+ 1(r), bi
_ 1
~ Hfis1(r), bi

& M 2(r), bix® 1 fi(by)

j

& Miv1(r), bBix Pi di(ly) 2 Im
j

Ti(b) =

and so d; surjects onto kerd; 1 = ker i 1. Further we may de ne
E‘ll to be the submodule of F. ; generated by f r,g and de ne dj; 1
on generators of F ; by

i+ 1(ry), bi

oy () b & Miea(D.Bix™ 1 b,
1 ’

dis1(r) = & Mis 12(rie), bjix* Pi by
' j

i
By construction d;d;+1(ry) = 0 and d;; 1 surjects onto kerd;. We may
complete the free resolution F° arbitrarily, to achieve free resolution
with the desired properties. O

3.3 Merge and Simpli cation Functors

In this section we de ne two families of endofunctors acting on
vecthl”. These functors will be used in the proof of our main result
Theorem 3.4.1. We shall show that these functors are well-de ned
and explain the effect of these functors on the presentation of a mod-
ule.

Notation

Let us establish some notation conventions for this section. We shall
denote free multigraded module resolutions as (F ,T ) where ¥ :
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F ! F 1. We shall denote generators of iy using the letter b for
“births" and we shall denote generators of F; using the letter r for
“relations”. We shall use gr(b) = b, gr(r) = r to denote the grading of
generators. Given an elementa 2 R" we will denote the slope 1 line
through aasL 5 with L4(0) = aand the isometric embedding with
respecttok ky.ForasetS R"anda2 R" we use the shorthand
ka Sky = infgyska sky,andsayaisd-closetoSif ka Sky d

3.3.1 Merge Functor

The rst family of functors we de ne we call merge functors. These
are analogous to the merge operations de ned in ( 68) for Reeb
graphs which are heavily used in ( 63). Figure 3.7 gives a pictorial
description of the action of a merge functor on a multiparameter
module. The merge functor moves the grades of multiparameter Betti
numbers lying close to a grid to lie on that grid. Moving the multipa-
rameter Betti numbers may cause cancellations (Lemma3.2.17).

De nition  3.3.1 (Merge Function). LetG : [K] ! R be a nite grid
with controlling constant ¢, and leti < 5. De ne the merge function
MS:R! R as follows:

8
VE(x) = <G() ifx2 [G(i)s d, G(i) + d]
©X ifx 2 Rn [G(i) dG(i)+ d
For a multiparameter grid functios = Gt ... G " with controlling

constant c andl < §, the functionMdG : R" ! R"isde ned using the
merge functionsMS' coordinate-wise.

Note that the merge function is a morphism of posets and so pre-
serves the partial order of a pair of elements in R". That is to say
a bimplies M{(a) M$(b). We rst de ne the action of the merge
functor on free modules.

De nition  3.3.2 (Merge Functor for Free Modules). LetG= P{L 1Gi :
PL,[k]! R" be agrid with separation constant ¢, anddek 5. We

de ne thed-merge of the free module# FredX | with respect to the grid

G to be the free module with grading set regraded via the merge function:
Merge$(F) = FredM$(X )], together with the obvious action on morphisms
of free modules.

The action of Mergeg’ on morphisms is well de ned on free mod-
ules since the merge function is a poset endomorphism of (R", ). It
is straight forward to check that MergedG is an additive and exact func-
tor since it acts independently on the summands of free modules.
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@

(b)

Figure 3.7: An example of a
module under a Merge func-
tor. In (a) we depict an interval
module N overlayed on the
d-neighbourhood of the grid

H g, » with the multiparameter
Betti numbers of N marked.
We observe cancellations of the
multiparameter Betti numbers
under the Merge functor M(?M ,
and the multiparameter Betti
numbers of N lying d-close to
the grid are merged to lie on
the grid.
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We extend the merge functor to arbitrary nitely presented multi-
parameter persistence modules? Let ProjResol :vecth]n ! Kb(vecth]")
denote the functor from nitely presented multiparameter persis-
tence modules to the bounded homotopy category, taking a nitely
presented multiparameter persistence module M to a complex of free
modules (F , Y ) with homology concentrated in degree 0 isomorphic
to M, (Ho(F) = M and H;(F) = Ofor i & 0). Let K°(Merge$) denote
the degree-wise application of MergedG to a complex of free modules,
which is well de ned since Mergeg‘ is additive and exact.

De nition  3.3.3 (Merge Functor). Let M 2 vectFr‘]n andG= Pl 1Gi :
PL,ki]! R"agridwith separation constant ¢, and lét< 5. We de ne
the d-merge functor with respect to the gri@ito be the composition:

Mde= Ho Kb(MergeS) ProjResol

Note thatif F! KR! M ! O0is a presentation of M then MS(M)
has presentation: MergeS(F;) | Merge$(Ro) ! M$(M) ! 0.

Proposition 3.3.4 (Mg:‘ is Exact). The merge functolvldG is an exact functor
onvectR".

Proof. Let A,B,C2 vect?" and 0! A! B! C! 0 be ashort exact
sequence. The horseshoe lemma implies thatProjResol(0 ! A !

B! C! 0)isashort exact sequence of free resolutions. Exactness
of the functor Mergeé3 implies that Kb(Mergeg’) ProjResol(0! A'!

B! C! 0)isalso a short exact sequence. The homology long exact
sequence applied to this short exact sequence yields the short exact
sequence: 0! MdG(A) ! MS(B) ! MS‘(C) ! 0 since the homology of
each complex is concentrated in degree zero. O

Another important property of the family of merge endofunctors
is that MdG perturbs multiparameter persistence modules by no more
than din the interleaving distance.

Proposition 3.3.5 (d|(M§(M), M)  d(69 Lemma 5.13)). For any grid
Gandd< 42 if M 2 vect?" then d (MG(M),M)  d.

Proof. Let (F , 9 ) be a free resolution of M. Note that any free mod-
ule Fis d-interleaved with Mergeg‘(F) via morphisms which map

each summand of F independently to the corresponding shifted
summand of Mergeg and vice versa. We may therefore construct
degree-wise interleavings of F and Kb(MergedG)( F ) which are chain
maps, and so F and Kb(MergedG)(F ) are d-interleaved. Hence by (69,
Lemma 5.13) MS(M) = Ho(KP(Merge$)(F )) and M = Ho(F ) are also
d-interleaved. 0

4The de nition of the merge functor,
whilst mathematically unchanged, was
substantially improved in clarity based
on the suggestion of an anonymous
reviewer. The author would like to ex-
plicitly thank and credit the anonymous
reviewer here.
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Figure 3.8: A 2-parameter in-
terval decomposable module
M under the #simpli cation
functor Sz (De nition 3.3.6).

(@) A 2-parameter interval decompos-  (b) The image of the internal morphism
able module M. Imj M = syM).

3.3.2 Simpli cation Functor

The second family of functors we de ne simplify a module by re-
moving “ #small features" of the module. A pictorial description
of a simpli cation functor applied to an interval decomposable  2-
parameter persistence module is depicted in Figure 3.8.

De nition  3.3.6 (Simpli cation Functor) . If M 2 vect'ﬁn de ne the
#simpli cation of M, denotedsgM ), to be the image under the internal
translationj Y of M:

Sy M) = ImjM

Proposition 3.3.7 (d;(M,S#{M))  #. Sxis an endofunctor ofectR"
and perturbs modules by no more théim the interleaving distance, that is
di(M,s«M)) #

Proof. We can explicitly de ne the interleaving morphisms realising

the upper bound d;(M,S{M)) #f:M) SM) Txg:SHM))
M Ty Taking f = jMandg= Imj¥ !' M Tswe see that
Te(@) f=jMand Tu(f) g= 8 Te= 5™, O

We explicit the effect of the simpli cation functor on a multipa-
rameter presentation and on the barcode of a single parameter mod-
ule.

Lemma 3.3.8 (Presentation Change under Simpli cation) . Suppose F
is a free resolution of M2 vecth]n and let i and Ry have generating sets
frig andf b;g respectively. There is a corresponding free resolutfoof F
Si(M), such that P and F have generating sefs % andf bjog in bijective
correspondence with the generating setsqadiriel F, with the following
relationship between the gradings:

gr(b% = gr(b)
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0 1

or(r9 = @or(r) #)_ " gr(bj)g wherefiy(r)= & Ijx" ®i by
j1,60 j

together with the obvious inherited differentials.

Proof. Let FPand R have generating setsfrly and f b%. De ne
0% = x* fo(b) sothat 19 : FY ! Imj Y is clearly surjective.
0 KO
For every relation r°de ne 19(r% = &1 ;x’ b) b°. We have that:
0 Lo Op pO
1009 = 1B& Y =& ()
j i

=x° T 81X Y o) = xT " o Ta(r)= 0
j

0 0 2 s b? 10 0
and so Imf;  ker fl. Moreover suppose that &; I jx” "1 b2 ker

then &1 ;x**™ i by 2 ker o = Im 11, hence there exists relationsr|
2 ST +\— 2 yStHL by

and scalarsm such that 11(a;mx> ' rj) = &;l jx I by and thus

O s S _ s s b? 1o 0

198, mx® rj(b = &;1;x 7 b’2 Im 17. We have shown exactness

of 2 R0l ImjM1 o O

Lemma 3.3.9 (Barcode Simpli cation ( 70, Proposition 5.18)). Let
M 2 vectR have interval decomposition j,; 1, where | = [by, d;).
De ne the#simpli cation of the intervals | by:

8
2 b, ¥) if dj = ¥
S«(lj) = §[b,-,ol,- # ifd; b>#
- otherwise.

The modulesy(M) = - 2y 1541,

Proof. Consider the minimal free resolution of M where R is free on
the graded setfbjgj»; , Fy is free on the graded setfd; 6 ¥ gj»; ,
and T1(dj) = x% ® bj. By Lemma 3.3.8, S M) has a corresponding
resolution F°. Moreover F{is free on the graded set f bjogjz ; with
gr(bj(b = by, F is free on the graded set f dJngzJ with gr (djo) = b_

(dj #,and ‘Hcl’(djo) = x4 bjo. As claimed, we have coker(19) =
L
23 15#(|j)_ O

The simpli cation functor naturally restricts to the  1-parameter
restrictions of a multiparameter persistence modules. For slope 1
lines L 4, the #simpli cation functor commutes with the restriction to
the line L 4:

S, (Mb2) = sy(M)*te (34)
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Thus using Lemma 3.3.9 we can track how the simpli cation func-
tor Sy applied to a multiparameter module affects barcodes in the
bered barcode of that module.

3.4 Local Equivalence

In this section we prove the main result of this article Theorem 3.4.1.
We make use of the merge and simpli cation functors de ned in
Section 3.3 and their effect on the presentation and bered barcode
of multiparameter persistence modules. After a series of technical
lemmas we establish the following local equivalence result:

Theorem 3.4.1 (Local Equivalence). Suppose M2 vectFj]n is a nitely
presented multiparameter persistence module, M has controlling constant
cm = ¢(Gu), and BM, %) (vectR",d)) is the open ball centred at M
of radius<t. For all N 2 B(M, %) we have:

3—];1d|(M,N) do(M,N) d;(M,N)

Since the interleaving distance is a metric on isomorphism classes
in vect'ﬁ”, Theorem 3.4.1 implies that the bered barcode of M is
distinct from the bered barcode of any N 2 B(M, %) nfMg, and
thus is a locally complete invariant for M. Theorem 3.4.1 follows
immediately from the following proposition:

Proposition 3.4.2. Suppose MN 2 vecth]n are nitely presented multipa-
rameter persistence modules, and M has controlling constgrtcc(Gy ).
Forallk 2 [0,4;),if0 < d/(M,N) = #< then the matching
distance is bounded belowg(d1, N) > k#

Cm
2(34k+ 1)

The proof of Proposition 3.4.2 is built using a series of auxiliary
lemmas. The holistic idea for the proof of Proposition 3.4.2 follows
the same structure as the proof of the local equivalence result in (63).
We assume, seeking contradiction, that two modules M and N have
a small matching distance in comparison to one of their controlling
constantsdg(M,N) = k# < cy and in comparison to their inter-
leaving distance dg(M,N) = k#< #= d,;(M,N). We use the small
matching distance dg(M,N) = k# < ¢y to deduce that the multi-
parameter Betti numbers of N either lie close to the grid Im Gy or
can be cancelled with a nearby multiparameter Betti number. After
applying a series of merges and simpli cations we attain a nearby
module N, (d,(N,N) const k#), such that the multiparameter Betti
numbers of N are contained in the grid Im Gy . Finally we note that
if N and M are d-interleaved for some d < CTM then Lemma 3.4.12
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implies that N and M are isomorphic. Hence if k is too small these
results violate the triangle inequality for the interleaving distance,
and thus we deduce a lower bound for do(M,N) = k#

Let us rst recall the push function De nition ~ 3.2.7. Note that the
bre of the push map push | for an element a 2 L is the boundary of
the downset of a:

push, '(a)= ffp2 R":p ag (3.5)

Lemma 3.4.3 (Induced 1-Parameter Resolution). LetL : R ! R"

be a positively sloped line and supposeZl\/r\/ectRn has a free resolution
F | M. Thel-parameter restriction M := M L 2 Vect® has a
corresponding free resolutiort Fwhere the generators qf &e in bijection
with the generators ofilF; in particular a generatoa of | corresponds to a
generatora- of F- with R-grading given by 1 push (a).

Proof. For any p 2 R" at least one coordinate of p is preserved by the
push function i.e. there is some i 2 [n] such that push, (p); = p;. The
push function push | collapsesR" to the line L whilst preserving the
partial order. It is straightforward to check that the pullback functor

L :VectR" I VectR preserves free modules, and preserves exactness
since exactness of a sequence of persistence modules may be checked
pointwise. Thus given a resolution of a multiparameter module M

the push function induces a resolution of ML. O

Free Resolutions to Barcodes

LetM 2 vecth] be a single parameter persistence module with nite
free resolution F ! M. Suppose Ry has generating setf b, 9i2[io]
and F; has generating setf ryg,» i) With the indexing respecting the
grading (j1 < j2 implies gr (b;,)  gar(b;,)). We may represent the
map 11 : i ! R of the free resolution using an ip i; matrix D with
Djx = Mu(re), byi.

