Submitted to the ICLR 2021 Workshop on Geometrical and Topological Representation Learning

FuncTORIAL MANIFOLD LLEARNING

Anonymous authors
Paper under double-blind review

ABSTRACT

We adapt previous research on category theory and topological unsupervised
learning to develop a functorial perspective on manifold learning. We first char-
acterize manifold learning algorithms as functors that map pseudometric spaces
to optimization objectives and factor through hierarchical clustering functors. We
then use this characterization to prove refinement bounds on manifold learning
loss functions and construct a hierarchy of manifold learning algorithms based
on their invariants. We express several popular manifold learning algorithms as
functors at different levels of this hierarchy and present bounds on how closely
the embeddings these algorithms produce from noisy data approximate the em-
beddings they would learn from noiseless data.

1 MANIFOLD LEARNING

A manifold learning algorithm constructs an n X m real valued matrix of embeddings in Mat,, ,, =
R™™ from a finite pseudometric space with n points. In this work we focus on algorithms that operate
by solving embedding optimization problems, or tuples (n,m, ) where [ : Mat, ,, — R is a loss
function. We call the set of all A € Mat, , that minimize /(A) the solution set of the embedding
optimization problem.

Formally we define a manifold learning problem to be a function that maps the pseudometric space
(X, dx) to an embedding optimization problem of the form (|X|, m, [). Note that this definition does
not specify how the optimization problem is solved. For example, the Metric Multidimensional
Scaling manifold learning problem maps (X, dx) to (|X|, m, l) where I(A) = (dx(x;, x;) — [|1A; — Aj||)2.
Optimizing this objective involves finding a matrix A such that the Euclidean distance matrix of the
rows of A is as close as possible to the dy distance matrix.

If a manifold learning problem maps isometric pseudometric spaces to embedding optimization
problems with the same solution set, we call it isometry-invariant. Intuitively, isometry-invariant
manifold learning algorithms do not change their output based the ordering of X. One property of
these problems is that they factor through hierarchical clustering:

Proposition 1. Given any isometry-invariant manifold learning problem M there exists a manifold
learning problem L o H, where H is a hierarchical overlapping clustering algorithm (as defined
by |Shiebler| (2020)) and L is a function that maps the output of H to an embedding optimization
problem, such that the solution spaces of the images of M and L o H on any pseudometric space
(X, dx) are identical. (Proof in Appendix|B.1))

Intuitively, Proposition [T] holds because manifold learning problems generate loss functions by
grouping points in the finite pseudometric space together. In order to use this property to adapt
clustering theorems into manifold learning theorems we will introduce a target category of opti-
mization problems and replace functions with functors:

Definition 1. The objects in Loss,, are tuples (n,{c,, e }) where n is a natural number, c e, :
Rso — R are real-valued functions that satisfy cy y(x) = ey y(x) = 0 for i’ > nor j’ > n. Loss,, is
a preorder where (n,{c e }) < (', {c:i, e['/}) iff for any x € Ry, i, j € N we have c:j(x) < ¢, (x) and

e, (x) < e:/_(x).
Definition 2. The objects in the category ¥Loss,, are functors F : (0,1]°? — Loss,, that com-

mute with the forgetful functor that maps (n,{c,e,}) to n. The morphisms in FLoss,, are natural
transformations. We call n the cardinality of F.

Each F € FLoss, corresponds to an embedding optimization problem. We can write F(a) =
(n, {CF(a),/, €F(ay, }) and define the embedding optimization problem (n, m, 1) where the F-loss 17(A)
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islp(A) = fae(o 1 2’3211'"” cray,;(I1Ai = AjlD +er), (IA; = Ajll) da. Intuitively, Zi‘ill"'" cr@y, (1A = AjlD +
» jel..n ’ jel..n

ep(a),,j(IIAi —Ajl)) is a loss term that exists with the strength a, and 1x(A) is the average loss across all
strengths.

Definition 3. Suppose PMet is the category of pseudometric spaces and non-expansive maps and
FCov is the category of fuzzy flag covers and natural transformations (Culbertson et al. |2016)
Shiebler |2020). Then given the subcategories D C PMet, D’ C FCov, the composition LoH : D —
FLoss,, forms a D-manifold learning functor if H : D — D’ is a hierarchical D-clustering functor
and L : D' — Loss,, is a functor that maps a fuzzy flag cover with vertex set X to some Fx € FLoss,,
with cardinality |X|.

