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Abstract Graph-level representations are crucial tools for characterising
structural differences between graphs. However, comparing graphs with
different cardinalities, even when sampled from the same underlying
distribution, remains challenging. Unsupervised tasks in particular require
interpretable, scalable, and reliable size–aware graph representations. Our
work addresses these issues by tracking the structural diversity of a graph
across coarsening levels. The resulting graph embeddings, which we denote
diversity curves, are interpretable by construction, efficient, and directly
comparable across coarsening hierarchies. Specifically, we track the spread
of graphs, a novel isometry invariant that is inherently well-suited for
encoding the metric diversity and geometry of graphs. We utilise edge
contraction coarsening and prove that this improves expressivity, thus
leading to more powerful graph-level representations than structural
descriptors alone. Demonstrating their utility over a range of baseline
methods in practice, we use diversity curves to (i) cluster and visualise
simulated graphs across varying sizes, (ii) distinguish the geometry of
single-cell graphs, (iii) compare the structure of molecular graph datasets,
and (iv) characterise geometric shapes.

Keywords: Unsupervised Representation Learning · Graph Learning.

1 Introduction

Understanding structural differences between graphs is a key step in explor-
ing, describing, and distinguishing graph datasets or distributions. In particular
when comparing graphs drawn from the same distribution, suitable graph rep-
resentations should adapt to differences in scale and capture coarse structural
similarities without relying on supervision. However, many existing methods for
graph comparison and graph-level representation learning are inherently sensitive
to differences in graph sizes [77, 92]. This can negatively impact interpretation
† These authors jointly supervised this work.



2 K. Limbeck et al.

and downstream performance. We address this issue by investigating to what
extent graph coarsening techniques can be used to perform structural comparisons
between graphs. To this end, we propose size-aware methods that are aware of
both the cardinality of graphs, as well as their intrinsic size, i.e. their structural
diversity across coarsening scales. These size-aware representations aim to address
geometric tasks, where graphs have been sampled from the same underlying
distribution and share the same inherent structure but vary in size. Our work
makes the following contributions:

Novel graph representations: We propose diversity curves for comparing
graphs. Our approach is the first to use coarsening to derive hierarchical graph
descriptors and leverages the expressive power of structural notions of diversity
to track how graphs evolve across the coarsening hierarchy.
Expressivity guarantees: We prove that edge contraction coarsening im-
proves the expressivity of graph structural comparisons via graph invariants.
Excellent performance: We show that diversity curves excel at geometric
tasks, outperforming unsupervised baseline methods across a range of applica-
tions. Our methods perform well at clustering simulated graph distributions,
distinguishing between trajectory- and cluster-like single-cell graphs, and char-
acterising geometric graphs across varying sizes.

2 Related work

Graph kernel methods are frequently used as baselines for graph-level tasks. How-
ever, kernels require computing pairwise similarity, thus limiting their scalability.
While more efficient kernels exist [5, 59], they often compromise expressivity. For
example, path- or walk-based kernels suffer from size-sensitivity [27], making their
embeddings less suitable in unsupervised settings. We observe similar issues with
size-sensitivity in unsupervised graph embeddings such as graph2vec [58]. Spectral
embeddings, such as NetLSD [86] or SpectralZoo [34], aim to characterise graphs
via summarising the spectrum of eigenvalues of their normalised Laplacians.
In practice, such methods still struggle with clustering graphs generated from
the same model across varying densities and sizes [77]. Other approaches like
FEATHER [71] pool random walks to obtain graph-level embeddings, which
implicitly incorporates size.