I
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Algorithm 1: Graded Smith Normal Form ( 71)

Result: Given a matrix D representing a map between single
parameter free modules 11 : /! Ry (where the
indexing of the bases of iy and F, respects the grading),
reduce D into Graded Smith Normal Form.

while There exists an untreated row or colurdo
if There exists,jj such that ; 6 Oand Dy & Oimpliesi< k

orj<|then
Let i, satisfy the if statement with j minimal and row i

or column j untreated;
Clear the non-zero entries to the right of Dj; in row i
with elementary column operations;
Clear the non-zero entries in column j above D;; with
elementary row operations;
Mark row i and column j as treated;

else
| break

end
end

Using Algorithm 1 (detailed in ( 71)) we may perform grade-
respecting column and row operations clearing non-zero entries
upwards and to the right, to reduce the matrix D into graded Smith
Normal Form D. In this form, each row of the matrix has at most one
non-zero entry and moreover f)Lk & 0 implies that Dj o & O for some
KO k. We can read off the isomorphism class of coker({;) as:

M
coker(1,) = 1'i
i2[io]

where I; = [gr(by),gr(ry)) if I5j,k 8 Oandl; = [gr(by),¥) if the jth
row of D is zero. In either case we say the barb; generates the bar
l;, and in the former case we say that the bar ry kills the bar ;. Note
that the graded Smith Normal Form and the correspondence between
bars and generators depends only on the choice of grade respecting
indexing and the entries of the matrix D.

For M 2 vecth]n a multiparameter persistence module with free
resolution F | M, recall that there is a corresponding free resolution
F- of ML for each positively sloped line L. Given grade respecting
indexings of the generating sets of FOL and FlL for each positively
sloped lines L, we say that b (a generator of Fp) generates the barl;
in ML if b generatesl; in ML. Similarly we say that the relation r (a
generator of ) kills the bar 1j, if rt kills the bar Ijin ML,

Recall the merge and simpli cation functors from Section 3.3.

A key property of these functors is that: given a free resolution for
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M 2 vecth]", we yield free resolutions of the image of M under these
functors by appropriately shifting the gradings of the generators in
the free modules of the free resolution of M. Moreover the grading
shifts respect the partial order on R". Thus any grade respecting in-
dexing along a positively sloped line L remains a grade respecting
indexing under these grading shifts, and thus the graded Smith Nor-
mal Form along the line L is preserved under these grade shiftings.
Hence we can track the bar generated by a generatorb as the grade
of b is shifted by the merge and simpli cation functors and similarly
track a bar killed by a relation r.

Our next lemma identi es the bre of the push map.

Lemma 3.4.4 (Fibre of the Push Map). Ifa = (a,...,a,),b =
(by, ...,bn) are such thakpusrLb(a) bky  dthenminiyja b
d. In particular, if a 2 Im Gthenb is d-close tdH .

Proof. At least one of the coordinates g is preserved by the push
map. O

Suppose modules M and N satisfy the assumptions of Proposi-
tion 3.4.2. Lemma 3.4.4 will be used to identify that the multiparam-
eter Betti numbers inducing births of long bars in the bered barcode
of N must lie close to the grid of M.

In Lemma 3.4.9 we use the positions of births of bars in the bered
barcode of M to limit the positions of generators of N. Lemma 3.4.5
establishes that every non trivial generator of N generates some non-
empty bar in the bered barcode of N.

Lemma 3.4.5 (Non-trivial Generators Generate Non-zero Bars). Let

M 2 vectﬁn be a nitely presented multiparameter persistence module with
minimal free resolutio{F , ¥ ). If b is a generator ofgRthen for any choice

of grade respecting indexing of generating sets, deenerates a non-trivial

bar in MLb.

Proof. Suppose that M has minimal free resolution (F,9 ) the gen-
erators of Fc')‘b and Fi"’ are given any grade respecting indexing, and
D is the graded Smith Normal Form of the matrix representing the
map ﬂ'ib. If b-b generates a trivial bar and is assigned index j then
Djx 6 O for some index k for which gr (r.°) = gr(btb). Dj 6 0
implies that Djj0 = Miy(r$),b-vi & O for some k% < k, and 3.4.3
implies M1(r0),bi & 0. Since the indexing respects the grading
gr(r:;()b gr(r:;b) = gr(btv). The non-zero coef cient Mf1(ryo),bi & 0
implies that gr (reo)  gr(b) and in combination: gr (ro)  gr(b),
gr(rtob) gr(bt®) and Equation (3.5) imply gr (rw) = gr(b). Hence
ro and b satisfy the hypotheses of Lemma 3.2.17, contradicting the
minimality of (F,1 ). O
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Similarly, in Lemma 3.4.10 we use the positions of deaths of bars
in the bered barcode of M to determine the positions of relations of
N. Lemma 3.4.6 establishes that every non-trivial relation of N Kkills
some (possibly trivial) bar in the bered barcode of N.

Lemma 3.4.6 (Non-trivial Relations Kill) . Let M 2 vecth]n be a nitely
presented multiparameter persistence module with minimal free resolution
(F,T). If ris a generator of f£then for any choice of grade respecting
indexing of generating sets, r kills a (possibly trivial) bar in-M

Proof. Suppose that M has minimal free resolution (F,T ), the gen-
erators of FOLr and FlLr are given any grade respecting indexing,

and D is the graded Smith Normal Form of the matrix represent-

ing the map ﬂ'i'. Supposerl is given index k. If r does not kill a bar
then the k' column of D is zero. Hence 11(r) 2 Imhfl1(ry)i ke k and
ker 1, 6 Imax Fy contradicting minimality of the free resolution. O

Through the proof of Lemma 3.4.6, we observe that if a relation r
does not kill a bar in the barcode along the line L then there must be
a second order relation s for which gr (s-) = gr(rt) and Hix(s),ri &
0. This fact will be used in the proof of Lemma 3.4.11

De nition 3.4.7 (Unmerge Function). LetG= P G be a gridd < @
and lete; denote the standard basis vectoRdf. The unmerge function
U$ maps points lying orH g to lie d far away from the gridu§ : Hg !

R". Fora 2 Hgletl 5 be the indices of the coordinatesauch that

ja ImGj dand lete denote the'f standard basis vector. We de ne
the d-unmerge ofa as follows:

uS(a) = MS(a)+ d & e
i21 a
By construction the unmerge function takes a and returns the
maximum element in the poset R™ which merges to same point as a,
that is:
uS(a) = maxfp 2 R": M$(p) = MS(a)g

Thus for all a 2 H g we have kug(a) H cky = d. Another property
of the unmerge function is that if a coordinate of a2 R" is preserved
by the merge MdG (say the i!"-coordinate), then:

push,_ \ (a) = USMS(a) (3.6)

d

MdG(

This follows since USM$(a)  a, and USM$(a) and a share the same
i -coordinate. Thus USMS(a) the minimal element of and L yenS(a)
greater than a. See Figure3.9 for examples of the unmerge fuf"jnctdion.
The following result, Lemma 3.4.8, will be used to show that the
grades of multiparameter Betti numbers of N merge to the same
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Figure 3.9: Examples of the
unmerge function Uccf moving
points from Hg to lie d-far
away from Hg.

(a) US applied to points p,q 2 R2. (b) US applied to points p,q,s2 RS,

grade and satisfy the hypotheses of Lemma 3.2.17 and thus cancel
each other out.

Lemma 3.4.8 (Suf cient Conditions for Grades to Merge) . Leta,b 2
(R", ) andGbe a grid function suchthaka H gky dandb a. lIf

s a) = pus b), thenMS(a) = MS(b).
pu h_UdGMde(a)( ) = pu h‘udGMdG(a)( ) 4(a) 4(b)

Proof. Note that by construction of the unmerge function USMdG(a)

— |GG : _
aand pushLUdGMd%)(a) = UgMg(@). The assumption that pUShLudGMg(a)(b) =

push, SMEJB(a)(a) thus implies b UdGMg(a). In combination with
the assumptionb  a,wehavea b  USMS(a). By de nition

of the unmerge function, the coordinate values of a which are un-
changed by MS are also unchanged when applying US to M$(a).
Thus a and b share coordinate values for all the coordinate values

of a which are unchanged by Mde. SincekUSMdG(a) H gky = d,
then kb H gky d, and so the remaining coordinates of b are
merged to the same coordinate values of MdG(a), thus it follows that
MS(a) = MS(b). O

In the following Lemma we assume that nitely presented mod-
ules M, N are closer in the matching distance than half the control-
ling constant of M. For each minimal generator b of N we consider
the bars generated by b in the slope 1 lines nearby to gr(b) = b, and
deduce that each generator either lies close to ImGy, or generates a
small bar. See Figure3.10(a) for an illustration.

Lemma 3.4.9 (Properties of Generators). Suppose that MN 2 vecth]",
do(M,N) < k#and gy > 2k# Let(F,¥ ) be a minimal free resolution of
N. For any generator b ofgRwith corresponding grade ¢b) = b 2 xo(N),
at least one of the following properties holds:

B.1 b lies2k#close tdm Gy
B.2 b liesk#close tdH g, and b generates a bar of length less t@&#in

L 6, G
the module N Ui mc ()
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B.3 b generates a bar of length less tt2#in the module Nro

Proof. Fix any generator b and consider the module Nb. Since
bis a non-trivial generator, b generates a non-trivial bar in NLb
(Lemma 3.4.5). Suppose the bar in N-b generated by b has length
< 2k# then we satisfy property B. 3.

Else the bar generated bybin Nt has length  2k#and must be
k#matched with a bar in the module Mb» since we assumed that
do(M,N) < k# Hence by Lemma 3.4.4, b is k#close toHg, . If b is
2k#-close to Im Gy we satisfy B.1, elseb is > 2k#from all grid points
of M.

In the latter case, MKG#V' (b) lies on Hg,, butis not in the image of
Gy - Using the fact that ¢y > 2k#and at least one of the coordinates
of b is unchanged by MY, we have that the 2k#close line L Gy« Gy

_ Ui#t' Micit" (b)
is such that:

kpush (b) push (ImGy)ky  k#
L o) “ N o
To see this claim is true, note that Equation (3.6) implies that
push, (b) = UM (b), push, _ o (ImGu) H g,

G G
. Uik mic! (b) Ui mi (b)
since the push map preserves at least one coordinate, and by con-

struction kU@ M@(b) H g, k= k#
Since pus b) is k#far from all points of push Im Gy
hLuﬁb” ! (b)( ) Fog <b>( )

) L oy G
and dg(M,N) < k# then the bar generated by bin N Uk md! (o)

L
cannot be matched to bars in M UM ) and so must be length
< 2k# O

The next Lemma assumes that a module N is close to M in the
matching distance, and the generators of N lie on the grid points
Im Gy . For each minimal relation r of N we consider the bars killed
by r in the slope 1 lines nearby to gr(r) = r. We deduce that each
relation lies close to H ), and if a relation is not close to Im Gy then
there is a nearby line such that if the relation kills a bar in the mod-
ule along this line, then it is a small bar. See Figure 3.10(b) for an
illustration.

Lemma 3.4.10 (Properties of Relations). Suppose MN 2 vect}"

are such that (M, N) < k# xo(N)  Im Gy and gy > 8k# Let

(F .1 ) be a minimal free resolution fot and Syur), Sawr) denote the
relation and grade of the relation corresponding to r in the free resolution of
Sad N) induced by(F ,{ ) as outlined in Lemma&.3.8. For any relation r,

(a generator o), with corresponding grade @r) = r 2 x;(N), one of the
following properties holds:
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R.1 ris 2k#close tdm Gy or Sy(r) is 4k#close tdm Gy

. . . . ~L Gy Gu
R2 ris 2k#close tH g, and if r kills a bar in the moduld Vac ac (52"
that bar is of length less tha2k#

Proof. Fix any relation r and consider the module NLr. Sincer is a
non-trivial relation, there is a (possibly empty) bar killed by r in the
module N (Lemma 3.4.6). If the bar killed by r has length > 2k#
asdg(M,N) < k# the bar killed by r is k#matched to a bar of Mr
and thus r is k#close toHg,, (by Lemma 3.4.4). Else the bar is X#
trivial and unmatched, in which case it is 2 k#close to a coordinate of
a generator of N. By assumption xO(N) Im Gy and sor is 2k#close
to Hg, . In either caser is 2k#close toHg,, .

If kSoki(r) Im Gyky > 4k#then at least one coordinate of Soe(r)

is unchanged by M®".. Consider the line L= L and
is u g Y M sider i umMm(Szk#(r))

note that by Equation (3.6) push o(Sx#r)) = U?k“'#Mka'#(SZk#(r)).
Moreover kUﬁW#MﬁV'#(SZk#(r)) push, o(lm Gy )ky 4Ak#since
U?kv'#Mf’kV'#(SZK#(r)) is at least 4k#far in each coordinate from ev-

ery grid point of M. Furthermore kr  Souu(r)ky 2k#implies
that kpush, o(r)  push; o(Sok#(r)) Ky 2k#and so: kpush o(r)
push| o(Im Gy )ky 2k# Hence any bar killed by r in the mod-
ule NL°is unmatched and so of length less than 2k#as do(M, N) <

k# O
Figure 3.10: lllustrations to
support Lemma 3.4.9 and
Lemma 3.4.10.