Intuitively a manifold learning functor D RNy ) et FLoss,, factors through a hierarchical clustering
functor and sends (X, dx) to F where F(a) = (|X|, {c,:(a)/_/_, ep(a)l/_}). We will say that M = Lo H is
standard form if M maps the one-point metric space ({x}, 0) to some F where ¢r), (X) = €, (x) =
0 and Ve, 6 € Ryg, H(X, dx + €)(=log(6)) = H(X, dx)(—log( + €)). Each manifold learning functor
corresponds to a manifold learning problem that maps (X, dx) to (IX|, m, lyix.ay))-

1.1 A SpEcTRUM OF MANIFOLD LEARNING FUNCTORS

Recall the single and maximal linkage hierarchical overlapping clustering algorithms S£ and ML
which map the pseudometric space (X, dx) to the fuzzy non-nested cover (X,Cy,) where Cy, is
respectively the connected components of the —log(a)-Vietoris-Rips complex of (X,dy) and the
maximally linked sets of the relation R, in which xR, x; if dx(xy, x2) < —log(a) (Shiebler] 2020;
Culbertson et al., 2016). If we apply functoriality to Proposition 6 in|Shiebler| (2020) we see:

Proposition 2. Suppose D is a subcategory of PMet such that PMet,;; C D, L o H is a D-manifold
learning functor such that H is non-trivial and for all a € (0, 1], the functor H(-)(a) : D — Cov
has clustering parameter 6p,. Then for a € (0, 1] and (X, dx) € D we have maps:

(Lo ML)(X,dy)(e ") < (Lo H)(X,dx)(a) < (L o SL)(X,dx)(e™") ()
That are natural in a and (X, dx). (Proof in Appendix|B.2))

Intuitively, this proposition states that every manifold learning functor maps (X, dx) to a loss that
is both no more interconnected than the loss that does not distinguish points within the same con-
nected component of the Vietoris-Rips complex and no less interconnected than the loss that treats
each pair of points independently. There are many manifold learning functors that lie between these
extremes. In particular, for any functor L : PMet;,; — Loss,, and sequence of clustering func-
tors ML, H,, H,, ..., H,, SL whose outputs refine each other we can apply functoriality to form a
sequence of manifold learning functors Lo ML < Lo H; < .. < Lo H, < Lo SL. For exam-
ple, consider the £ family of hierarchical overlapping clustering functors from |Culbertson et al.
(2016): for k € N, the cover L (X, dx)(a) is the maximal linked sets of the relation R, where xR, x’
if there is a sequence x = x1, X3..., X1, Xx = X" in X where d(x;, x;+1) < —log(a). The functor L o L
therefore maps (X, dx) to a loss that distinguishes only between points whose shortest path in the
Vietoris-Rips complex is longer than k. For k > 1 this loss is more interconnected than L o ML and
less interconnected than L o SL. This also suggests a recipe for generating new manifold learning
algorithms (see Appendix[A): first express an existing manifold learning problem in the form L o H,
and then form L o SL, L o ML, or any of the functors along the spectrum L o L.

1.2 CHARACTERIZING MANIFOLD LLEARNING PROBLEMS

Similarly to how |Carlsson & Mémoli| (2013) characterize clustering algorithms in terms of their
functoriality over different subcategories of pseudometric spaces, we can characterize manifold
learning algorithms based on the subcategory D € PMet over which they are functorial.

We have already introduced the class of isometry-invariant manifold learning problems. Any
PMet,;,,,,-manifold learning functor is isometry-invariant, and an isometry-invariant manifold learn-
ing problem is expansive-contractive if the loss that it aims to minimize decomposes into the sum
of an expansive term e that decreases as distances increase and a contractive term c that increases as
distances increase. Intuitively, expansive-contractive manifold learning problems use the term e to
push together points that are close in the original space and use the term ¢ to push apart points that
are far in the original space. Any PMet;,;;-manifold learning functor is expansive-contractive.
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An expansive-contractive manifold learning problems is positive extensible if ¢ increases and e
decreases when we increase |X|. If instead ¢ decreases and e increases when we increase |X|, we
say it is negative extensible. Any PMet,,,-manifold learning functor is positive extensible and any
PMet;, ;-manifold learning functor is negative extensible.

1.2.1 MEeTRrRIC MULTIDIMENSIONAL ScALING (PMet,,,-MANIFOLD LEARNING FUNCTOR)

The most straightforward strategy for learning embeddings is to minimize the difference between

the pairwise distance matrix of the original space and the pairwise Euclidean distance matrix of the

learned embeddings. The Metric Multidimensional Scaling algorithm (Abdi, 2007) does exactly

this. Given a finite pseudometric space (X, dx), the Metric Multidimensional Scaling embedding

optimization problem is (|X|, m, [) where I(A) = Zi'dl"'n (dx(xi, x;) = l|A; — Aj||)2. When the distance
€l..n

matrix of the pseudometric space is double-centered (mean values of rows/columns are zero) this is
the same objective that Principal Components Analysis (PCA) optimizes (Hinton, |[2013)).

Proposition 3. There exists a functor MDS : FCovy, — FLoss,, such that the PMety,,-manifold
learning functor MDS o ML maps the finite pseudometric space (X, dx) to the Metric Multidimen-
sional Scaling embedding optimization problem. (Proof in Appendix[B.3)

1.2.2 IsoMar (PMet,,,-MaNIFOLD LEARNING FUNCTOR)

For many real world datasets it is the case that the distances between nearby points are more reliable
and less noisy than the distances between far away points. The IsoMap algorithm (Tenenbaum et al.,
2000) redefines the distances between far apart points in terms of the distances between near points.
Given a finite pseudometric space (X, dx), the IsoMap embedding optimization problem is (|X|, m, [)
where I(A) = Zzel ,,(dX(x,, x)—lAi—A '||)2 such that d}(x;, x;) is the length of the shortest path

between x; and x ] in the graph in which there exists an edge of length dx(x, x") between each pair of
points (x, x") € X with dx(x, x") < 9.