Graph Neural Networks (GNNs), typically used in supervised settings, can
be adapted via contrastive learning to learn graph-level representations for un-
supervised tasks [93, 94]. However, their reliance on graph augmentations and
comparisons between positive and negative pairs limits their training efficiency
and their training objective is sensitive to varying graph sizes. Further, these
models do not provide guarantees on which structures are encoded, thus hindering
interpretability. Nevertheless, we will investigate the ability of GNNs to character-
ise geometric graphs across varying scales and upsampling operations [2]. Despite
GNNs not specifically focusing on comparing graphs across different cardinalities,
we may use their pooling operators to reduce graph size while preserving key
properties such as connectivity, community structures, or spectral properties
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[23]. We will particularly focus on edge contraction pooling. Since it provably
preserves graph structure [51], it can be used without model training providing
interpretable pooling operations that can be applied iteratively. Moreover, pooling
is known to improve expressivity [42] and many graphs can even be reconstructed
based on their set of possible edge contractions [67].

To obtain interpretable representations, prior work often employs geometry-
or topology-based invariants. Methods based on persistent homology (PH) are
expressive descriptors that enable assessing a graph at multiple scales [1, 76]
through graph filtrations. This approach was formalised by TopER [82]. However,
several filtrations remain expensive to compute while being size-sensitive. We
thus see a crucial opportunity to propose size-robust graph embeddings that
encode coarse similarities between graphs sampled from the same distribution.

In this context, the magnitude and the spread of a graph constitute promising
graph invariants that summarise structural diversity. Based on a metric between
nodes, both measure diversity as the effective size of a graph, i.e. the number of
distinct nodes or communities. Originally meant to provide a mathematical found-
ation for measuring diversity in a metric space setting [44, 89], these measures
have recently seen use in machine learning applications, for instance in evaluating
the diversity of latent representations across varying scales [50]. Limbeck et al.
[51] further used these invariants to compute geometry-aware edge importance
scores for guiding edge contraction pooling towards preserving structural diversity.
Both magnitude and spread are highly-correlated and preserve relevant graph
properties. In this paper we opt for spread, since it is computationally more
efficient than magnitude, and investigate how to leverage the notion of structural
diversity on graphs to learn meaningful graph embeddings.

3 Methods
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Figure 1: Diversity curves for three graphs. Our framework coarsens graphs via
iterative edge contractions and tracks structural invariants across the process.
We choose structural diversity based on the shortest path metric. Diversity
curves then represent this diversity as a function of the number of nodes in the
coarsened graph. The resulting vector encodes the coarsened geometry of graphs
for visualisation, clustering, classification or explanatory tasks.
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We propose a framework to compare the structural diversity of graphs across a
coarsening process. The resulting diversity curves yield a vectorised representation
for each graph, encoding their hierarchical geometry, which can be used for
downstream analysis. Figure 1 illustrates the construction of diversity curves,
Section 3.1 describes the process and Section 3.2 their properties.

3.1 Diversity curves as graph representations

Graph coarsening as a multiscale process. We first select a set of node numbers,
I ⊂ N, across which we compare the coarsened geometry of graphs. We coarsen or
upsample graphs to these same sizes. As a coarsening operation, we choose edge
contraction, because edge contraction pooling was shown to improve expressivity
[42], can be applied iteratively giving us direct control over the size of the graphs,
is an interpretable operation, and does well at preserving the structure of graphs
[51]. We follow the implementation by Limbeck et al. [51]. That is, we compute
an importance score for every edge that determines the order in which edges
are contracted and is either derived from the edge’s importance for the graph’s
structure as done by Limbeck et al. [51], or selected randomly. Then, the edges
with the lowest scores get contracted iteratively, so that adjacent nodes are not
merged more than once. We reapply this procedure to coarsen graphs to the
desired size. If needed, the node features of any merged nodes are aggregated, for
instance by averaging. Formally, a graph G = (X;E) consists of a set of vertices
X and a set of edges E. We use the notation ∣G∣ = ∣X ∣ = n for the cardinality of
the graph and m = ∣E∣ for the number of edges. Furthermore, we define a sequence
{ei}1≤i≤k of edges in G that are to be contracted for some k ∈ {1; : : : ;m}, and a
sequence of coarsened graphs {Gi}n−k≤i≤n based on contracting these edges, so
that Gn = G and Gi−1 = Gi/en−i+1. If a dataset contains small graphs, we further
employ upsampling strategies, for example by uniformly upsampling a node and
reconnecting it to all neighbours of the initial node. This strategy allows us to
extend the sequence of coarsened graphs to {Gi}n−k≤i≤N for some N > n.