(a) A generator at grade b which is (b) Arelation at grade r which is such

k#far from Im Gy but k#close toHg,, that Syx(r) is not 4k#close to Im Gy, is

must generate an unmatched bar in 2k#far from all points of Im Gy when

the nearby line L of length ushed to the line L , and

Y INE &y o) O "9 P UM (Spr)
2k# so if it kills a bar in this line it must be

unmatched and of length  2k#

Using information about the location of the generators and rela-
tions of N together with which generators and relations birth or kill
small bars, we nd a nearby module N whose multiparameter Betti
Numbers all lie on the grid points of M.
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Lemma 3.4.11(Sixi(N) Im Gy ). Suppose MN 2 vectR",
do(M,N) < k# d;(M,N) = #and gy > 80k# There exists a module
N suchthat™ ; x(N) Im Gy, andd(N,N) 34k#

Proof. We rst give an overview of the strategy of the proof. The
nearby module N is attained by a series of merges and simpli cations
applied to N. We rst use Lemma 3.4.9 to perturb N to a module
N whose generators all lie on the grid points of M. Next we use
Lemma 3.4.10to perturb N to a module N whose generators and
relations all lie on the grid points of M. Finally, Lemma 3.2.16 implies
that all the multiparameter Betti numbers of N must now lie on the
grid points of M.

Let (F, ¥ ) be a minimal free resolution of N. Lemma 3.4.9 estab-
lishes that for any generator b of iy with grade b 2 xg(N) at least one
of the following holds:

B.1 b lies 2k#close to Im Gy

B2 b lies k#close toHg,, and b generates a bar of length less than Xx#

L
in the module N U mc! )
B.3 b generates a bar of length less than X#in the module Nlb

Consider N%= Sy4(N). By Lemma 3.3.9 every generator b which
satis ed B. 3 now generates a bar of zero length in the module N0,
Consider the free resolution (F9 9°) of N%induced by shifting the
gradings of (F ,{ ) according to Lemma 3.3.8. For every generator b°
of FYwith grade bPat least one of the following holds:

B'.1 bYlies 2k#close to Im Gy

B'.2 bOlies k#close toH Gy and generates a bar of zero-length in the

oL
module N Uc w9
B'.3 bVgenerates a bar of zero-length in the module N0

Consider N = MJ.(N9. Every generator b0satisfying B'. 1 is
moved to grade Mg’(v'#(bcﬁ 2 Im Gy. Every generator b?satisfying B'. 2
lies k#close to Hg,, and there is a relation rOwhich kills the zero bar

generated by b%in NOLUKGQ’I w69 | emma 3.4.8 implies that under
Mg’(v'# the generator b?and relation r%are brought to the same grade.
Consider the free resolution (F , ) of N, induced by shifting the
gradings of (FC, 19) with the merge function. Any generator b of =
which corresponds to a generator b°of F§which satis ed B'. 2 or B'.3
generates a trivial bar in the line L and thus is not a non-trivial
generator of N (Lemma 3.4.5). Hence all non-trivial generators of
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N lie on the grid points of M, xo(N)  Im Gy, and by construction
di(M,N) < k#t+ 2k#+ 2k# Sk

Now let (IE K ) be aminimal free resolution for N. For each rela-
tion r with grade r 2 x;(N) the hypotheses of Lemma 3.4.10 hold
(replacing k#with 5 k#), thus r is 10k#close to H g, . More precisely
for each relation r at least one of the following holds:

R.1 ris 10k#close to Im Gy or Sigur) is 20k#close to Im Gy

. . . . ~L Gy Gy
R2 ris 10k#close toHg, and if r kills a bar in the module N V20420510647
that bar is of length less than 10k#

Consider N = MSY.. Sia(N). Note that the grades of the genera-
tors of N remain unchanged under these functors. We will show that
the grades of the non-trivial relations of N all lie on Im Gy.

Any relation satisfying R. 1 is shifted in grading by no more than
10k#by the functor Sig# and thus lies on a grid point of Gy, after
applying M%ﬂ(# Consider instead a relation r with grade r 2 xl(N)
satisfying R.2 and not R.1. We will denote by S;gu(r) and Sygr)
the relation and grading of the relation corresponding to r in the free
resolution induced by shifting the gradings of (F K| ) according to
Lemma 3.3.8. Property R.2 implies that if r kills a bar in the module

Gm 1 Om . .
N Y20cM20cS10647) jt s of length less than 10k# For notational conve-

nience let L0 = L . The effect of the simpli cation
UM S10cr) P

functor on barcodes (Lemma 3.3.9) implies that if r killed a bar in the
module NL°then Sigu(r) kills a bar in the module Sige(N)-° and
that bar is of length zero. However, it is not possible for Sigu(r) to
kill a zero length bar in Syg(N)-° since

kpush| o(S1ok#(r))  push o(Im Gy)ky  20k#

and hence Sig(r) cannot be pushed to the same value as a generator
in the line L°

By considering the free resolution (Syge( F-%), S1ae 7)) of
Slm#(N)LO, we note that there is a second order relation s, a generator
of Sia(F2), with push | o(s) = push o(S1a(r)) and Hiiz(s), S1ae(r)i &
0. We note that s Siok(r), KS10e(r) H g, Ky 20k#and
hence Lemma 3.4.8 implies that under the merge MS&’L# the relation
S10k(r) and second order relation s are brought to the same grade,
MS&”(#SM#(Y) = Mgaf(#(s). If there are multiple relations of Syg(N)
brought to the grade M%V"(#Sm#(r) under the merge then all of these
relations are pushed to the same grade under push, o (Equation (3.6))
and all do not kill a bar in the module Slw#(N)LO. By again consider-
ing the free resolution (Syge( F-"), S1ae(T-°)) we see that there must
be a collection of second order relations equinumerous with these re-
lations, such that the collection of second order relations surject onto
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the span of the relations in Slok#(lfi-o). Thus all these relations are
trivial after the merge and all non-trivial relations of N lie on Im Gy.
In total we observe that N = Mgg'&# S10k# Mszkw# Sok#(N) is such
fhat x0~(lfl) [ x4(N) Im Gy and Lemma 3.2.16 implies that in fact
i Xi(N) G p. Since the simpli cation functor Sy and merge func-
tor Mg each perturb a module by no more that din the interleaving
distance we have that d;(N,N)  20k#+ 10k#+ 2k#+ 2k#= 34k# [

The nal auxilliary lemma we require, Lemma 3.4.12, is a spe-
cialised version of (58, Lemma 6.7).

Lemma 3.4.12 (Suf cient Conditions for a Small Interleaving to In-

duce an Isomorphism (58, Lemma 6.7)). Suppose NN 2 vecth]n are#
interleaved and that forath 2 ~; xj(M) [ x;(N) the transition morphisms
(Ma! Mas#) ,(Ma! Marog), (Na! Nass#) and(Na! Ngaioy) are
isomorphisms of vector spaces, thenNviare isomorphic.

Combining the results of this section we attain a short proof of our
main result.

Proof. (Theorer.4.1) Suppose (seeking contradiction) that do(M, N) <
k#while d,(M,N) = # Then by Lemma 3.4.11 there is a mod-

ule N with ~;x;(N)  Im Gy, andd,(N,N)  34k# By the tri-
angle inequality d,(N, M) #+ 34k# Sincecy > 2#+ 68k#

the internal morphisms (Na !  Nat s sas), (Na | Nar 2 65,
(Ma! Marmams) and (Ma ! Mgy om geks) are isomorphisms for all
a2 " ix(N)[ Tix(M) ImGy. Hence Lemma 3.4.12implies that
d(M,N) = 0. This leads to a contradiction for all k 2 [0, ,):

#= d(M,N) d;(M,N)+ d;(N,N) 34k#< #= d;(M,N).

3.5 Equivalence of Intrinsic Metrics

In this section we show that the local equivalence result in the pre-
vious section induces a global equivalence of intrinsic metrics. A
consequence of the Characterisation Theorem in £8, Theorem 4.4)
(which characterises the presentations of #interleaved multiparame-
ter persistence modules), is that the space of nitely presented mul-
tiparameter persistence modules equipped with the interleaving
distance is a path metric space. That is to say a pair of nitely pre-
sented modules at distance #in the interleaving distance are joined
by an #length path. Consequently, we deduce a global equivalence of
intrinsic metrics between the induced intrinsic matching distance &0
and the interleaving distance (Theorem 3.5.6).
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In a metric space (X, d) one can de ne the length of a continuous
path g. For a more thorough introduction to path metric spaces and
induced intrinsic metrics see (72).

De nition  3.5.1 (Length of a Path (72)). De ne the length of a path
g :[0,1]! X continuous with respect to the metric d to be given by:

n
“a(9) = sup a d(g(ti 1),9(t))
0=tp< t12<'\.‘..< th=1i=1
n

From the de nition of the length of a path we can construct intrin-
sic metrics on (vect?", d;).

De nition  3.5.2 (Intrinsic Metric) . Given a metric d on the space of
multiparameter modules we de ne an associated intrinsic metridth
respect to a collection of admissable p&liehereC contains all constant
paths and is closed under concatenations of paths).

d(M,N) = inf 4(9) 3.7)
g2C
g(0)=M™
g()=N

Let us recall the characterisation of interleavings proved by Lesnick:

Theorem 3.5.3 (Interleaving Characterisation (58, Theorem 4.4)). Let
M,N 2 VectR" then M, N are#interleaved if and only if there exist
presentations:

M
N

hXm, Xn( AR m,Rn( #i
hXm( A, XnJRm( #,Rni

Moreover if M and N are nitely presented these presentations may be
chosen to be nite.

Remark3.5.4. The presentations in the result of Theorem 3.5.3 are con-
structed using the data of the interleaving morphisms. We note that

in this construction each relation in Ry, is a homogeneous element of
the free module Free[Xy t X n( #)]. Similarly, each relation in Ry

is a homogeneous element of the free module Fred Xy ( # tX n].
This means thathXy ( t#, Xn((t DARm( tH, RNt DB)iis
a well-de ned presentation for all t 2 [0, 1].

A straight forward consequence of the characterisation of inter-
leavings is the following result:

Corollary 3.55 ((vecth]n, d;) is a Path Metric Space) The extended met-
ric space of nitely presented multiparameter persistence modules equipped
with the interleaving distance(,vecth]”,d|), is a path metric space.
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Proof. Given a pair of nitely presented modules M, N with d;(M,N) =

# since the modules are nitely presented, the interleaving distance

is realised and so they are #interleaved (58, Theorem 6.1). Theo-

rem 3.5.3 implies that there exist presentations M = hXy, Xn( #JR m, Rn(
N = hXy( #,XnjRm( #,Rni. Consider the path g : [0,1] !

vect?" de ned by:

g(t) = hXw( ), Xn((t DAIRM( tH,Rn(t 1A

The path g is well-de ned by Remark 3.5.4. Lett < sand X; =

Xm( t#),Xs= Xn((s 1D)#H,Rt= Ru( t#h,and Rs= Rn((s 1)#.
Observe that:

g(t) = hX, Xs((t  9)#AjRt, Rs((t )i
g(s) = hX((t 99, XJR((t 9)#,Rsi

Hence using Theorem 3.5.3 we see thatd,(g(t),g(s)) j s tj# O

Since the space of nitely presented multiparameter modules
equipped with the interleaving distance is a path metric space (Corol-
lary 3.5.5) there exists a distance realising path between each pair
of modules and so d] = d,. Thus the local result of Theorem 3.4.1
extends to a global result about intrinsic metrics.

Theorem 3.5.6 (Equivalence of Intrinsic Metrics) . Letd, denote the

intrinsic matching distance with respect to the collection of admissable paths
C=fg:[0,1! (vecth]n,d|) : g is d;-continuous. The intrinsic metrics

do and d are globally bi-Lipschitz equivalent so that for all, M 2 vectFrﬂ":

3—14d|(M,N) do(M,N)  di(M,N)

Proof. The upper bound 60 d, follows from dy d,. Indeed for any
path g we have that between modules M and N

n
d(9) = sup a do(a(ti 1).9(t))
0=t0<t12<N..<tn=li:1
n

n
sup @ di(g(ti 1),9(t) = "4(9).
0=to<t1<.<th=1lij=1

n2N
do = infg "4,(9) and Corollary 3.5.5implies that d; = infg "¢ (g) thus
do d.

For the lower bound we will show the length of any path between

M and N is bounded below by Zd;(M,N). Letg 2 C with g(0)= M
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and g(1) = N.Foreveryt 2 [0,1]letl; g 1B(g(t),°9—jr‘)), be the
largest interval containing t in the preimage of the radius @ ball
about the module g(t) in vectF;". By compactness of[0, 1] there is

a minimal nite subcover fli,,....lt,, -0 lty, 10 Let T 2 ¢, ,\
It,.,- Then by the local result Theorem 3.4.1 do(g(ta), 9(t2k 1))

201 (g(tx), 9(tk 1)). Hence we observe that " (g)  4d(M,N). O

3.6 Application to Interlevel Set Persistence and Reeb Graphs

In this section we outline an application of Theorem 3.4.1 and Theo-
rem 3.5.6 to interlevel set persistence modules (73; 56; 74) and Reeb
Graphs. This section is intended to illustrate the generality of The-
orem 3.4.1 and its applicability to data structures which arise in
topological data analysis, even those which a priori do not have the
structure of nitely presented multiparameter persistence modules.

Reeb graphs are a commonly studied object in data science and
can be viewed as a patrticular instance of interlevel set persistence
modules. Metrics on Reeb Graphs have been studied extensively
(63; 75; 76; 77) and there is a trade off between discriminating power
and computability of these metrics. Theoretically sound but com-
putably infeasible metrics exist for Reeb Graphs, such as the func-
tional distortion distance, drp and the Reeb Graph interleaving dis-
tance dR®®®. It is shown in ( 76) that d**®* and dgp are bi-Lipschitz
equivalent. Computable, yet incomplete pseudo-metrics on Reeb
Graphs include the bottleneck distance dg (77). A comparison of the
bottleneck distance and functional distortion distance is studied in
(63), and a global equivalence of intrinsic metrics is established.

We can associate a 2-parameter persistence module to an inter-
level set persistence module. However, the 2-parameter persistence
module associated to a non-trivial interlevel set persistence module
is not nitely presented. Naively embedding interlevel set persis-
tence modules into R2-indexed persistence modules gives rise to
2-parameter persistence modules with an uncountable number of
generators. However, using the block decomposition of interlevel
set persistence modules 66; 55; 52) we may extend the 2-parameter
persistence modules interlevel set persistence modules so that they
are amenable to the arguments in Section3.4 which apply to nitely
presented multiparameter persistence modules.