Proposition 4. For any 6 € Ry, there exists a hierarchical PMet-clustering functor IsoClusters
such that the PMetg,,-manifold learning functor MDS o IsoClusters maps the finite pseudometric
space (X, dx) to the IsoMap embedding optimization problem. (Proof in Appendix|[B.4)

1.2.3 UMAP (PMet;;,,,,-ManiFoLD LEARNING FUNCTOR)

The UMAP algorithm builds a local uber-metric space around each point in X, converts each local
uber-metric space to a fuzzy simplicial complex, and minimizes a loss function based on a fuzzy
union of these fuzzy simplicial complexes. Given a finite pseudometric space (X, dy), the UMAP
embedding optimization problem is (|X|, m, [) where [ is the fuzzy cross-entropy:
1-W;
=2, Wy ’08( =Ty |) (1= W) log(m)

i€l 1X|

jel...xl
and W;; is the weight of the fuzzy union of the 1-simplices connecting x; and x; in the Vietoris-Rips
complexes formed from the |X| local uber-metric spaces (X, d,) where:

{dx(xj, X)) —mingy aodx(xi, x1)  i= Ji=k
(o0)

dy(xj, ) = olse

Proposition 5. There exists a hierarchical PMet;y,,,-clustering functor FuzzySimplex that decom-
poses into the composition of four functors that: build a local uber-metric space around each point
in X, convert each local uber-metric space to a fuzzy simplicial complex, take a fuzzy union of these
fuzzy simplicial complexes, and convert the resulting fuzzy simplicial complex to a fuzzy non-nested
flag cover. (Proof in Appendix|B.3))

Proposition 6. There exists a functor FCE : FCovy;; — FLoss,, such that the composition FCE o
FuzzySimplex is a PMet,,,,-manifold learning functor that maps the pseudometric space (X, dx) to
the UMAP embedding optimization problem. (Proof in Appendix[B.0)

Since the UMAP distance rescaling procedure does not preserve non-expansive maps, even if a
map from (X, dx) to (X’,dyx) is non-expansive, this will not necessarily be the case for all of the
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local uber-metric spaces (X, d,,) that we build from (X, dx) and (X’,dx'). For this reason FCE o
FuzzySimplex is not functorial over PMety;;.

2 STABILITY OF MANIFOLD LEARNING ALGORITHMS

We can use this functorial perspective on manifold learning to reason about the stability of manifold
learning algorithms under dataset noise. An e-interleaving between the functors F,G : Ryg — Ciis
a collection of commuting natural transformations between F(6) — G(6 + €) and G(6) — F(J + €)
(Chazal et al., 2014} [Scoccolal [2020). The interleaving distance d; between such functors is the
smallest € such that an e-interleaving exists. In order to study interleavings between functors in
FCov or FLoss,, whose domain is (0, 1]°” rather than Ry(, we will say that the functors F,G are
e.-interleaved when there is an e-interleaving between the functors F o r and G o r where r(x) = e™.
We will also write d; (F,G) = dj(F or,Gor).

Proposition 7. Given a subcategory D of PMet, a standard form D-manifold learning functor
M = LoH and a pair of finite pseudometric spaces (X, dx), (Y, dy) such that there exists a pair of mor-
phisms f: (X,dy) = (Y,dy +€),g : (Y,dy) > (X,dx + €) in D, we have d; (M(X, dx), M(Y,dy)) < €.
(Proof in Appendix|[B.7)

Proposition[7]is similar in spirit to previous results that use the Gromov-Hausdorff distance between
metric spaces to bound the distance between their corresponding Rips complexes (Chazal et al.,
2014} Bubenik & Scott, 2014; Scoccola, [2020; Blumberg & Lesnick, 2017). As a special case, if M
is an PMet;,; ;-manifold learning functor and there exists an e-isometry between (X, dx), (¥, dy) then
d; (M(X,dx), M(Y,dy)) < e. We can use this to show:

Proposition 8. Suppose we have a standard form PMety,,-manifold learning functor M, a pair
of e-isometric finite pseudometric spaces (X, dx), (Y,dy) and the matrices Ax, Ay that respectively

e N K. K.
minimize Wycx.ay) and Wcvay). Then if lcmxayyay, (Ol < 555 lemayya), (O £ 5 and lemx.aya), (0] <
K. K. .
55 IeM(Kdy)(u),j(x)l < 5 we have:

Lucxay (Ay) < Wucxay) (Ax) + Ken* (1 — 7€) + Ken*(e€ = 1) 2)

If eM(X,dX)(a)ij(x) is constant in x (such as for any M that factors as M = MDS o H) we have:

Lucxay) (Ay) < Wucxay) (Ax) + Ken* (1 — e76) 3)
(Proof in Appendix

These bounds apply to a very general class of manifold learning algorithms, including topologically
unstable algorithms like IsoMap (Balasubramanian,2002)). As an example, consider using IsoMap to
project n evenly spaced points that lie upon the surface of a radius r circle in R? onto R!. In this case
(X, dx) is a finite ordered n-element subspace of R? with Euclidean distance, M = MDSolsoClusters
and for any matrix Ay € Mat,,; that consists of n evenly spaced points along the real line such that
Ax,., —Ax, = 2rsin(§—’;) we have ly x4 (Ax) = 0. Now suppose that we instead apply IsoMap to
a noisy view of (X,dy): a finite ordered n-element subspace (Y, dy) of R?> where dy is Euclidean
distance and V=) _,dx(X;, Y;) = dy(X;, Y;) = ||X; — Yil| £ €. Then for any matrix Ay € Mat,; that
minimizes lyyq,), Proposition [§ bounds the average squared difference between |Ay,, — Ay,| and
2rsin(§—’; .

3  CONCLUSION

We have taken the first steps towards a categorical framework for manifold learning. By defining a
manifold learning algorithm as a functor out of a category of metric spaces, we can explicitly express
the kind of dataset transformation that it is invariant to. We can also use functoriality to extend
theorems about clustering algorithms to theorems about manifold learning algorithms, reason about
our algorithms’ stability properties, and create new algorithms that are guaranteed to obey these
properties by composing functors. In future work we hope to use these techniques to derive more
powerful theorems around the resilience of other kinds of unsupervised algorithms to noise.
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A AprPENDIX A: EXPERIMENT IN FUNCTORIAL RECOMBINATION

One benefit of the functorial perspective on manifold learning is that it provides a natural way to
produce new manifold learning algorithms by recombining the components of existing algorithms.
Suppose we are able to express two existing manifold learning algorithms M;, M, in this framework
such that M| = L) o H; and M, = L, o H, where H;, H, are hierarchical clustering functors. Then
we can use the compositionality of functors to define the manifold learning algorithms L, o H; or
L, o H,. We can use this procedure to combine the strengths of multiple algorithms in a way that
preserves functoriality.

Consider a DNA recombination task in which we attempt to match a string of DNA that has been
repeatedly mutated back to the original string. One way to solve this task is to generate embeddings
for each string of DNA and look at the nearest neighbors of the mutated string. We can simulate this
task as follows

1. Generate N original random sequences of DNA of length L (strings of “A”, “C”, “G”, “T”).

2. For each sequence, mutate the sequence M times to produce a mutation list, or a list of
sequences which each start with an original DNA sequence and end with a final DNA
sequence.

3. Collect each of the M sequences in each of these N mutation lists into a N = M element
finite pseudometric space with Hamming distance.

4. Build embeddings from this pseudometric space and compute the percent of mutation lists
for which the nearest neighbor of the last DNA sequence in that list among the set of all
original sequences is the first sequence in that list (the accuracy).


https://www.cs.toronto.edu/~hinton/csc2535/notes/lec11new.pdf
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Figure 1: Embeddings of DNA sequences from the DNA recombination task with L = 1000, N =
100, M = 10. Each color indicates a unique DNA sequence mutation list. Note that Single Linkage
Scaling (MDS o SL) on the right embeds sequences in the same mutation list more closely together
than Metric Multidimensional Scaling (MDS o ML) on the left.

A manifold learning algorithm that performs well on this task will need to take advantage of the
intermediate mutation states to recognize that the first state and final state in a mutation list should
be embedded as close together as possible. We can follow the procedure in Section[I.1]to adapt the
Metric Multidimensional Scaling algorithm MDS o ML (Section into such an algorithm by
forming the maximally interconnected functor MDS o SL. Intuitively, this functor maps (X, dx) to
a loss function that corresponds to the optimization objective for Metric Multidimensional Scaling
where Euclidean distance is replaced with:
dy(x,x") =inf{6 | Ax = x1, x2, ..., 1y = & € X, dx(x;, Xi11) < 6)

We call this the Single Linkage Scaling algorithm (Algorithm [T). Since this algorithm embeds
points that are connected by a sequence in the original space as close together as possible, we expect
Single Linkage Scaling to outperform Metric Multidimensional Scaling on the DNA recombination
task. This is exactly what we see in Table [, We also show the embeddings for each sequence in
each list in Figure/I]

Algorithm 1 Single Linkage Scaling

1: procedure SINGLELINKAGEScALING(((X, dx), m))

2: Initialize the |X| X |X| matrix B to all zeros
3 Vi, j < 1X|
4: Bjj = inf{6 | Ax; = x1, X2, ..., X4 = X € X, dx (X, Xp41) £ 6}
5 A — mingematy,, Diet..ix (1A — Ajll — B;j)?
jel..Ix]
6 return A