Structural diversity for comparing graphs. Structural diversity is inherently well-
suited to compare graphs at the same cardinality. By measuring diversity as
the effective number of distinct nodes in a graph, the spread of a graph is an
expressive invariant that encodes the graph’s geometry based on a choice of
distance between nodes. Throughout this work, we consider a graph G = (X;E)

to be associated with a metric d, so that (X;d) defines a finite metric space.
Given such a graph, the spread of its metric space [51, 89], is defined as

Div(G) ∶= ∑
x∈X

1

∑y∈X exp(−d(x; y))
: (1)

Through coarsening, we aim to exploit the inherent link between diversity and
the notion of effective size. Spread is more efficient to compute than alternative
diversity measures like the magnitude of a metric space [43, 89], while allowing
for a flexible choice of geometry determined by the metric on the graph. Further,
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spread can be directly compared across graphs as it is invariant to isometries and
permutations between nodes [51]. By default, we use shortest-path distances for
diversity computations as we �nd that they perform well across our experiments
and are faster to estimate than alternative graph metrics. Section C.8 gives an
ablation on the choice of metric on distinguishing graph distributions, validating
our choice. Coarsening allows these invariants to be robust to varying node sizes.
In fact, coarsening counteracts one of the notable weaknesses of many geometric
tools, diversity measures, or path-based summaries, which are known to struggle
with directly comparing data of varying sizes [50]. Our framework thus still allows
us to use shortest-path distances to make comparisons across coarsened graphs.

Diversity curves as size-aware graph representations. Our �nal graph representa-
tions, which we call diversity curves, track the structural diversity of each graph
as a function of the number of nodes in the coarsened graph. Given a graph
G associated with a metricd, a sequence of integersI representing cardinalit-
ies, and a choice of down- or upsampling strategy to construct a sequence of
coarsened graphs,̃G i • i>I � G I such that SGi S � i, we de�ne its diversity curve,
DivCurveˆG• � DivCurveˆG I • > RSIS, as

DivCurveˆG• i �� DivˆG i •: (2)

This yields a vector representation for each graph, which describes the graph's
coarsened geometry across resolutions. Intuitively, graphs with few localised
di�erences will behave similarly when contracted and have more similar diversity
curves than graphs with globally di�erent structures. Diversity curves capture
exactly these hierarchical trends. In fact, the value of the diversity curve at each
scale directly summarises how structurally diverse a given graph is, leading to a
clear interpretation as the e�ective number of distinct nodes in the coarsened
graph. This gives a multiscale and size-aware summary of graph structure and
diversity that is robust to di�erences in graph size.

Default parameter choices. As a default, we set the coarsening scalesI at which
we compute diversity curves to all integers between one and the maximum number
of nodes in the dataset, but other choices are possible, and setDivCurveˆG• 1 � 1
as a graph with one node has one distinct point [69, 89]. Further, we cannot use
edge contraction pooling to reduce the size of a graph to less than the number of
connected components. In these cases, we use linear interpolation of the diversity
curves to estimate the value of diversity at lower sizes. We use random edge
contractions throughout our experiments as we �nd the choice of edge scoring
has no notable impact on performance (cf. Section C.8). Further, because up-
and downsampling procedures introduce some randomness, we do in practice
average diversity curves across multiple repeats. This is motivated by the fact
that while we do not immediately know which coarsening sequence best describes
a given graph, we aim to capture key structural characteristics through repeated
coarsening. In fact, we will prove how this pooling strategy improves expressivity
[42]. We detail our algorithm in Section A.1.
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3.2 Properties of diversity curves