De nition 3.6.1 (Interlevel Set Persistence Module). An interlevel set
persistence module is an element of the functor categest/™ (R) where
Int(R) denotes the poset of non-empty bounded open intervats in

Example 3.6.2 (Interlevel Set Persistence Modules) Interlevel set per-
sistence modules naturally arise from real valued functions on a topological
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space. Let £ X ! R and let H denote a homology functor with coef -
cientsin a eld. The functofa,b) 7! H(f ((a b))) is an interlevel set
persistence module.

One can de ne an interleaving distance for interlevel set persis-
tence modules analogously to the interleaving distance for multi-
parameter modules De nition 3.2.5. In this setting the translation
endofunctors T : Int(R) ! Int(R) augment the intervals by #
T«(b,d)) = (b #d+ #. Itis straight forward to show that inter-
level set persistence modules isometrically embed as 2-parameter
persistence modules.

Lemma 3.6.3 (Interlevel Set Persistence Module Embedding (56)).
LetU denote the subposkx, >  x19 R2. The space of interlevel
set persistence modulesct™ (R) equipped with the interleaving distance
embeds isometrically inteectV, using the identi cationU = Int(R) via

(X1!X2)$ ( X11X2)

If we hope to associate a nitely presented module to an interlevel
set persistence module we need to control the behaviour of inter-
level set persistence modules. De nition 3.6.4 provides the necessary
criteria to control interlevel set persistence modules.

De nition  3.6.4 (Finitely Determined) . A module M 2 vectR" is
nitely determined if there exists a grid functio : [ky] [ko] ! R?
such thatforalla b witha,b 2 (G(i),G(i + 1)) (G(j),G(j +

1)) = Celljj the internal morphism Ma  b) is an isomorphism, and
foralla 6 G((1,1)),M(a) = 0. Forasubset A R?we shall say a
module M 2 vect? is nitely determined if there exists a grid function
G:[ki] [ko]! RZ?suchthatforalla b with a,b 2 (G(i),G(i + 1))
(G(j),G(j + 1)) \ A the internal morphism Ma b) is an isomorphism
and foralla6 G((1,1)),M(a) = 0.

Following De nition 3.6.4 we will say that an interlevel set persis-
tence modules M 2 vect™(R) js nitely determined if the associated
module M?2 vectV is nitely determined. We will denote the col-
lection of nitely determined interlevel set persistence modules by
vect'rr:t(R). We believe that this constructibility criterion is not too
restrictive. For example, the interlevel set persistence module associ-
ated to a scalar function f : X ! R will be nitely determined if X
is a compact manifold and f is Morse (Example 3.6.2); alternatively if
X is a compact semi-algebraic subset ofR" and f is a projection onto
one of the coordinate values (75).

De nition  3.6.5 (Block Decomposable (56)). Let us de ne the following
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notation for intervals ofJ which we shall calU-blocks:

(abe = f(x,y)2U:x2( b a),y2(ab)g
[ab)sL=f(xy)2U:y2[abg
(ablgL=f(x,y)2U:x2[ bag
[abls. = f(x,y) 2U:x2[ b¥)y2[a¥)g

We say a module M2 vect®” is U-block decomposable is it is interval
decomposable and each of the intervals in the decomposititiliidoek.

We want to work in the subclass of nitely presented persistence
modules. To this end, we de ne the extension of U-blocks, which
takes eachU-block to a nitely presented interval of R?2.

De nition 3.6.6 (U -Block Extension). We de ne the following extensions
of U-blocks to intervals dR?:

WBL:f(XvY)ZRZ:XZ[ b, a),y2 [ab)g
[ab)g = f(x,y) 2R?*:x2 [ b¥),y2[ab)g
(ablg, = f(x,y)2R?:x2 [ ba),y2[a¥)g
[ablg = f(x,y) 2R*:x2[ b¥),y2[a¥)g

Using this extension we can assign a nitely presented module

M 2 vectFr{]2 to every U-block decomposable module M 2 vectR’,
L L T — L 7

Explicitly if M =~ ;17 (with I; all U-blocks) we take M = — ;17.

The interleaving distance between U-block decomposable modules
can be computed by matching the blocks in their decomposition ( 32).
More precisely, given U-block decomposable modules M = 1'i
and N = ~ 1%if d/(M,N) = #then there is a matching between
the barcodesf I;g and f J,g such that if I; is matched to J, then I; and
J; are of the same type, d, (1'1' ,1%)  #and any unmatched block is
#interleaved with the zero module ( 32).

It is straight forward to check thatif I; and J, are the same type
then: B

di(1,1%) a1l 1% 2d(1',1%)

and so for U-block decomposable modules M, N:
d(M,N) d;(M,N) 2d;(M,N)

We can derive an interlevel set persistence module from a Reeb
Graph. In Figure 3.11 we sketch the 2-parameter U-block decom-
posable module associated to a simple Reeb Graph together with
its extension to a nitely presented 2-parameter module. Since we
can extend interlevel set persistence modules to nitely presented
2-parameter persistence modules we yield the following result as an
application of Proposition 3.4.2:
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Corollary 3.6.7 (Local Equivalence of Interlevel Set Persistence Mod-

ule Metrics). Suppose MN 2 vect';“(R) andk 2 [0,3%1) are such that

di(M,N) = #and% > #then the matching distance between their

extended modules is bounded bel@@d, N) > k#

Proof. Apply Proposition 3.4.2 to the modules M and N using the
fact that d,(M,N)  2d,(M,N). O

Corollary 3.6.7 provides an example of a local equivalence result
which may be derived from our general result Proposition 3.4.2. We
relied on the fact that the poset Int (R) naturally includes into R?
and that sensible constructibility criteria for interlevel set persistence
modules give rise to nitely presented 2-parameter persistence mod-
ules. In this particular instance, interlevel set persistence modules
and Reeb Graphs have been well studied and have additional struc-
ture which has been exploited to yield sharper results than Corol-
lary 3.6.7 (32, 74; 56; 63; 76). We would be interested to explore other
posets P which naturally include into R" for some n, and the cor-
responding constructibility criteria of modules  vect® for which this
inclusion would give rise to nitely presented modules. This would
take advantage of the generality of our main result Theorem 3.4.1
and yield results for more complicated topological data structures
than Reeb Graphs. A starting point would be to explore Reeb Spaces.
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Figure 3.11: An illustration

of the Reeb graph X, where

X = TZ2is the 2-torus equipped
with the projection f to the real
line. The Reeb graph X has an
associatedvect valued-cosheaf
on the real line which isomet-
rically embedded into vectY
(both spaces equipped with the
interleaving distance). Using
the block decomposition of an
interlevel set persistence mod-
ule M 2 vectY we may extend
Mto M 2 vecth]z.
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Abstract

Let M be a compact, unit volume, Riemannian manifold with bound-
ary. In this paper we study the homology of a random Cech-complex
generated by a homogeneous Poisson process inM. Our main results
are two asymptotic threshold formulas, an upper threshold above
which the Cech complex recovers thek-th homology of M with high
probability, and a lower threshold below which it almost certainly
does not. These thresholds are close together in the sense that they
have the same leading term. Here k is positive and strictly less than
the dimension d of the manifold.

This extends work of Bobrowski and Weinberger in ( 78) and Bo-
browski and Oliveira ( 79) who establish similar formulas when M is
a torus and, more generally, is closed and has no boundary. We note
that the cases with and without boundary lead to different answers:
The corresponding common leading terms for the upper and lower
thresholds differ being log (n) when M is closed and (2 2/ d) log(n)
when M has boundary; here n is the expected number of sample
points. Our analysis identi es a special type of homological cy-
cle, which we call a Q-like-cycle, which occur close to the bound-
ary and establish that the rst order term of the lower threshold is
(2 2/ d)log(n).

4.1 Introduction

Randomly generated simplicial complexes and their topology have
recently attracted a lot of attention. The survey article by Bobrowski
and Kahle (80) collects together results and provides a wealth of
open problems in this eld. Here we focus on understanding the
homology of random geometric complexes. While this topic was rst
studied in (81) (see also 82)) our results build directly on ( 79) and
(79).

Much of the current interest in the topology of random simplicial
complexes is due to applications to topological data analysis, where
random complexes can serve as null models when interpreting the
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topology of complexes on data sets. In the context of manifold learn-
ing, a non-linear dimension reduction technique, one is interested

in recovering the structure of low dimensional manifolds embedded
in high dimensional space. Studying topological properties of the
underlying manifold, such as homology, can inform the choices of
hyperparameters in this dimension reduction technique ( 83; 84). For
example, one can measure the change in the topology of a manifold
(represented by a point cloud) under a dimension reduction proce-
dure by measuring the change in the homology of the manifold, and
thus tune the dimension reduction procedure to minimise this change
(83).

In the speci c context of persistent homology, one of the main
tools of topological data analysis, one adopts a multiscale approach
to the study of the homology of randomly sampled data from a man-
ifold. Understanding the conditions for which the topology of a
complex built from a random sample coincides with the homology
of the underlying manifold informs which bars in the multiscale bar-
code invariant relate to inherent features of the underlying manifold.
For surveys of persistent homology see (85; 86; 87) and for work in
stochastic persistent homology (89).

Various avours of random simplicial complexes are present in the
literature, which can include or exclude geometric considerations.
Random simplicial complexes that extend the notion of a random
graph in the sense of Erdés-Rényi to higher dimensional complexes
are not constrained by an underlying geometry ( 89). In contrast,
we shall work with the random simplicial complex realised by the
Cech complex associated to a Poisson point process on a Riemannian
manifold and ask the question when the topology of the simplicial
complex approximates that of the manifold.

The question of recovering the topology of a space from a nite
sample has been studied in (90; 91; 92) and (79; 78) in differing con-
texts. In (90) the authors consider submanifolds in Euclidean space
and use the metric of the ambient Euclidean space when building
the Cech complex. They provide explicit conditions to recover the
homology of the manifold with high con dence. Naturally these
explicit conditions are dependent on the curvature and nearness to
self-intersection of the embedded manifold. This theory has been
extended to manifolds with boundary in ( 92) and more general com-
pact subset in (91). In contrast, as in the context of (79; 78), we base
the construction of the Cech complex on an intrinsic metric of the
manifold independent of any embedding. Our work studies asymp-
totic properties and the phase transition for which one can recover
the homology with high probability when increasing the size of point
sample and decreasing the radius over which the associated complex
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is constructed. Speci cally, we will give an answer to the problem
posed in the survey article (80) about extending the homological con-
nectivity theory established for closed Riemannian manifolds in ( 79),
to Riemannian manifolds with boundary.

A principal advantage of studying asymptotics is that results rely
on fewer assumptions on the underlying manifold from which the
point process is sampled. Our main result like that of ( 79) thus only
has dependence on the dimension of the underlying manifold and
the homological dimension one wishes to recover. Our argument
follows a similar framework to the argument presented in ( 79) and
(78). We will need to develop completely new arguments to take into
account the effect of the boundary.

Our main result is stated with respect to the term L := nwgr9, the
expected number of points of a uniform Poisson process of intensity
n lying in a d-dimensional radius r ball. Depending on the asymp-
totic behaviour of the L, the associatedCech complex at scaler built
on the point process exhibits different behaviours.

There are three distinct regimes of behaviour for L asn! ¥ r!
0. In the subcritical regime (L ! 0) the connectivity of the Cech
complex is very sparse and mostly disconnected, with the number
of connected components growing at the same rate as the number of
points. In the critical regime (L ! | 2 (0,¥)) the Cech complex
is suf ciently connected to exhibit non-trivial homology. However
the number of connected components still grows linearly with the
number of points. In the supercritical regime ( L ! ¥ for suf ciently
large L the Cech complex is connected, and for even larger L the
point cloud covers the underlying manifold with high probability.

Analysis in the supercritical regime yields a sequence of increas-
ing thresholds, (homological connectivity thresholdsuch that if L is
greater than the ki threshold the Cech complex recovers thek® ho-
mology of the underlying closed manifold with high probability. The
intermediate homological connectivity thresholds interpolate between
the thresholds for more commonly studied properties, from the 0
homology which detects connectivity up to the d" homology which
detects coverage. We produce homological connectivity thresholds
in the supercritical regime for which the Cech complex recovers the
homology of a smooth compact manifold with non-trivial boundary.

The non-trivial boundary has a signi cant impact on the homo-
logical connectivity thresholds. As far as we know, our study of
manifolds with boundary has uncovered a previously unobserved
phenomenon occuring close to the boundary. Our analysis shows
that close to the boundary a large humber of spurious k-cycles ap-
pear which are not homological cycles inherent to the k' homology
of the underlying manifold. This phenomenon determines that the
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homological connectivity thresholds for manifolds with boundary
are larger than those for a closed manifold. We attain the following
result:

Theorem. (Homological Connectivity of a Riemannian Manifold with
Boundary)

Let M be a unit volume compact Riemannian manifold with smooth non-
empty boundary. Letd 2 be the dimension of M, = wgnr4 andPp,
a Poisson process of intensity n on M. Suppoge s any function with
w(n)! ¥ asn! ¥.Thenforl k d 1

8

< = 2 + +

nlim¥ P(HW(C(N.1) = H(M)) = (1) t _(2 g)Iogn 2kloglog n W(n),1

. =(2 §logn+2(k 2 (k+1 3))loglogn w(n),

Note that when simpli ed the coef cient of the second order term

in the lower threshold, 2 (% 3), is independent of the homological

dimension k. We state the coef cient of the second order term of the

lower threshold of our theorem in unsimpli ed form to make an

easy comparison to the lower thresholds established by Bobrowski

and Weinberger in (78) and by Bobrowski and Oliveira in ( 79), who

studied the case when M is a d-dimensional torus and when M is an

arbitrary compact closed Riemannian manifold respectively. With the

same setup as our Theorem but on a closed Riemannian manifold the

corresponding thresholdsfor1  k d 1 are computed to be:

8
<

Jim, P(H(C(n.1) = H(M)) = (1) oo oonm koglo s win),

logn+(k 2)loglogn w(n),

We see that the leading term for both the upper and lower bounds
are nearly twice as large as in the case of manifolds with boundaries
and large dimension d. At the end of the paper we provide an in-
tuitive explanation as to why the presence of a boundary results in
differences in the homological connectivity thresholds.