B ArppenDIx B: PrRoOOFs

B.1 ProOF OF PROPOSITION

Proof. Recall the maximal linkage hierarchical overlapping clustering algorithm M. that maps the
pseudometric space (X, dx) to the fuzzy non-nested cover (X, Cx,) where Cyx, is the maximally linked
sets of the relation R in which x| Rx; if dx(x1, x;) < —log(a) (Shiebler, 2020;|Culbertson et al.} 2016).
Consider also the function Real that maps the fuzzy non-nested cover (X, Cy,) to the pseudometric
space (X, d) in which:

d;((xl XZ) = sup{a | AS€Cx, ,x1,x2€S'}

It is easy to see that Real o ML is an isometry on pseudometric spaces. Therefore, for any isometry-
invariant manifold learning problem M, the composition (M oReal)o ML will have the same solution
set as M. O

LE:
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Algorithm Accuracy Accuracy Accuracy Accuracy
N =100 N =100 N =200 N =200
M =10 M =20 M =10 M =20
Metric Multidimensional Scaling 0.21 (£ 0.05) | 0.01(x£0.02) | 0.29 (+0.02) | 0.01 (+0.00)
Embedding Size 2
Single Linkage Scaling 0.61 (£ 0.02) | 0.68 (+0.05) | 0.76 (+0.01) | 0.32(+ 0.02)
Embedding Size 2
Metric Multidimensional Scaling 0.74 (£ 0.01) | 0.13(+£0.02) | 0.84(+0.01) | 0.04 (+0.01)
Embedding Size 5
Single Linkage Scaling 0.93 (£ 0.05) | 091 (+0.02) | 0.96 (+0.02) | 0.34(+0.02)
Embedding Size 5

Table 1: Performance on the DNA recombination task of the Metric Multidimensional Scaling
(MDS o ML) and Single Linkage Scaling (MDS o SL) algorithms. The accuracy is the percent
of the N mutation lists of length M for which the nearest neighbor of the last sequence in the list
among the set of all original DNA sequences is the first sequence in that list. The reported num-
bers are means (and standard deviations) across 10 simulations. All DNA sequences are of length
L = 1000.

B.2 Proor or ProrosITION

Proof. By Proposition 6 in |Shiebler| (2020), there exist natural transformations from:
MLX, dx)(Wh(-)) = H(X, dx)(-) > SLX, dx)(Wu(-))

where Wy (a) = e~%#«, The statement then holds by functoriality. O

B.3 Proor oF PROPOSITION

Proof. Define MDS : FCovy,, — FLoss,, to map the fuzzy non-nested cover H : (0, 1]°7 — Cov;,;
with vertex set X to F : (0, 1]°? — Loss,, where F(a) = (|X|, {cF(,,>[j, e F(a)/.j}) and:

0 aS € H(a), x;,x; €S})
CFay,(X) = 24247 {1/W~ 1 else /
ij
a5 € H(a), x;,x; €S})

eF(a),--(x) = 9 2log(W;;) 2log(a)
J =L - =Y else

W,
where:

Wij=supla|a € (0,1], IS € H(a), x;,x; €S}
>0

We will show that MDS o ML is an PMet,,,-manifold learning functor that maps any pseudometric
space (X, dx) to the Metric Multidimensional Scaling embedding optimization problem over the
distance matrix of dy.

First, we need to show that MDS : FCov,,, — FLoss,, is a functor. Consider the fuzzy non-
nested covers Hy and Hyx in FCovy, with vertex sets X, X’ respectively such that there exists a
morphism f in FCovy,, between them (a natural transformation with surjective components). Say
MDS(Hyx)(a) = (X], {Cp(u)’j,el-‘(a)ij}) and MDS(Hx)(a) = (| X’|, {c’F(a)”, e}(a)’_j}). Since each component

of f is surjective it must be that |X|" < |X|. There are now two cases:
e Say i,j < |X’|. Foreacha € (0,1],x1,x, € X,3S € Hx(a), x1,x € S, by definition
3§ € Hx/(a), f(x1), f(x2) € S. Therefore Ve €, (¥) < e;(a)lj(x), Cr( y (%) < CFa),;(x).
e Sayi > |X'| or j > |X’|. By definition C:v(a)[,- (x) = e;(a)[j (x) = 0. Since CF(a, is non-negative
and €F(a), is non-positive, we have Vg, ep(a)”(x) < ejp(a)/_/_ (x), c%(u)“_(x) < cF(a)”(x).

Therefore MDS(Hx) < MDS(Hy'). Since MDS : FCovy,, — FLoss,, trivially preserves the identity
we can conclude that it is a functor and MDS o ML is a PMet,,,-manifold learning functor.
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Next, we show that MDS o ML maps (X, dx) to the Metric Multidimensional Scaling embedding
optimization problem. Define F = (MDS o ML)(X, dx) and note that:

W;; = supla|a € (0,11, IS € ML(X,dx)(a), x;,xj € S} = et
>0
The F-loss is as follows:

A= ) exta, (IA; = A,lD + cra, (14; = Ajl) da =
ac(0,1] ! !

i€l..n
jel..n

2log(W;; 21
Z ”AI_AJHZ +(f 08( j) _ Og(a) da]+
acwy;) - Wij a

i€l..n
1 1
[2||A,- —A,||2f —— daJ =
acwy ) Wij a

jel..n
C+ ) A= AP + log(Wyy)? +2/IA; = A,IPlog(W) =

i€l..n
jel..n

C+ ) A= AP + dx(xi, %)) = 201A; = AjIPdx(xi, x)) =

i€l..n
jel..n

C+ > (1A= Al - (i)
i€l..n
jel..n

where n = |X| and C is a constant factor.