In the following, we describe the theoretical properties that ensure diversity curves
are well-behaved and expressive graph representations. Complete proofs and fur-
ther results are provided in Section B. For some of the theoretical treatment, we
consider the diversity curve of a graphG not just with respect to one sequence of
coarsened graphs, but all possible coarsening sequences. Concretely, we consider
all possible sequences of edgesse � ˜e i • iBk in G of length at most k B m and the
sequence of coarsened graphsGi ˆse• obtained from contracting the edges inG
according to the sequencese. Then we de�ne the multiset ˜̃ DivCurveˆG i ˆse•• S
se is a valid edge contraction sequence of length at most k••. This idealised set-
ting allows us to talk about the invariance and expressivity of diversity curves
from a theoretical perspective. However, the evaluation of the multiset quickly
becomes infeasible in practice. Hence, we empirically compute the mean diversity
curves over a small number of edge contraction sequences. Section C.8 veri�es
that this empirical approach is nevertheless reasonably stable with respect to the
chosen edge contraction sequence and the number of evaluated sequences.

Diversity curves as graph invariants. Our measure of structural diversity is
invariant under permutations of vertices and under isometries [51, 89], it follows
that the following invariance under isomorphic graphs holds.

Theorem 1. For two isomorphic graphs, the multisets of the diversity curves
over all possible edge contractions are equal.

Diversity curves collapse to the same diversity. We investigate the limiting
behaviour of diversity curves at low coarsening scales by considering the properties
of structural diversity. The result below shows that diversity curves can distinguish
the number of connected components of a graph and behave reasonably under
increased coarsening.

Theorem 2. Any two graphs G and H with the same numberc of connected
components will collapse to the same graph of cardinalityc and their diversity
curves agree for i > ˜1; : : : c•, concretely DivCurveˆG• i � DivCurveˆH• i � i .
Furthermore, DivCurveˆH• c�1 � DivCurveˆG• c�1 x c � 1.

Diversity curves increase expressivity. Expressivity, that is the ability to distin-
guish between graphs, is a key property of useful graph representations [88]. To
motivate the use of diversity as a graph invariant together with the coarsening
process, we show that expressivity is improved when combining them. We follow
Lachi et al. [42] and show that diversity curves improve upon the expressivity of
diversity as measured by the spread of a graph through edge contraction pooling.

De�nition 1. For two functions ' and  on the set of graphs, we say that' is
more expressive than if for any graphs GA , GB such that  ˆG A • x  ˆG B • , then
also 'ˆG A • x 'ˆG B • , and there exist graphsGC , GD such that 'ˆG C • x 'ˆG D •
and  ˆG C • �  ˆG D •.
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Theorem 1. The multiset of the diversity curves over all possible edge contrac-
tions is more expressive than spread.

The proof of Theorem 1 consists of providing a pair of graphs with identical
spread but distinguishable by their diversity curves. In Section 4.6 we further
demonstrate empirically that this holds not just for one example, but improves
expressivity across a wide selection of graphs.

Computational complexity. The time complexity of computing the diversity curve
is given by CCoarse � OˆSESˆlogˆSES• � SXS• � n2max •, constructing one sequence
of random edge contractions and the upsampling, andCDiv � OˆSIS � n3

max •,
evaluating the structural diversity of all coarsened graphs, wherenmax � max i>I i .
Section B contains a more detailed description of the theoretical time complexity.
We further evaluate the empirical costs in Section C.7.