41.1 Outline

Our argument follows the same structure as the arguments presented
in (79; 78). There are several key ideas in this framework. The rst
essential idea is to bound the number of homological cycles of a com-
plex by counting the critical points of an associated Morse function.
This simpli es the task of counting global phenomena of homologi-

cal cycles to the purely local considerations which determine critical
points of a Morse function.
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In order to compute bounds for the number of critical points
we require a change of variables integral formula, the Blaschke-
Petkantschin formula. This change of variable formula facilitates
computing the expected number of critical points induced by the
distance function of a Poisson point process.

Within our argument we adapt results which apply to closed man-
ifolds to manifolds with boundary. We use the double manifold as a
canonical closed manifold in which our manifold with boundary is
embedded. This trick allows us to translate results for closed mani-
folds to manifolds with boundary.

In Section 4.2 we collate results from the theory of point processes,
de ne our asymptotic notation and also collect Riemannian volume
estimates which we use in order to produce bounds in the later sec-
tions.

Section 4.3 provides a brief introduction to classical Morse theory.
Since the distance function induced by a point process is not neces-
sarily smooth we also provide the necessary results from (93) which
describe Morse theory for a wider class of functions to which the
distance function belongs, the so-called min-type functions.

In Section 4.4 we derive a coverage result for Riemannian mani-
folds with boundary. This coverage result is required to establish the
upper homological connectivity thresholds.

We introduce in Section 4.5 the change of variables formulae we
require in later sections to compute bounds on the number of criti-
cal points. These formulae are also used in Section4.10in order to
bound the variance of the number of critical points.

Section 4.6 is dedicated to computing an upper bound for the ex-
pected number of critical points using the tools and results provided
in previous sections. This upper bound on the number of critical
points is used to produce an upper threshold for the homological
connectivity in terms of L.

In Section 4.7 we identify a special class of critical point which
induce erroneous homological cycles, (homological cycles which are
not inherent to the underlying manifold). We produce a lower bound
for the expected number of this type of critical points. This lower
bound is used to produce a lower threshold for the homological
connectivity in terms of L.

In Section 4.8 we calculate homological connectivity thresholds
given the computed bounds on the number of critical points. Finally
in Section 4.9 we compare and contrast the homological connectivity
thresholds for Riemannian manifolds with boundary we have cal-
culated to those in (79) for closed manifolds. We indicate how the
geometric difference in the two situations inform the difference in the
thresholds.
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For completeness we include an Appendix containing proofs
which are similar in structure to their analogues in the case that
the manifold is closed. In Section 4.10 we bound the variance of the
number of occurences of the special type of homological cycles es-
tablished in Section 4.7. We show that the variance is small and so
with high probability the number of erroneous cycles behaves like the
expected number of erroneous cycles.
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4.2 Background

In this section we shall provide a summary of the background theory
on which we build our proofs. Results in this section are well docu-
mented so will mostly be stated without proof although references
are provided for those who seek further details.

4.2.1 Homology and Complexes

Homology is a measure of complexity of a topological space. It is
an algebraic invariant that has proved a powerful tool in the study

of geometry. A thorough introduction can be found in ( 94) far more
comprehensive than the brief overview of basic homology theory we
present for the unfamiliar reader.

At it's most basic level, the homology of a space can be thought
of as a sequence of abelian groups, where thek!" group summarises
topological information about the k-dimensional subspaces. This
algebraic summary is an incomplete invariant for homotopic spaces,
that is to say, homotopic spaces have isomorphic homology groups,
although it is possible for non-homotopic spaces to have isomorphic
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homology groups.

For the purposes of this paper we shall consider homology over
coef cients in a eld, in which case the algebraic summary is a se-
guence of vector spaces. Equally in this setting one can consider our
algebraic summary as a sequence of integers corresponding to the
dimensions of these vector spaces, known as the Betti numbers of the
space.

In order to make a topological space amenable to computation, we
introduce a purely combinatorial object known as an abstract simpli-
cial complex, or simplicial complex for short. A simplicial complex
prescribes the construction of a space out of simplices in which one
glues together vertices, edges, triangles, tetrahedra and their higher
dimensional analogues. The following de nition describes a simpli-
cial complex constructed from a point process on a metric space.

De nition 4.2.1 (Cech Complex). LetP be a collection of points in a
metric spac€M,r). De ne a one parameter famil@(P,r) of simplicial
complexes on vertex setassociated to this collection of points as follows:
Forr2 [0,¥),

k

\
S:[p01"'vpk]2C(P1r) 0 Bf(pj)6 A
=0

Here B;(p) denotes the open ball in M of radius r and with centre
p.

Lemma 4.2.2 (Nerve Lemma). LetU = fB;(p) : p 2 Pg be an open
cover of the metric spa¢#, r). Suppose that the nite intersections of sets
in U are empty or contractible, then ti@gech comple&(P,r) is homotopy
equivalent to M.

The Nerve Lemma gives us a guarantee that for a suitably dense
point process on a metric space and a well chosen radius r we will be
able to recover the homology of the underlying space.

4.2.2 Poisson Point Processes

We shall introduce in this section the notion of a general Poisson
point process. Let us remark here that although later discussions will
use uniformly distributed processes (with respect to the volume mea-
sure), this is merely a point of convenience. Since we are considering
compact manifolds, more general distributions will only effect our
results up to some constant factor.

De nition  4.2.3 (General Poisson Point Process 95)). Let(M,F,m) be
a measure space with M a compact metric splaca,collection of measur-
able sets, and measurevhich is nite on compact sets and with no atoms.
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The Poisson process on M of intensity measuig a point process on M
such that:

1. For every compact set K M the number of points NK) lying in K
follows a Poisson distribution with mean(K);

2. If Ki M are disjoint and compact then (¥;) are independent.

In our setting we shall consider uniform Poisson point processes
on a Riemannian manifold (M, g) with measure m = volg4 the Rie-
mannian volume form. A Poisson process of intensity n on M is thus
a Poisson process onM of intensity measure nvol q.

A salient feature of Poisson point processes is the following in-
dependence result, Theorem 4.2.4. We shall use this result in our
calculations to compute bounds on the number of critical points of
the distance function from the point process which correspond to
simplices of the associated Cech complex. Intuitively the result fol-
lows from the memoryless property of the Poisson distribution and
the spatial independence property of Poisson point processes. Condi-
tioning on the position of k+ 1 points of the process P, the remaining
points follow the same distribution as P.

101

Theorem 4.2.4 (Palm Theory (96)). Let(X,r) be a metric spaeef : 5 This result is stated in (96) for the

X IR a probability density andP,, a Poisson process on X with intensity

special case thatX = R" equipped with
the usual Euclidean metric. Provided

I n = nf.If h(Y,X) is a measurable function for all nite subsets X a Poisson point process exists on
X,with Y X andjYj = k+ 1then: the metric space X the proof follows
2 3 identically. For the existence of a

Poisson point process with intensity

nk+ 1 measure| itis sufcient for | to be an
2 — 0vyO s- nite measure (see for example (97,
EP" § YaP h(Y, P”)z (k+ 1)! EP”'YO[h(Y YEIP )l Existence Theorem3.6)).
n
jYj=k+1

whereY %is a set of k 1i.i.d points in X with density f independent d?,,.

4.2.3 Asymptotic Notation

We shall use the following set of notation to denote different asymp-
totic behaviours of functions f,g:

1. f(n) = O(g(n)) if there is a constant C and ng 2 N such that
jf(n)j  Cjg(n)j for all n > n,.

— Pt if(n)j _
2. f(n) - O(g(n)) if lim n! ¥ Jg(n)J = 0.

3. f(n) = W(g(n)) if there is a constant C and np 2 N such that
jf(n)j  Cjg(n)j for all n > n,.

4. f(n) g(n)if f(n) = O(g(n)) and f(n) = W(g(n)).
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4.2.4 Riemannian Volumes

A major portion of our later proofs require us to bound various Rie-
mannian volumes by their Euclidean counterparts in order to control
the asymptotic behaviour of the Betti numbers. In this section we
shall provide these approximations of Riemannian volumes. Let us
denote a smooth Riemannian manifold as the pair (M, g) and con-
sider the case when M is compact, of dimension d, and the metric g
is smooth. An introduction to Riemannian Geometry can be found
for example in (98).

A smooth metric is a smoothly varying inner product on the tan-
gent spaceg : ToM  Tp,M ! R and therefore endows the tangent
space at each point with a norm. We de ne the length of a path using
g by integrating over the norm of its velocity. We shall use r(pq, p2)
to denote the shortest path length between two points p4, p> on our
manifold.

Let us denote the open ball of radius r about a point p on our
manifold as B;(p) If we are considering a collection of points P then
we denotesthe union of open balls of radius r centred at each point as
B/(P) = " p2p Bi(p).

The exponential map exp,, : ToM | M is de ned by exp p(V) =
g(1) where g is the unique geodesic in M with g(0) = p and g(0) =
v. Since exp, is a local diffeomorphism, an orthonormal basis of
TpM induces local coordinates about p, which we shall denote as
(x,x2,...,x9) and are called geodesic normal coordinates. Using
the Taylor expansion we can write the metric g in terms of these
coordinates where Rjy; is known as the Riemann curvature tensor:

o i 1 . 1 o PR
9= & gjdx dx with g; = dj + 2 & Ruajxx' + O(ix%)  (48)
L kil

The Euclidean metric on M = RY is the simple case where gij = dj-
Given a point p of a Riemannian manifold (M, g) with local neigh-
bourhood U and geodesic normal coordinates (x, ...,x9) in the neigh-
bourhood U, for suf ciently small radius r we can consider the in-
trinsic Euclidean ball BF(p) as the radius r ball with respect to the
metric gg on U where gg = &;;djdx  dx.

The canonical measure induced by the Riemannian density on
the manifold M can be expressed in terms of the Euclidean measure
jdvol g.j associated to the Euclidean metric:

q -
jdvolgj = jdet(g;)jjdvol gj.

The Ricci curvature tensor at a point pis given by Ricj = &y Rik;,



multiparameter persistent homology of data 103

and we can calculate that:

q_— — Ric: . .
jdet(gy)i= 1 —3 xixi+ O(jxi?).

Our rst volume approximations apply to balls within a manifold
with boundary which are wholly contained within the manifold, that
is the centres lie far enough from the boundary. The proofs of these
approximations can be found in the Appendix of ( 79).

Lemma 4.25((79)). Let p) = &; Ric; denote the scalar curvature at p
and de ne syin(n) = inf o % N, Smax(N) = SUP sy % +n.
Then for alln > 0O there is a continuous choice gf » 0 such that for all

rr

word(L sma(n)r?)  VoI(Bi(p))  war(1  smin(n)r?)

Lemma 4.2.6 ((79)). Let(M,g) be a compact Riemannian manifold of
dimension d. Then there is some> 0 and r, > 0 such that for all r< rp,
and any two point with disfp;, p2) < 2r we have:

BE e (PD [ BE 1P (Be(pD[ Br(p2)  BE, (P [ B oy (P2)

Let us now consider how we must adapt these approximations for
balls intersecting the boundary. We may consider our manifold to be
embedded in RP, for some D. Indeed, Nash's Imbedding Theorem
(99) guarantees existence of an isometric embedding.

De nition 4.2.7 (Reach of a Manifold). Let the medial axis MgdV) of a
manifold M embedded iRP, be the set of points iRP which do not have
a unigue nearest element in M. The redgj of a manifold is de ned to be

tw = Inf p2viegm) Aist(M, p). Figure 4.1: We sketch the
distances involved in Theo-
rem 4.2.8 for which we can
calculate the reach of a man-

VN C - S ifold embedded in Euclidean
o6 p2Mm 2dist(qg, ToM) space.

Theorem 4.2.8 ((100, Theorem 4.18)). Let M be a submanifold &P and
tm the reach of M. Then the reach is realised as:

tm

wherejj.jj denotes the standard Euclidean normR¥ . See Figuret.1.

The manifolds we consider are smooth and compact and so in
particular the reach of our manifolds is non-zero. We shall frequently
consider the double manifold DM = M [ qu M%where M0is a
copy of M, and the two copies of M are glued along their common
boundary. This gives us a canonical compact closed manifold in
which M is embedded. The following result provides an estimate for
the volume of a ball centred near the boundary.
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Proposition 4.2.9. Let B°M (c) be a ball of radius r centred atZ M in

the double manifold DM, and let denote the distance from the centre c to
the boundary. Let B(c) = BPM(c)\ M denote the portion of this ball
contained in M. Then the volume of'§c) can be expressed as:

VoI(BY () = ( 5 + a1 + a2)Vol(BP (0)

wherea; = 0(9),a; Oandaz = O(r).

Proof. Let us assume that the Riemannian metric is Euclidean, since
we have seen above that this will only change the volume of our ball
by a factor of order (1+ O(r?)). Let p denote the closest point on the
boundary to c. We shall rst bound the volume of the ball BPM (c)
capped by the tangent plane TpM, so that we are dealing with a
Euclidean ball from which we have removed a hemispherical cap.
The volume of a d-dimensional ball of radius r capped at height h,
B, can be expressed as a fraction of the volume of the full ball wgyrd:

1 Gq(9)
Vol (B) = wgrd> 1+ =4 =
O( r) Wdr 2 Gd(l) d 2

R
where Gg(u) = (1 t3)@ D24t q= 9 andd = r h. For
suf ciently small qwe have the trivial bounds %q Gy(g) ¢ and
so we see that:

d
a;=0 ° anda; O.