B.4 Proor oF PROPOSITION E]

Proof. First, define the §-graph of (X, dx) to be the graph in which the vertices are the points in X
and there exists an edge of length dx(x, x") between each pair of points (x, x") € X with dx(x, x") <
6. Now define IsoClusters : PMet — FCov such that IsoClusters(X, dx)(a) is the collection of
maximally linked sets of the relation R,, where for x, x’ € X we have xR,x’ if there exists a path
of length no larger than —log(a) in the ¢-graph of (X,dx). We will show that IsoClusters is a
hierarchical PMet-clustering functor.

Consider the non-expansive map f : (X,dx) — (¥,dy) and say that for some a € (0,1],x,x" €
X, 3dS € IsoClusters(X, dx)(a), x, x’ € S. Then there exists x = x, X2, ..., X,_1, X, = X’ such that:

max;-, ,dx (X, Xis1) £ 0 Z dx(x;, xiv1) £ —log(a)

i=l..n

which implies that:
max;=1 ,dy(f(x;), f(xis1)) <6 Z dy(f(xp), f(xis1) < —log(a)

i=l..n
which implies that S’ € IsoCluster(Y, dy)(a), f(x), f(x") € S’. Since IsoClusters trivially pre-
serves the identity and acts as the identity on the underlying set, we can conclude that IsoClusters
is a hierarchical PMet-clustering functor.

Next, we will show that the manifold learning functor MDS o I soClusters maps (X, dx) to the IsoMap
embedding optimization problem. First define:

W;; = supla|a € (0,11, AS € IsoClusters(X,dx)(a), x;,x; € S} = e~ %)
>0

where d’(x;, x;) is the smallest y such that there exists a path of length no greater than y between x;
and x; in the ¢-graph of (X, dx). Now if we define F' = (MDS o IsoClusters)(X, dx) then following
the same steps as in Section [B.3| we have:

2

1:(A) = C + Z (14 = Ajll = diy(xi, x))
i€l..n
Jj€l..n

where n = |X] and C is a constant factor. ]
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B.5 PROOF OF PROPOSITION

Before we begin, we will show the following:

Proposition 9. The category of fuzzy simplicial complexes and bijective simplicial maps FSCpx,,;
(Shiebler,|2020) is finitely co-complete.

Proof. For some finite category C consider a functor of the form £ : C — FSCpx,,;. Define the
fuzzy simplicial complex F. : (0, 1]7 — SCpx,,;; in FSCpx,,; to map a € (0, 1] to the simplicial
complex whose set of n-simplices is U,eopc)F (0)[n]. Note that ob(C) is the set of objects in C. It is
clear that this is the minimal fuzzy simplicial complex such that there exists a natural transformation
from each fuzzy simplicial complex F (o), 0 € 0b(C) into this fuzzy simplicial complex, so F, is the
colimit of F and FSCpx,,;; is finitely co-complete. O

Now we will prove Proposition 5]

Proof. Note that for any N, N’ € N such that N # N’, the size N pseudometric spaces and the size
N’ pseudometric spaces have no morphisms between them in PMet;,,,. Therefore, we can uniquely
define FuzzySimplex by defining a separate functor FuzzySimplexy : PMet;s,,(N) — FCovy;; for
each N € N, where PMet;,,(N) is the subcategory of PMet,;,,, where objects are restricted to
pseudometric spaces (X, dx) with cardinality N.

To start, denote the N-element discrete category N and define the following functor for step 1 (build
a local uber-metric space around each point): LocalMetricy : PMet;s,(N) — UMethij sends the
N-element pseudometric space (X, dx) to the functor F : N — UMet,;; that maps i € N to (X, dy,)
where:
do (), x0) = {dX(xj> Xi) — mimg=1 dx (X, x1) i= ji=k
o

LocalMetricy sends the function f to the natural transformation in which each component is f.
Since f is an isometry this map must exist and be natural.

else

Since LocalMetricy trivially preserves composition and the identity it is a functor. For step 2 (con-
vert each local uber-metric space to a fuzzy simplicial complex), we will use the functor (Shiebler,
2020):

(FinSing o —)y : UMethij - FSCPX%
which maps the functor F': N — UMety;; to the functor (FinSing o F) : N — FSCpx,,;.