4 Experiments

We show the following experimental results: Section 4.1 veri�es that the changes
in diversity curves induced by edge perturbations correlates with the strength of
the perturbation. This con�rms that our methods capture di�erences between
modi�ed graphs. Next, Section 4.2 demonstrates that diversity curves perform
well at distinguishing graph distributions and parameter choices while being
robust to variations in graph sizes. Based on this, we investigate applications to
bioinformatics tasks. Section 4.3 shows that diversity curves distinguish between
the coarse geometry of trajectory- and cluster-like single-cell graphs surpassing
more complex summaries. Section 4.4 uses diversity curves to characterise
similarities between enzyme graphs through statistical comparisons. Section 4.5
further con�rms that diversity curves reach high performance at distinguishing
geometric shapes. Finally, Section 4.6 reports empirical expressivity results.

4.1 Diversity curves track graph perturbations

As a �rst correctness check, we investigate how diversity curves behave under
perturbations of the input graphs [62]. We �x a degree of perturbation p > �0; 1�
and apply edge perturbations by consecutively adding, removing, swapping, or
rewiring edges, resulting in edits to all graphs in theSBM, PLANAR, EGO, LOBSTER
and COMMUNITIESdatasets [40, 62]. For each dataset and degree of perturbation,
we compute the mean norm across diversity curves, which summarises the struc-
tural diversity across graphs. We expect that the more graphs are perturbed, the
higher the change in diversity curves should be. Figure 2 shows this trend holds
true in practice. Across almost all datasets and perturbation types, the higher the
perturbation degree, the higher the change in diversity curves. When adding edges,
nodes become more similar and structural diversity decreases, hence we observe
almost perfect negative correlation. When removing edges, distances between
nodes and the value of diversity curves increase, leading to perfect positive cor-
relation. Rewiring and swapping edges similarly tends to destroy graph structure
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and increase structural diversity with high correlations for almost all datasets
other than PLANAR, which by construction contains more random connectivities.

Figure 2: Spearman correlation between
the degree of perturbation and the
change in diversity curve per dataset.

Additional results in Section C.1 con-
�rm that diversity curves detect small
perturbations resulting in structural
changes to graphs.

4.2 Diversity curves distinguish
graph distributions

To investigate size-robustness, we test
whether our method can distinguish
graphs from di�erent distributions. In
particular, we consider Erd®s-Rényi
(ER), stochastic block model (SBM),
random partition (RP), and random
geometric (RG) graphs. For each ran-
dom graph model and graph sizes
between 10 and 29 nodes, we generate three graphs using a �xed parameter
setting as detailed in Section C.2. We compute diversity curves using shortest-
path distance and use theL 2-norm of the vectorial representations to visu-
alise the distributions with PCA. Figure 3 shows that our embedding sep-
arates clearly between graphs from di�erent distributions. Further, we use
the diversity curves for 10-fold strati�ed grouped CV using a kNN-classi�er
to distinguish between graph models. We compare to relevant unsupervised
graph representation methods, namely graph kernels [75], spectral graph rep-
resentations via SpectralZoo [34] and NetLSD [86], topology-inspired graph
embeddings via TopER [82] and vectorial representation of persistence images
computed through persistent homology [1], as well as the random walk based
approach, FEATHER [71]. The results in Table 1 demonstrate that diversity
curves perform similarly to the best baselines in terms of classi�cation accuracies.

Table 1: Performance (mean� std) of unsuper-
vised methods at distinguishing graphs from four
di�erent distributions.

Method Accuracy (�) Silhouette Score (�)

Diversity Curves (ours) 0.90 ± 0.06 0.42 ± 0.03

Kernel WL Opt. Assig. 0.90 ± 0.05 0.02 ± 0.00
Kernel Shortest Path 0.77 ± 0.07 0.28 ± 0.04
TopER 0.70 ± 0.10 =0.06 ± 0.02
NetLSD 0.90 ± 0.03 0.06 ± 0.04
FEATHER 0.75 ± 0.09 0.11 ± 0.02
Spectral Zoo 0.72 ± 0.09 0.05 ± 0.03
PH Vietoris�Rips 0.78 ± 0.07 =0.01 ± 0.03

Figure 3: PCA of diversity
curves for ER, RP, SBM, and
RG models.