Let us now estimate the error volume bounded between the bound-
ary and TpM. For all g2 M Theorem 4.2.8 implies that dist (g, TpM)
kq pk?/ ty. Hence we can bound the error volume between TpM
and a parallel hyperplane at distance O(r?) from TpM. Thus the er-
ror volume is bounded by Vol (B Yy r2 = o(rd*1) (where B{¢ ¥
denotes the radius r, (d  1)-dimensional ball). We attain the desired

result that:
Vol (B (0)) = ( 5 + a1+ a2)Vol (B ()

where a; = O(9),a; Oandaz= O(r). O

We can combine this result with Lemma 4.2.6 to similarly estimate
the volume of intersecting balls lying close to the boundary.

If M is a smooth manifold with non-empty boundary then we call
a neighbourhood of the boundary M a collar neighbourhooil it is the
image of a smooth embedding fM  [0,1) ! M and the embedding
restricts to the identi cation M f Og ! M. A standard result
(sometimes called the Collar Neighbourhood Theorem ( 98)) guar-
antees any smooth manifold with non-empty boundary has a collar
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neighbourhood. For small r the r-neighbourhood of the boundary de-
noted M, is a collar neighbourhood. It is straight forward to show
that the volume of this collar neighbourhood Vol (M;) rVol(TM).

4.3 Morse Theory

4.3.1 Morse Theory on Manifolds with Boundary

We start with a terse summary of Morse theory for manifolds with
boundary. The upshot of this section is that given a suitable smooth
function on the manifold we de ne the Morse complex in the same
manner as in (101). This complex will compute relative homology

H (M, M) if the function attains a minimum on the boundary, and
will compute absolute homology H (M) if the function attains a
maximum on the boundary.

De nition  4.3.1 (Non-Degenerate Critical Point (101)). Let M be a
smooth d-manifold with boundary and:fM ! R a smooth function. A
point p 2 M is critical if r f(p) = 0. A critical point is non-degenerate if
the Hessian Hp) is non-singular.

De nition  4.3.2 (Smooth Manifold Triad ( 101)). We say(M; Vg, V1)
is a smooth manifold triad if M is a smooth manifold with boundary, and

the boundaryfM is the disjoint union of the open and closed submanifolds ¢V, V; are open and closed when
Vo, Vg viewed as submanifolds of M

De nition  4.3.3 (Morse Function (101)). A smooth function f: (M; Vg, V1) !
[a,b] is a Morse function on a smooth manifold triad if ¥(a) = Vo, f 1(b) =
V3 and all the critical points of f lie in the interior of M, (ifM) =

M nqM).

In this setting we still have the classical Morse Lemma (102 for
closed manifolds that asserts the existence of a coordinate system
about each critical point for which the Morse function has a diagonal
guadratic form. The index of a critical point is again given by the
dimension of the negative eigenspace of the Hessian matrix H(p).

Theorem 4.3.4 ((101, Theorem 7.4)). There is a chain complex Qwhere
Cy is the free abelian group on the set of index k critical points of f, and
moreover |(C ) = Hy (M, V).

In particular we will be interested in the case where we decom-
pose the boundary trivially and so recover either Hy (M) or H (M, IM).
The use of Morse theory in our arguments will not rely on any
knowledge of the boundary maps, and will solely be used to bound
Betti numbers.
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4.3.2 Morse Theory for Min Type Functions

Whilst regular Morse theory is concerned with smooth functions,
the distance function associated to a point cloud on a Riemannian
manifold is generally not smooth. However, the square of such a
distance function is a min-type function for which a version of Morse
theory has been developed (93).

De nition  4.3.5 (Min-type function ( 93)). Let f : R9! R be a germ of
a continuous function at @ RY. Then f is a germ of a min-type function
at p if there exist germs of smooth functiomsat p such that locally around
p we have that = min{Z, a;. A function on a d-manifold : M ! R is
min-type if for all p2 M the germ at p is a germ of a min-type function.

A couple of technical Lemmas allow us to show that each germ
of a min-type function has an essentially unique minimal represen-
tation. We use this canonical minimal representation to build the
min-type version of Morse Theory.

De nition  4.3.6 (Non-degenerate regular point (93)). Let f : R9! R
be a germ of a min-type function. The point2p RY is a non-degenerate
regular (NDR) point if f has a minimal representation at p=f min{ ; a,
such that:

1 fr (a a+1)(p)gn,*is linearly independent
2. 02 Grad(f) := Convr a(p)gZ, where Conv denotes the convex hull

3. fjg is a germ of a Morse function on the boundary &gt:= fx :
a1(x) = ...= am(x)g

4. Any m 1gradients amondr a;(p)gZ, are linearly independent

Condition 1 ensures that G; is a smooth (d m+ 1)-submanifold.
If the gradients fr a;(p)gl, are linearly dependent then the convex
hull Conv fr a(p)gl, = Grad(f) can be thought of asan(m 1)-
simplex in the tangent space.

De nition  4.3.7 (Non-degenerate critical point ( 93)). Let f : R91 R
be a germ of a min-type function. The pointZp RY is a non-degenerate
critical (NDC) point if f has a minimal representation at p,= mini_, a;,
such that:

1 fr (a ai+l)(p)gi“;11 is linearly independent
2. 02 Grad(f) = Convr a;j(p)gl,

3. fjg is a germ of a Morse function on the boundary Ggt= fx :
ay(x) = ...= am(x)g
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4. Any m 1gradients amondr a;(p)gZ, are linearly independent

De nition  4.3.8 (Morse min-type function) . We say that a min-type
function f: M ! R is a Morse min-type function if every point is either an
NDR or an NDC point.

If pisan NDC pointof f : M ! R then pis an NDC point of
the smooth Morse function fjg, in the usual Morse theoretic sense.
Consequently we de ne the index of an NDC point as follows:

De nition  4.3.9 (Index (93)). Let f : R" | R be a Morse min-type
function with NDC point p and associated minimal representatiors f
min 2, a;. The index of p is de ned to be Ipfif) = (m 1)+ Indp(fjg,)

One of the main results from ( 93) relates Morse min-type functions
to smooth Morse functions. In essence the following Theorem says
that a Morse min-type function can be #approximated by a classical
smooth Morse function with the same number of critical points of
the same index, and these points are arbitrarily close to the original
critical points.

Theorem 4.3.10 (Morse Min-Type Approximation Theorem ( 93)). Let

f be a Morse min-type function on a compact closed Riemannian manifold
(M, g) with critical points vy, ...,ym and corresponding indices g..,qm.

For any#> O there is a smooth Morse function $atisfying the following
properties:

1. fyis an#approximation of f in the & metric

2. fyis an#approximation of f in the & metric for any neighbourhood
where f is smooth

3. fghas the same number of critical point§ y.,yf, with Indy, (f) =
|I’ldyf( f#)

4. r(yi,yh #

4.3.3 Morse Theory for the Distance Function on a Compact Manifold
with Boundary

In this section we seek to recover a Morse function on the triad
(M, & M) induced by the distance function of a point cloud on
M. For x,y 2 M and P a nite subset of M de ne distance functions

ra(y) = r¥(x,y) and ra(y):= rxnzigri(y)-

Lemma 4.3.11((79)). Let(M, g) be a compact Riemannian manifold with
boundary, then there exists a positive real numbgr® 0 such that for
every nite sample of point® M n M the distance functiorr%, isa
Morse min-type function on thent; neighbourhood of these pointg BP).
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Proof. Given any point x 2 M the distance function r2 is smooth,
Morse, and strictly convex on some neighbourhood By, (x). Since our
metric g is smooth, ry may be chosen continuously. By compactness
there is some positive ry 1y forall x 2 M. O

Proposition 4.3.12. Let(M, g) be a compact Riemannian manifold with
boundary and leP be a nite subset of M such that M B, (P) for some

r< r—g‘ Then the critical points of the Morse min-type distance functié,n

are in one to one index preserving correspondence with the critical points of
a Morse function on the smooth manifold trigt¥; /& M ).

Proof. Consider the double DM = M [ qu MOof the manifold M. Let
PO  MObe a nite set of points in M9%such that:

dist(p, M9 > r%t forall p2 P %and B (P[P 9= pMm.

Then the distance function r,%[P o is of Morse min-type on all of DM
and hence, by Theorem 4.3.10, has an#approximation by a smooth
Morse function f on DM.

Leth : [0,1) 9IM ! M be a diffeomorphism onto a collar
neighbourhood of M. SinceP is nite there is some d 2 (0,1) such
that h([0,d] TM)\P = A& Letusdene My:= M nh([0,d) M)
and My = h(fdg IM).

As PYis bounded away from the common boundary M = {M°
by "t and M B(P) with r < 3¢, the distance function r,%[P o
and thus also f, increases on{M in the direction of the normal
pointing into M% Hence fjm, can be extended to a smooth Morse
function Fon M, such that F attains its maximum on the boundary
M and has no critical points on the collar h([0,d) TM). Fisa
smooth Morse function on the smooth manifold triad (M ; & M)
with critical points in one to one correspondence with the critical
points of r,% as required. O

Corollary 4.3.13. LetP, be a Poisson process on M a compact Riemannian
manifold with boundary. Then with high probability the distance function

r"F',n induces a Morse function on the smooth manifold tr{&d; & TM).

That is to sayP (f r%n induces a Morse functiag) ! lasn! ¥.

Proof. Observe that for a Poisson processP, on M and xed r < %‘
P(M Bi(Pn)) ! lasn ! ¥.Hence using Proposition 4.3.12

the point process Py, induces a Morse min-type distance function r,%n
whose critical points recover the homology of M with high probabil-

ity. O

Let us consider the conditions for which a point of M is a k-critical
point or non-degenerate regular point of the distance function in-
duced by a niteset P M.
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Fory 2 P the local behaviour of r% close toy coincides with
ré(x) = r2(x,y). Thus the minimal representation of r aty is
r?(,y), the submanifold Gy is just M, and r r{(y) = 0. Soyis an
NDC point of index O.

Forany p 2 M nP, if there is a point y 2 P strictly closerto p
than any other pointin P, then locally about p we have that r%(x) =
ré(x) and r rz(p) 6 0. Sopis an NDR point.

Let p 2 M be such a point with min yop r(p,y) achieved precisely
atally 2 Y = fyg,..,yk@ P . Then locally about p we have
the minimal representation r%(x) = minikzorgi(x). In order for p
to be critical we require linear independence of the set fr (r§i
r§i+1)( p)g!‘zo1 which corresponds to saying that the set fyq, ...,yxg
is generic. Further we require that at p we have 0 2 Grad(f). This
corresponds to p lying in exp p(Conv(f exp,, L(yo), .ny exp, Hyn9),
which can be thought of as the convex hull of the set fyy, ...,yk0. If
these conditions are met, p is critical and the index of such a critical
point will be Kk, as the point p attains a minimum of the distance
function restricted to the submanifold Gs at p.

In terms of the Cech complex construction built on P, an index
k NDC point with critical value r occurs at the point x 2 M if x is
the point of intersection of closed radius r balls about k+ 1 points of
P, and lies in their convex hull. We can thus identify index Kk critical
points of the distance function with the introduction of  k simplices to
the Cech complex at their respective critical values.

LetY = fyp,....yx@ M and de ne the Y-equidistant sets:

E(Y) = X2 Mjry,(X) = .= 1y (X)g . E(Y) = E(Y)\ B(Y).

The following result is a generalisation to Riemannian manifolds of
the fact that k+ 1 generic points in Euclidean space lie on a sphere of
dimension k 1. In particular we can associate a centre and radius to
a collection of points which are suf ciently close together.

Lemma 4.3.14 ((79)). There is a positivefax < rmt such that ifY is
generic with E, . (Y) 6 4 then the sel has a unique point(¥) 2 M
such that for all p2 Y

() = ot ().

In this case, we will refer to the point c(Y) as the centreof Y and
tor(Y) := ry(c(Y)) asitsradius The setY = fyq,...,yxg corresponds
to an index K critical point of the distance function r,?_, with critical
value r?(Y).
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4.4 Asymptotic Coverage

In forming the upper threshold we need to understand the asymp-
totic coverage of a Riemannian manifold with boundary. We would
like to understand the conditions under which B;(P) covers M w.h.p.

The paper Random Coverings (103 gives a comprehensive treat-
ment of the asymptotic behaviour of the number of randomly chosen
radius r balls required to cover a compact closedRiemannian mani-
fold mtimes. The result is translated into a sharp coverage threshold
in (78), but again this result applies only to closedRiemannian man-
ifolds. We use the coverage result of (78) to derive conditions (not
necessarily sharp) for asymptotic coverage of a compact Riemannian
manifold with boundary. A sharp coverage result for manifolds with
boundary found in ( 104) has come to our attention. Nevertheless,
we include our coverage result which is suf ciently strong for our
purposes and arises from a natural geometric argument.

Theorem 4.4.1 (Sharp Coverage Threshold (78)). Let M be a compact,
closed, nite volume Riemannian manifold. Ligt be a uniform Poisson
process on M of intensity n. Let;BP,) denote the r neighbourhood of the
pointsPy and wW(n) ! ¥, then we yield:

8

<
1 L=1 +(d 1Dlogl + ,
im P(M  B/(Pn) = og n + ( ) loglog n+ w(n)
nl ¥ 0 L

logn+(d 1)loglogn w(n).

Our coverage result below is not proposed as a sharp threshold
but merely a threshold that suits our needs in subsequent proofs.

Corollary 4.4.2 (Coverage of Compact Manifold with Boundary) .
Let M be a compact Riemannian manifold with boundary andJgtbe

a uniform Poisson process on M with intensity n.Uf = logn + (d

1) loglog n + w(n) with w(n) ! ¥, then the2r neighbourhood of the
Poisson process covers M w.h.p:

lim P(M Bx(Qn)) = 1.