For step 3 (take a fuzzy union of these fuzzy simplicial complexes), we apply the colimit functor
colimy : FSCpbel. ; — FSCpx,,;; which sends an indexed set of fuzzy simplicial complexes in
FSCpbel. ; to its logical fuzzy union. This functor exists by Proposition@ In alogical fuzzy union the
strength of a simplex is defined to be its maximum strength among the complexes we are adjoininﬂ
. For step 4 (convert the resulting fuzzy simplicial complex to a fuzzy non-nested flag cover), we use
the functor (Flago—) from|Shiebler|(2020). Since Flag maps bijective simplicial maps to bijections,
the image of this functor over FSCpx,,; is FCovy;;. Now we can compose steps 1-4 and apply a
coproduct over N € N to extend this to the following functor from PMet;,,,, to FCovy;;:

FuzzySimplex = lyey (Flag o —) o colimy o (FinSing o —)y o LocalMetricy
We now show FuzzySimplex is a hierarchical PMet;,,,,-clustering functor. Since FuzzySimplex is
by definition a functor, we simply need to show for any (X, dx) that FuzzySimplex(X, dx) is a fuzzy
non-nested flag cover of X. First note that for any object 0 € N, the vertex set of the following fuzzy
simplicial complex is X:
((FinSing o =)y o LocalMetricy)(X, dx)(0)
Therefore the vertex set of the following fuzzy simplicial complex is X as well:
(colimy o (FinSing o —)y o LocalMetricy)(X, dx)
This implies that FuzzySimplex(X, dx) is a fuzzy cover of X.

]

IThis is different from the probabilistic simplicial complex union that the UMAP python code uses (McInnes
et al., [2018).
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B.6 PROOF OF PROPOSITION @

Proof. Define FCE : FCov;;; — FLoss,, to map the fuzzy non-nested cover H : (0, 1]77 — Cov;;
with vertex set X to F : (0, 1]°7 — Loss,, where F(a) = (IX|, {cF(),» €r(),},0) and:

—log(e™) S € H(a), x;,x; €S}
er@, () =1 else
TR (¢ 3S € H(a), x.x; € S))
P27\ Zlog(1 — ™) else

We will show that FCE o FuzzySimplex is an PMet;,,-manifold learning functor that maps any
pseudometric space (X, dx) to the UMAP embedding optimization problem over the distance matrix
of d X-

First, we need to show that FCE : FCov,;; — FLoss,, is a functor. Consider the fuzzy non-nested
covers Hy and Hy: in FCov,,; with vertex sets X, X’ respectively such that there exists a morphism f
in FCov;;; between them (a natural transformation with bijective components). Say FCE(Hx)(a) =
(X1, {cFa,» €F),},0) and FCE(Hx)(a) = (IX'], {C;T(a)»-’e;?(a)..}’o)' Since each component of f is
bijective it must be that |X|" = |X|. Now for each a € (0, 1], x;,x, € X,3S € Hx(a), x1,x; € S, by
definition 35 € Hy (a), f(x1), f(x2) € S. Therefore ¥ yer,,er ), (X) < €,y (%), Cpy. (X) < CRa,;(X).
Therefore FCE(Hy) < FCE(Hy). Since FCE : FCovy;; — FLoss,, trivially preserves the identity
we can conclude that it is a functor and FCE o FuzzySimplex is a PMet;y,,,-manifold learning functor.

Next, we will show that FCE o FuzzySimplex maps (X, dx) to the UMAP embedding optimization
problem. Define F = (FCE o FuzzySimplex)(X, dx). We have that the F-loss is:

17(A) = Z f cr@y, 1A = Ajl) + er@), (I1A; — Ajlda =

icl..n Yac,1]

jel..n

Z f —log(1 — e A=Al gq — f log(e M4y da =
as(W;;,1] ac(0,W;;]

i€l..n
jel.n

3 (1 = Wiplog(1 — e M=) — W log(e =) =
e

C+ Z‘ (I = Wijlog (1 _ e—|A,-—A,,-|) + Wijlog (e—||A1—A,f|)
jeln
where W;; = sup,ofa | a € (0,11, AS € FuzzySimplex(X,dx)(a), x;,x; € S} is the weight of the
fuzzy 1-simplex connecting x; and x;, n = |X| and C = Y ie1...(1 — W;plog(1 — W;;) + W;jlog(W;;) is
jel...n

Jje
a constant. m}

B.7 Proor oF PROPOSITION

Proof. Say we have a pair of finite metric spaces (X, dy), (¥, dy) such that there exists a pair of
morphisms f : (X,dx) — (Y,dy + €),g : (Y,dy) — (X,dx + €) in D. By definition we have that
H(X,dx + €)(—log(¥)) = H(X,dx)(—log(6 + €)), so by functoriality for any § € R,y we have that
f is refinement-preserving from H(X, dx)(—log(5)) to H(Y,dy)(—log(d + €)) and g is refinement-
preserving from H(Y, dy)(—log(9)) to H(X, dx)(—log(é + €)). Therefore since M = L o H by functo-
riality we also have that:

M(X, dx)(=1og(6)) < M(Y, dy)(—log(6 + €))
M(Y, dy)(=log(6)) < M(X, dx)(—log(6 + €))

Since Loss,, is a preorder, this implies that M(X, dx) and M(Y, dy) are e-interleaved. m]

10
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B.8 PROOF OF PROPOSITION

To start, we will show the following:

Proposition 10. Suppose M is a standard form PMety,,-manifold learning functor and M’ is a
standard form PMet,, ;-manifold learning functor. Then for any (X, dx) and a € (0, 1] we have that
eM(X.dx)(a);» CM (Xdx)(a),; A€ non-positive and CM(X,dx)(@);» EM (X dx)(a),; ATe non-negative.