To further investigate the quality of each graph representation, Table 1
compares silhouette scores, obtained from 50% of the data over 100 resamples,
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as a measure of clustering quality, for which diversity curves outperform all
other methods. This con�rms that diversity curves achieve better clustering
than any of the tested baseline methods demonstrating their superior perform-
ance at distinguishing graph distributions in an unsupervised manner while
being robust to di�erences in graph sizes. Second, we test the ability of our
method to characterise and distinguish between graphs generated from the
same underlying random graph model using three di�erent parameter choices.

Figure 4: Silhouette scores (� ) for distin-
guishing di�erent parameter choices.

For each graph distribution, parameter
setting as described in Appendix C.2,
and graph sizes from 10 to 29 nodes
we generate three graphs. As before,
we use the Euclidean distances of
the diversity curves as input to a
kNN-classi�er with 10-fold strati�ed
grouped CV. We compare silhouette
scores in Figure 4 against our baselines,
where we achieve comparable silhou-
ette scores to the best kernel baselines
for the ER and RP distributions and
obtain the highest scores for the RG
and SBM graphs. This con�rms that diversity curves outperform alternative
unsupervised methods at distinguishing between parameters used in a random
graph model, while being robust to size di�erences. Additional clustering quality
metrics and extended results in Appendix C.2 con�rm our �ndings.

4.3 Diversity curves distinguish trajectory or cluster structures in
single-cell graphs

Table 2: Performance at distinguish-
ing between trajectory- and cluster-like
single-cell graphs.

Dataset Method Test Accuracy (�)

Gold (87 Graphs)
Diversity Curves (ours) 0.860 � 0.077
NetLSD 0.823 � 0.047
Scores ([49]) 0.804 � 0.053
Best Kernel 0.785 � 0.079
TopER 0.672 � 0.086

All (169 Graphs)
Diversity Curves (ours) 0.759 � 0.077
NetLSD 0.731 � 0.047
Scores ([49]) 0.716 � 0.053
Best Kernel 0.685 � 0.092
TopER 0.624 � 0.086
Landscape ([49]) 0.570 � 0.025

Figure 5: PCA visualisation of the
diversity curves for all 169 single-
cell graphs (left). Examples of two
trajectory-like graphs and two cluster-
like single-cell graphs (right).

Comparing between graphs of di�erent sizes is required when analysing single-
cell transcriptomics data, where the number of cells often varies widely due to
experimental factors. A key question is whether single-cell graphs show cluster-
or trajectory-like structures. This inherently geometric question informs the
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biological interpretation of data as well as the choice of computational tools and
visualisation methods designed for either type. We consider a collection of 169
curated single-cell graphs that have been annotated as cluster- or trajectory-like
using biological ground truths [49, 72]. For each graph we compute the diversity
curve using shortest-path distances and the diversity curve using Euclidean
distances between node features, concatenate both curves, and use these curves
as our representations. As described in Section C.3, we note that cluster-like
graphs have on average higher structural diversity than trajectory-like graphs.
The PCA plot in Figure 5 further visualises that our graph representation
separates well between both types.We compare to the methods of Lim and Qiu
[49], who compute a set of �ve geometric scores: the entropy of pairwise di�usion
pseudo-time geodesic distances, an entropy-based persistent homology score, a
summary of vector norms, a summary of Ripley's K function, and a summary
of reachability values. To our knowledge, these are the only methods that have
so far been investigated for this task. Due to their complexity, these scores are
de�ned in more detail in Section C.3. We use the scores by Lim and Qiu[49] as
inputs for 5-fold strati�ed CV using a kNN-classi�er. Table 2 shows classi�cation
accuracies compared to other methods. We achieve notably better accuracies
using diversity curves, which also provide more useful and more interpretable
representations than existing methods designed for this task. This shows the
potential of diversity curves for distinguishing the geometry of single-cell graphs
giving highly actionable insights into deciding further analysis steps.