Proof. Our proof will be an application of the sharp threshold devel-
oped in (78). Let us form the double manifold DM = M [ qu MO
which has double the volume of M. Now consider a uniform Pois-
son processP on DM with intensity n. This restricts to a uniform
Poisson processQn = Pp\ M on M with intensity n.
Thenfor L = logn+(d 1)loglog n+ w(n) Theorem 4.4.1 implies
that
lim P(DM  Br(Pcn)) = 1
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Let us de ne the following notation: My = Mn(fM [0,r)) = fx 2
M minyoqu rm(xy) rg, and the r-neighbourhoods:

Br(M)(P)= fx2 M :mzig rm(x,p) < rgand BSDM)(P)= fx2 DM :mziFrJ rom (X, p) < ra.
p p

For any point x 2 M, the r-neighbourhood of x 2 DM coincides with

the r-neighbourhood of x 2 M, BsM)(f Xg) = BﬁDM)(f xg) . For points

in the collar M  [0,r) we cannot make the same statement, however
the result follows immediately from the observation that:

pm By =) M, BPM(PA M) =) M, B™(@Qn) =) M BM(Qn).

The last implication follows since for any x 2 M thereisay 2 M,
andq 2 Qpsuchthatry(x,y) < randy 2 Br(M)(q). Hence x 2
8" (). 0

r

45 Blaschke-Petkantschin Formulae

A key component of our later arguments and the arguments found
in (79) is an integral formula which facilitates calculating bounds on
the expected number of critical points of a distance function associ-
ated to a Poisson process on a Riemannian manifold. In this section
we explain this change of variables formula and make appropriate
adaptations to the case for Riemannian manifolds with boundary.

451 The Blaschke-Petkantschin formula in the Euclidean case

We rst recall a derivation of the classical Blaschke-Petkantschin
formula in the Euclidean case. Our derivation and Proposition 4.5.1,
roughly follow Sections 2 and 3 of ( 105).

Let Ey4 be ad-dimensional Euclidean space, and let (e)?= , be an
orthonormal moving frame in  Eg, where for an in nitesimal rotation
of the frame,

g dg =10,8i2[d];
and set
wj =g dg= w;,8i,j2[d
Given r points fx; : i 2 [rl]g  Eg, Miles derives heuristically the
associated volume form

Furthermore, given the Grassmannian manifold Gr (r, d) with invari-
ant measure dm 4(V), Miles also derives
N

dm g = Wij.
i=1lj=r+1
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Using the above, the Blaschke-Petkantschin formula expresses the
Euclidean volume form dV(xid) onfxj :i 2 [r]ginterms of the
volume element associated to the r-plane containing fx; : i 2 [r]g,
denoted by dV(x{).

Proposition 4.5.1 (Blaschke-Petkantschin Formula Euclidean Case
((1059)). Letfx;ji 2 [r]gbe alinearly independent set of vectors spanning
V = Spar(fe ji2[r]g) 2 Gr(r,d). Foreach P [r], let (I jx)x2p 2 E" be
such that )
Xj= & | k& andletU = det(l ) > O.
k=1
Then

nN nN
dv(x®) = U? Tdmy4  dV(X).
i=1 i=1

Proof. Given j 2 [rlandi 2fr+ 1,...,ng, we have

r
dx; = & (d &+ | jda)
k=1
o
g.dx = a | jxWik
k=1
N N
QdXJ = det(l Jk) Wik
j:l k=1
AN oA
g.dx; = ud Wi
i=r+1j=1 i=r+1k=1
AN
Q.de = Ud rdm’d,
i=r+1j=1

\ \ \%
and multiplying on both sides above by " [_; "[-j&.dx = |- dVv(x{),
we obtain the desired result. O

452 Blaschke-Petkantschin formula for Riemannian Manifolds

Following ( 79), we obtain a Riemannian generalization of the Blaschke-
Petkantschin formula. The formula is valid for functions with sup-

port close to the diagonal of MK*1, |t enables us to reparametrise a
(k+ 1)-tuple of points near the diagonal of M* 1 into local coordi-
nates about their centre. We shall use bold face notation for (k+ 1)-
tuples y = (Yo, ....yx) 2 M*¥* 1 and as before denote the centre and
radius of the corresponding collection of points Y = fyyg,...,yxg as
c(y) and r(y) respectively. The change of variables has the following
form:

MK 11 M R Gr(kd) (Stk Dykrl
y!  (cy)uV,w)
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A (k+ 1)-tuple of pointsin y 2 MKl is reparametrised by the
centre of this tuple c(y), the distance of the points from their centre
u, the k-plane in which the pre-image of the points lie in the tangent
space at the centreV, and the k+ 1 points of the (k 1)-sphere upon
which they lie w. This change of variables enables us to compute
bounds for the number of critical points, since it separates variables
and decomposes the integral over Mk* 1 into components which can
be estimated independently.

Suppose that M R is a closed Riemannian manifold and let
y = (yi):‘:ll 2 MK 1 with centre ¢ = ¢(y), with radius r(y) r, and
local normal coordinates (x%,...,x9). For suf ciently small r, we can
write for all i 2 [k+ 1]

yi = exp(Vvi),

with
d

=8 vy

vi ,-§1X (vi) "o
Let 1,(y) = 1fE,,(Yo,...Yx) & AZandr(y) rg. Note that this
indicator function has support near to the diagonal of M*1 and each
tuple in the support of this function has a unique centre. It is shown
in (79), that fv; : i 2 [k+ 1]g have linear dependency and span a
k-dimensional subspaceV  Tyy)M when c(y) is a critical point. We
yield the following change of variable formula.

Lemma 4.5.2 ((79)). Let M be a compact closed Riemannian manifold
with M© M a submanifold with or without boundary. Letiax be as

in Lemma4.3.14, and r < rmax. Then there exists an invariant measure
dmg(V) onGr(k, TcM) = Gr(k, d), such that for every 2 C¥ (M**1;R)
VA

s (DLW Cy) 2 MY dvolgy) =
z z, 7

, dvolg(9) duud® 1 dmeg(V)
M 0 Gr(k,TcM)

z kt1(

d K = Y
(Sl)mul (w) f(exp (uw)) 91 det(exp (uw;)) dvol's (v)(Wi)

Proof. First note that if M%has positive codimension then both ex-
pressions are zero, so assumeM ®has zero codimension. If y 2 Mk+1
is such that E;,,(y) 6 4 then the induced centre c(y) is uniquely
de ned (Lemma 4.3.14); hence:

fy2 M 1jcy) 2 MPand E,,(y) 6 Ag = [ Y (0),
c2MO

where Y(c) := fy 2 M¥1jE,__(y) 6 /Aand c(y) = cg, and this
union is disjoint (by uniqueness of the centre).
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Thus
z

MKk+1 f(y) 1 (y)1fc(y) 2 Mog dVO|g(y) =

Z z
o dvol g(c)

Now x ¢ 2 MPOwith local normal coordinates (x,...,x%);fory 2
Y(c) with r(y) r < rpax (this last condition ensures that y; can be
written as exp .(vi), vi 2 TcM andjvij = u  r,forall i 2 [k+ 1]), we

nd:
et 1
dvolg(y) = dvol (yi)

i=1
Wl —

= det(gy,) dxi(yi)~  ~ dxd(y;)
i=1
kel ——— k1

= O det(g,) dxi(y® ~ dxi(y)
i=1 i=1
kel k1

=0 det(gy)  dvolg (v)
i=1 i=1
1!

= O det(gy) dvolge (V) ,

i=1

Note that we have the polar decomposition:

dvol gEd(v) = du dvolg (g,)v)

and so by the Blaschke-Petkantschin formula, sincefv; :i 2 [k+ 1]g
lies in a k-dimensional subspaceV  TcM, we have

dV0|su(Ed)(V) = UU(V)d kdl’T](Yd(V) dVOlSJ(V)(V) ,

hence, we deduce that

ke1'

dvolg(y) = O
i=1

This shows that for ¢2 M©
Z

Y(C)f(y)lfr(Y) rg dvolg(y) =

det(gy,) duUu(v)d kdrn(,d(V) dvol g, vy (V) -

z, z
duudk * dme (V)
0 Gr(kTcM)
Z i kt1q
U; “(w)f(exp,(uw)) O
(spkrt t ¢ i1

and thus the result follows. O

o f(y)1fr(Y)

rg dvolg(y) .

det(gexpc(uwi)) dvol Si(V) (wi)
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45.3 Blaschke-Petkantschin formula for Compact Riemannian Man-
ifolds with Non-Empty Boundary

Using the change of variable formula established in Lemma 4.5.2

for compact closed Riemannian manifolds we attain a formula for

Riemannian manifolds with non-empty boundary. We note that our
formula is altered near the boundary since we must restrict our in-
tegral in the tangent space to those points whose image under the
exponential map remain in the manifold.

Lemma 4.5.3. Suppose that M is a compact Riemannian manifold with
non-empty boundary, let DM be its double manifold and le? M M be a
submanifold. Then we have:

Z
e T2 ely) 2 M) dvolg(y)]
z z, zZ
= jdvolg(c)j du dmq(V)
2M0 0 Gr(k,TcDM)
z k+1(Q

ud k() f(exp(v)) ) jdet 1)ij dvol +1(v))j.
(S exp, Hyrt 8 (v) f(exp(v)) 91 j det(Gexp (vi))i su(v)kr2(Vi)]

Proof. We have
Z

s FOL)f L) 2 MG dvol o(y)
Zz

= T2y 2 METIgL(y)1f oly) 2 MG] dvol g(y)i;

the double manifold DM is closed, hence applying the change of
variables formula in Lemma 4.5.2 to the function

y 7! f(y)ify 2 M¥1ig,

we nd
4
f(y)1fy 2 M*" gl (y)1f o(y) 2 M%j dvol g(y)j =

DMk+1

z z, z
jdvolg(c)j du dmcq(V)
c2MO0 0 Gr(kT.DM)
z d k k+1 e i
vyes 08 SOFEXPV) 1 exp(v) 2 M 2g O - jdet(Ge )i Vol sy ()
i=1

which gives the desired result. O

4.6 Upper Threshold

In this section we produce an upper bound on the expected number
of critical points induced by a Poisson process on our manifold. Sim-
ilar to the argument presented in ( 79) we utilise an auxiliary radius
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ro and count critical points with critical value in the range [r,rg). The
auxiliary radius is chosen to be suf ciently large so that the rg neigh-
bourhood of the Poisson process covers the manifold w.h.p., but is
simultaneously suf ciently small so that the number of critical points
with critical values in the range [r,rq) is asymptotically zero.

Let L = wgynr9 denote the expected number of points of a Poisson
process with intensity n inside a d-dimensional ball of radius r. If
we append a subscript to L this corresponds to changing the radius
value in this expectation: L, = wgnrd. Let by(r) denote the k"
Betti number of the Cech complex associated to the submanifold
B:(Pn). We shall count critical points of the associated Morse min-
type function treating points close to the boundary and far from the
boundary separately.

Proposition 4.6.1 (Betti Number Upper Bound) . Let M be a compact
unit volume d-dimensional manifold with boundary. IfIn ¥ andr,rg !
Osuchthatl ! ¥,L.r! OLr3! Oandrp r(“E@(1+ jlogrj))¥d
(wherek = wg2 (¥ D(1  spaqd)), thenforalll k d 1L

Elbi(r)]  b(M)+ O(nL¥e b+ n? dLke 3)

To prove the above let us follow ( 79) in attempting to bound the
number of k-critical points of the distance function associated to a
Poisson process onM with critical value in the range [r,rg). Let us
denote this set of critical points by CLM (r,ro).

Lemma 46.2. Ifn! ¥ andrrg! OsuchthatL ! ¥, L,r! O
Lr3! Oandr= o(ro) thenforalll k d:

E[CI™(r,ro)] = O(n! aLk Te 3L + nLk le L)

The bounding term nLk le L arises from counting critical points
at distance more than rg from the boundary of the manifold and the
bounding term n? iLk le 3L arises from counting critical points at
distance less thanrg from the boundary of the manifold.

In what follows let f = 1fx 2 Mg and P, denote a Poisson
process of intensity nf on DM. Let us use the shorthand notation
1My, for an rg neighbourhood of the boundary, and My, = M n{My,.

Let us de ne the following indicator functions which we use to
count critical points:

« h(Y)= 1f02 Grad(Y)g
o hrro(Y) = h(Y)Ifr r(Y)<rog
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* Orro(Y,Pn) = hrro(Y)IfB(Y)\P , = AQ; where B(Y) is the open
ball Br(y)(C(Y))

M
* gr,roo(Yv Pn) = gl’,l’o(Yv Pn)lf C(Y) 2 Ml'og

M
* Orrp (Y. Pn) = Grro(Y,Pn)afc(Y) 2 TMy,g

We can express the number of critical points as the following sum
over genericY P p:

& Jor(Y.Pa)i * ighr °(Y . Po)]
YP

jYji=k+1

We can count the critical points in My, and M., separately. Let
us denote the critical points in M., with critical value in the interval
[r,ro) as CWrO, and the critical points in My, with critical value in
the interval [r,rg) as CMrO' The counting of the critical points CMrO is
not affected by the presence of a non-trivial boundary and so we can
use the analysis of (79) to bound the term E[iCMroj] by an order of
o(nLk e L),

We require new analysis to calculate an upper bound for the ex-
pected number of critical points E[iC."Mroj]. Applying Palm Theory

iCM(r,ro)i =

(Theorem 4.2.4) to the uniform Poisson Process on M with intensity n

we yield:

M
Ep,[ é gr,roo(YaPn)]
YP
jYj=k+1
nk+l

M
= WEPn,YO[Qr,ro O(YOaYO[ P n)]

EliCyu, jl =

Let us now condition on a given sample Y9of k+ 1 points of M
with a view to then integrating over the whole double manifold.
Recall B(Y9 denotes the ball centred at c(Y9 of radius r(Y9 in DM,
and that the number of points in a given subset of a uniform Poisson
process has Poisson distribution with parameter proportional to the
volume of the given subset.