Proof. First, since there trivially exists a surjective non-expansive map from (X, dx) to ({x},0), by
functoriality we have that M(X, dy) < M({x},0). This implies that for all i, j we have e M(Xdy)(a)y; <
em0xay,; = 0and 0 = cys).0)@;; < CMXdy)a),-

Next, since there trivially exists an injective non-expansive map from ({*}, 0) to (X, dx), by func-
toriality we have that M’({x},0) < M’(X,dx). This implies that for all i, j we have CM Xd) @)y <
Cmr 0y = 0and 0 = epr(s).0)@),; < em(xXdyay,- o

We can now proceed with the proof of Proposition

Proof. By using Proposition [/, we see that in order to prove Proposition [8| we simply need to
show that if F,G are e*-interleaved functors in FLoss,, such that Ar € Mat,, minimizes lg,
Ag € Mat,,,, minimizes lg, CF(a),;» CGlay,; AT€ non-negative, €F(a),» €G(a),; ATC non-positive, |CF(a),.j(X)| <

%, |¢G(a),; (0] < % and lep(q), (x)] < %, leGay,; (0] < % then we have:
1-(AG) < 1p(Ap) + Ken*(1 — e7€) + Ken?(e€ — 1)
And that in the special case where cF(a)U,(x) is constant in x we have:
1:(AG) <1p(AF) + Ken(1 — e7)

Now for simplicity we will write:

erw@) = Y era, (= AlD)  erw(@) = D crw, (A= Ajl)

i€l..n i€l..n
jel..n jel..n

By the definition of e-interleaving we have the following for any A € Mat,, ,,.
CF(dre)(X) < €G(a) (%) €6(a)(X) < €p(dsee)(X)
Now we can conclude that:

Ir(Ag) = f Cra)(Ac) da + f er@w(Ag) da <™
ae(0,1] as(0,1]

K
e € f Cow(Ag) da+ ==n*(1 —e ) + f er(Ag) da <
ac(0,1] 2 ae(0,1]

K
f Co(a(Ac) da + Tcnz(l —e+ f era)(Ag) da <™
a€(0.1] o)

K K
f Cg(a)(Ac;) da + eef e(;(a)(A(;) da + —cl’lz(l - e_e) + (ee — ])—en2 <
ag(0,1] ag(0,1] 2 2

K, K,
( f 6 (Ac) + €6 (Ac) da) +—n*(1—e )+ (e — )=n*<*
ae(0,1] 2 2

K. K,
( f e (Ar) + C6)(AF) da) + =21 —e )+ (ef — )=2pn? <**
ac(0,1] 2 2

K,
f e (Ar) + e Cr(Ar) da+ Ken* (1 — e™€) + (¢ — 1)—n* <
ag(0,1] 2
f e‘ep)(A) + e “cry(Ar) da + Kcn2(1 —e )+ (ef - I)Ken2 <
ae(0,1]

1-(Ap) + Ken*(1 — 7€) + (¢ — 1)Ken®

11
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In the special case where ef ), is constant we have:

Ir(Ag) = f cr)(Ag) da + f erw(Ag) da <™
ag(0,1] ae(0,1]

K,
€_Ef cG(a)(AG) da + —cnz(l - E_E) + f ep(a)(AG) da <*
ac(,1] 2 ac(0.1]

K .
é'_ef cG(a)(AF) da + —cl’lz(l - e_E) + f ep(a)(Ap) da <™
ac(0.1] 2 ac(0.1]

e e f Cra)(Ar) da+ Ken*(1 — 7€) + f erw(Ar) da <
ae(0,1] ag(0,1]
1:(Ap) + Ken*(1 — 7€)

The steps marked with = hold by the optimality of As. The steps marked with =x are by the following,
which holds because c is non-negative and increasing in a:

f Cp(a) (A) da <
a<(0,1]

K,
f Cr(A) da - f Cra)(A) da + 7°n2(1 —e ) =
ae(0,1] ac(e¢,1]

K
f cra(A) da+ ==n*(1 —e™) =
ac(0.e-¢] 2

K,
676f Cp(a*e—e)(A) da + —cnz(l - 676) <
ae(0,1] 2

K.
e € f Co(A) da+ =n*(1 —e™)
a(0,1] 2

The steps marked with #x * are by the following, which holds because e is non-positive and decreas-
ing in a:

f ep(a)(A) da <
ae(0,1]

f €G(are-o)(A) da =
aes(0,1]

1
—— €G(a) (A) da
e ae(0,e€]

1
— ( f eca(A) da + f G (A) da)
€ a<(0,1] ae(e¢,1]

1
— ( f e (A) da— (1 — e )Ken® da) =
¢ \Jae,11

IA

e

e f e (A) da — (ef — 1)Ken?
ae(0,1]

12
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