4.4 Diversity curves characterise molecular graph datasets

Figure 6: Two sample permutation test-
ing results (p-values) for testing the
equality in mean diversity curves per
class in thePROTEINSand ENZYMESdata-
sets using the L2-norm between curves.

Characterising the coarse geometry of
graphs, diversity curves can be used
to compare and �nd structural simil-
arities between graph datasets. Spe-
ci�cally, we explore common trends
across classes of molecular graphs from
the ENZYMESor PROTEINSdatasets [6],
where each graph represents a protein,
with some proteins also being enzymes.
We �rst compare the mean diversity
curves per class, observing that non-
enzyme graphs are notably distinct
and have lower structural diversity on
average than enzyme graphs. We fur-
ther implement a non-parametric two-
sample permutation test for the di�er-
ence in mean diversity curves using theL 2-norm between the curves as a test
statistic. Figure 6 reports the p-values, which we computed across 1000 random
permutations of the data, adding a pseudo-count for error control [65]. The results
con�rm that the set of non-enzymes isdistinguishable from all enzyme classes. We
�nd no evidence to indicate that enzymes from the PROTEINSdataset di�er from
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the EC4 or EC1 classes in theENZYMEdataset through their averaged diversity
curves. This veri�es that the geometry of these proteins is more coarsely similar to
enzymes than to non-enzymes, even when comparing across datasets. Hence, we
show that enzymes that share similar biological functions have the same structure
across di�erent coarsening scales and datasets. which is a crucial question for
evaluating graph learning datasets [12], and a step towards quantifying structural
similarities for transfer learning tasks [32].

4.5 Diversity curves characterise geometric shapes

We further perform an experiment to support our claim that diversity curves are
capable of describing purely geometric graphs. To this end, we consider theMANTRA
dataset [2], which contains, among others, triangulations of 2-manifolds, namely
a Klein bottle (4657 meshes), a torus (2247 meshes), a sphere (308 meshes),
and the real projective plane (1365 meshes). Distinguishing these manifolds has
been shown to be challenging for graph-based models [2]. Following our pipeline,
we compute diversity curves using shortest-path distances on the 1-skeleton
graphs of the triangulation and use these representations as inputs for SVM
classi�cation. We denote methods that take graphs as inputs by G in Table 3.
Because Klein bottles and tori have the same 1-skeletons, an optimal graph
classi�er could reach up to 73.8% accuracy. As reported in Table 3, our method
almost reaches this theoretical upper bound in practice. Next, we extend our
approach and compute diversity curves from heat kernel distances between faces
computed from the Hodge Laplacian [39], which encodes higher order structures
in mesh datasets. Models that operate on triangulations are denoted byT in
Table 3. Following the same classi�cation procedure as before, the combined
diversity curves almost completely solve the task and reach 99% accuracy at
distinguishing the homeomorphism types. This is superior to the best baseline,
the cellular transformer (CT), reported by Ballester et al. [2], which indicates
that there is potential to use and extend our representations for mesh data
and shape tasks. We further visualise a PCA plot of the combined diversity
curves in Figure 7, which shows that our methods separate the classes inMANTRA.

Figure 7: PCA visualisation of
diversity curves for MANTRA.

Table 3: Model performance (mean� std) at dis-
tinguishing homeomorphism types of triangula-
tions of 2-manifolds fromMANTRAacross strati�ed
5-fold CV.

Method Version Accuracy (�) AUROC (�)

Diversity Curve (ours) T 0.99 � 0.00 1.00 � 0.00
CT (best result from [2]) T 0.91 � 0.01 0.94 � 0.00

Diversity Curve (ours) G 0.74 � 0.00 0.85 � 0.00
Optimal Classi�er G 0.74 � 0.00 0.80 � 0.00

Diversity Curve (ours) Tup 0.83 � 0.02 0.96 � 0.01
CT (best result from [2]) T up 0.74 � 0.00 0.83 � 0.01
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