E[1f B(Y)\P »= AjYY = P(Pn(B(Y9) = 0jY9 = e MVI(BYO M)

pkr1 2
ETi o
UCm )= G Dy o
For suf ciently small rg we have the following lower bound for the
volume of a ball with centre at distance d(y) from the boundary via

Proposition 4.2.9:

Figure 4.2: The contribu-

tions to our lower bound for

Vol (B(y) \ M), are illustrated
in this gure. Proposition 4.2.9
establishes that the shaded
region has volume O(rd+1),

We note that for d(y) < tn
(t m the reach of the manifold)
then the half-ball of radius d(y)
contributes 3wgyd(y)? to the
volume.

1fcy) 2 TMroghe o (y)e ™ EON Mjdvol (y)]
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VoI(B(y)\ M) (5 O()VoI(B(y) + Swad(y)"

Note that "C(NVI(BY)) = O(1) sinceL,r ! 0, and so we have an

upper bound:
. k1 2 nd Vol (B(y))*+ wedly)? -

E[Cym,, ] Cm S 1fc(y) 2 My ghrro(y)e jdvol g(y)j

Using the Blaschke-Petkantschin formula from Section 4.5 with

1 d

f(y) = hrgo(y)e "2 EOITWET o = gy u = r(y) and
y = exp.(uw) we attain the bound:

. . k+1 z . .Zro dk 1Z
E[JCﬂMrOJ] k+ DI WroldVO'g(C)J ) duu Gr(k,TCM)dm(’d(V?
A I — S
O jdet(Gexp_(uw))lidvol s (vy(wi)j Uy “(w)f(exp (uw))
iz1 Su(V) ¢
i=

Using compactness of the Grassmanian we can bound the nal
integral over (S;(V))¥ by some maximising subspace. The parallelo-
gram volume Ug I‘(w) is taken over unit vectors and so bounded.

ince our manifold is compact and g is smooth we may bound
jdet(gexpc(uwi))j by some constant. (For details of the bounding
constants see {9)). Thus we yield for some constant C:

z z, . )
E[iCom,i] Cn¥1  jdvolg(Q)j  duudk Te "2 VBT
ﬂMrO r

1 ¢
SinceL r,r2 ! 0 we may bound the term e "2 Vol (Bu(a)+ wadky)

using the second order Taylor expansion of exp and Lemma 4.2.5:

e ni Vol (Bu(0)+ wgd(y)d e njwg ud+d(y)? d+ 2

1+ smaxnwgry
Let us apply a change of variables s = ¢ and additionally sepa-
rate our integral to integrate over the distance of the critical point,
d = d(y), to the boundary. We make a change of variables using the
diffeomorphism M, = M  [0,rg) given to us from the Collar
Neighbourhood Theorem. Since our manifold is compact the Jaco-
bian term introduced will be bounded by a constant which we absorb
into the constant term C.

VA Z
EfiCym, il  COF" X1+ Smaxnwgrd*?) e "2%Fjdvol 4(0)j
ﬂMrO 1

)

ds dkgdk 1g n3wgrds?

zZ., Zr
CLK(1+ spaxlord) e "2Wagq
0 1

=le

ds &k 1g L
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We may bound the rstintegral by aterm O(n %) by changing
variables (t = %L 4) and observing that the integral takes the form of
an upper incomplete gamma function:

z o 1y qd 1 z slrp 1 1 1
e "2Waqd=Cn d td le 'dt CQ=)n @
0 0 d
The last integral also has the form of an upper incomplete gamma
function.

Zy k Ly
qk, x) = t“ leldt=(k 1)le*§ 0
X i=0

Lett= iL

k i
L otk g 2Lsgs= % 2704k 1g tgp = G(k,%L) G(k,%l_ro)
L

Nl=

Absorbing surplus constants into the term C we attain:
0 _ 1

. . 1 1 2y @ 1 kol(%Lfo)jA
E[JCﬂMrOJ] Cn® d(1+ smaxL r,rg) @e i e z2-'o g 71-'
j:o : J:O :

L

NI

Using the assumptions that Lror(zJ I O,L ! ¥ andr = o(rg)
yields that E[jCqw, il = O(n! aLk e 3L). Thus we prove the
Lemma 4.6.2.

Proof. (Proposition 4.6.1)

Having established Lemma 4.6.2 this proof proceeds like the proof
of Proposition 6.1 in (79) mutatis mutandis. Details are provided in
Section4.9.

4.7 Lower Threshold

In this section we shall nd a lower bound for the expected Betti
numbers of the Cech complex C(n,r). We utilise the concept of a
special type of critical point called a Q-cycle de ned in ( 78). Such a
critical point is guaranteed to induce a non-trivial cycle in the homol-
ogy of the resulting Cech complex. The lower bound shows that if
the convergence of L ! ¥ is suf ciently slow then, w.h.p the Cech
complex will have Betti numbers larger than that of the manifold.
Thus we will attain a lower threshold for L.

The paper (79) counts Q-cycles, a special class of critical points
c(Y) on a general compact closed Riemannian manifold with critical
values in the range (ry,r]. The radius rq is chosen to be suf ciently
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small that there are a large number of critical points with critical
value in the range (rq,r] but simultaneously suf ciently large that a
Q-cycle with critical value rq persists and remains a Q-cycle in the
Cech complex at radius r.

The conditions that determine a critical point to be a Q-cycle are
all local conditions. As such we can replicate the analysis in (79) to
count the Q-cycles in a manifold with boundary which are suf -
ciently distant from the boundary. It transpires that this lower bound
can be improved by counting a collection of cycles which occur close
to the boundary, which we shall call Q-like-cycles.

Let us proceed to de ne the conditions given in ( 79) that deter-
mine a critical point to be a Q-cycle. LetY P j, M be a generic
subset of a Poisson point process onM inducing centre ¢(Y) and
#2 (0,1). Let us denote the closed annulus in M by:

AHc(Y)) = Briy)(c(Y)) NByry)(c(Y))

Intuitively a Q-cycle is formed at critical point ¢ when an annu-
lus surrounding cis covered and the critical point cintroduces a k
simplex which cuts across this annulus and introduces an erroneous
homological cycle. If our centre is close to the boundary, our annulus
will be cut by the boundary and so we must modify the argument in
(79) to apply to this case.

Lemma 4.7.1 is a slight modi cation of that presented in ( 78) and
having taken into consideration that the critical point lies far from the
boundary the proof follows identically.

Lemma 4.7.1 ((78)). LetY P , Mwith Y inducing a critical point
c(Y) of index k. Let us de ne:

1 o
f(Y)= —— min
) 2r(Y) vz'nclxv)M
whereD(Y) = Grad(Y). Supposeé (Y) < I'max dist(c(Y),M) > r(Y)
and A (Y) Br(v)(Pn), then the critical point €Y') generates a new
non-trivial cycle in H(B; (vy(Pn)) which we call 2Q-cycle.

The following technical Lemma is established by showing that a
Q-cycle with critical value in the range (rq,r] will remain a Q-cycle
at radius r. We introduce an auxiliary radius r, > r and require that
Br, \P n = Y. This condition ensures that the homology class intro-
duce by a Q-cycle is not annihilated by the introduction of another
critical point with critical value in the range  (rq,r].

Lemma 4.7.2 ((79)). Supposes> r > Qandthatnp > r 1 %(%’ 1)2.

Let#2 (0,1) andQf(ry,r) denote the number 6-cycles induced by sub-
sets of(k + 1) pointsY with the properties:

r(Y) 2 (ri,r], B (c(Y)\P n =Y, T(Y) # dist(c(Y),IM) > rp
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For any#2 (0,1) we have thaby(r)  Qf(ry,r).

Let us use the following notation for indicator functions which
track when a subset of (k+ 1) elementsY P | induces an element
of Qﬁ(rl, r). Recall the de nition of hr (YY) which indicates when the
collection of points induces a critical point with critical value in the
range (rq,r].

o hA(Y) = he (Y)IFF(Y)  #Hglfdist(c(Y), M) > rag
© gi(Y,Pn) = hf(Y)1f Br,(c(Y))\ (PanY)= AQLf Az By (v)(Pn)g

Hence we may write Q’If(rl, r) as the sum:

Qirun= & d(Y,Pn)
jYj=k+1
Lemma 4.7.3 ((79)). Supposet> 0 is suf ciently small (independent of r
andn),andr> OsuchthatL ! ¥ ,Lr?! 0. Then for suitably chosen
ry,rawithro, > r > ry > 0we have that:

E[Q}(ri.n]= W(nL* %e b)

The proof of the above lemma follows almost identically to the
proof supplied in ( 79).

Proposition 4.7.4 ((79)). Suppose?> 0is suf ciently small,w(n) ! ¥,
g2 (0,1)is xedandL = logn+(k 2)loglogn w(n), then for all
1 k d L

lim P(Q)(r1.r) > gE[Q(ru.N]) = 1

This Proposition is proven using a second moment argument
based on Chebyshev's inequality and the details may be found in
(79).

The results from this section yield a lower threshold for L:

Proposition 4.7.5. Let M be a unit volume, compact, Riemannian manifold
with boundary. Let. = logn+(k 2)loglogn w(n) then for all
1 k d &

lim, P(H(C(n1) = Hi(M)) = 0

This threshold is identical to that found in ( 79). We adapted the
proof from ( 79) in order that we only counted Q-cycles suf ciently
far from the boundary that the local considerations did not detect the
manifold had a boundary.
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471 Lower Threshold Re ned

We shall now adapt the argument counting Q-cycles to establish that
a large number of Q-like-cycles are present close to the boundary.
From this we can deduce a greater lower threshold. Let ijw (rq,r)
denote the number Q-like-cycles of index k with critical value in

the range (rq, r]. This type of critical point induces an erroneous
homological cycle near the boundary and will be de ned thoroughly
below, (De nition 4.7.9).

Similarly to the previous section we count Q-like-cycles with crit-
ical values in the range (rq,r] with auxilliary radius r, used as in
the previous section to ensure a Q-like-cycle with critical value rq
remains a Q-like-cycle at scaler.

Lemma 4.7.6. Let M be a unit volume compact Riemannian manifold with
boundary. Suppose h ¥ andr! OsuchthatL ! ¥,Lr?! Oand
suppose = % + O((logn) 1). Thenforalll k d 1we have that:

E[Q™(r,njl= W(nL* 2e @ r(logn) D)

Heuristically a Q-cycle is a critical point lying in the centre of a
surrounding annulus, and thus induces a new cycle. For a critical
point close to the boundary, the whole annulus is not contained in
the manifold and so we de ne a Q-like-cycle for this correspond-
ing situation. The annuli which are cut by the boundary form a cup
which for certain critical points give rise to non-trivial homological
cycles. We shall identify which critical points introduce new homo-
logical cycles.

The argument to establish Lemma 4.7.6 in this section has the
following structure. We rst de ne a special class of critical points,
Q-like-cycles, and establish that these critical points introduce new
spurious homological cycles near the boundary (Lemma 4.7.8). We
then wish to bound from below the expected number of Q-like-
cycles. In order for a critical point to be a Q-like-cycle we require
that both a partial annulus surrounding the critical point is covered
and that the simplex induced by the critical point is approximately
tangential to the boundary. We de ne the partial annulus A,(gj )(c)
which is constructed in order that if the points inducing the centre all
lie in this annulus then the simplex introduced by the critical point
is approximately tangential to the boundary. Then for suitable | the
partial annulus is covered w.h.p. and so both conditions are met and
the critical point cthus induces a Q-like-cycle.

De nition 4.7.7 (The Partial Annulus) . Let c be a critical point with
radiusr such that disfM,c) 2 (0,r). Let p be the closest point to c on
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M. Letn = exp, 1 p, which can be thought of as the vector pointing

in the direction of the normal to the boundary at p. We de ne the partial

annulus:

Ag )(c) = fx2 Agc) : exp 1x makes angle greater than’2 | with ng

See Figurel.3.

4.7.2 Q-like-cycles Induce Homology

Let us de ne a function y(Y,]j ) for Q-like-cycles that plays the same
role asf did for Q-cycles. Recallf (Y) was de ned to be half of the
distance from the centre c(Y) to the closest pointon 1D(Y)  TeyyM
the boundary of the k-simplex Conv fr ryi(c)gg‘:0 Tey)M di-
vided by r(Y). Letiy : CI(C(Pn,1)) ! C;"°(B/(Py)) denote

the natural map between the simplicial k-chains of the Cech com-
plex and the singular k-chains of the topological space B;(Pn).

The value f (Y) is such that iy 1(TY) 2 C; 3(Af (c(Y))). If also

At (c(Y)) Br(v)(Pn) then iy 1(TY) is a boundary of a k-chain g
contained in Ciing(B,(Y)(Pn)). As a result, the k-simplex Y intro-
duces a new k-cycle (ix(Y) g) atradius r(Y).

In order to prove a k-simplex Y associated to a critical point near
the boundary introduces a new degree k homology class we seek to
show that Y is the boundary of a k-chain g contained in B, vy(Pn)
which does not include the simplex Y. In the case a critical point
c(Y) is near the boundary, the full annulus Ag(c(Y)) is cut by the
boundary. This has a couple of important implications. The location
of the Y about their centre relative to the boundary is now impor-
tant since the annulus is no longer rotationally symmetric and so
the probability of ful lling the condition that the boundary of the
simplex Y is covered by By (y)(Pn) is dependent on the position of
these points relative to the centre. In short, the location of the points
Y about their centre now impacts whether the simplex introduces a
new homology class.

We de ne y to ensure that the condition iy 1(TY) A§b)(c(Y))
is ful lled and thus Y is a boundary of a k-chain contained in
(AP (c(Y)))  C"(Br(Pn)) with high probability:

. 1 . '
y(Y.j)= Zsup f# 0jID(Y) exp*Af ((Y)glf 0g

Note that like f,the term y(Y,j ), is not sensitive to the scale
r(Y) in the sense thaty (Y, ) is dependent on the distribution of the
points Y on the sphere centred atc(Y)) and so has a lower bound

Figure 4.3: A sketch of the
partial annulus Ag )(c). Our
calculations in Section 4.7.4
show that if the centre c(Y) is
at distance d @ from the
boundary and | (logn) 1t

then Ag )(c) is covered w.h.p.
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