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Introduction

Finding meaningful low-dimensional structures hidden in high-dimensional observations is an fundamental
task in high-dimensional statistics. The classical techniques for dimensionality reduction, principal com-
ponent analysis (PCA) and multi-dimensional scaling (MDS), guaranteed to discover the true structure of
data lying on or near a linear subspace of the high-dimensional input space. PCA finds a low-dimensional
embedding of the data points that best preserves their variance as measured in the high-dimensional in-
put space. Classical MDS finds an embedding that preserves the interpoint distances, equivalent to PCA
when those distances are Euclidean [1]. However, these linear techniques cannot adequately handle complex
nonlinear data. Recently more emphasis is put on detecting non-linear features in the data. For example,
ISOMAP [1] etc. extends MDS by incorporating the geodesic distances imposed by a weighted graph. It
defines the geodesic distance to be the sum of edge weights along the shortest path between two nodes.
The top n eigenvectors of the geodesic distance matrix are used to represent the coordinates in the new
n-dimensional Euclidean space. Nevertheless, as mention in [2], in practice robust estimation of geodesic
distance on a manifold is an awkward problem that require rather restrictive assumptions on the sampling.
Moreover, since the MDS step in the ISOMAP algorithm intends to preserve the geodesic distance between
points, it provides a correct embedding if submanifold is isometric to a convex open set of the subspace. If
the submanifold is not convex, then there exist a pair of points that can not be joined by a straight line
contained in the submanifold. Therefore,their geodesic distance can not be equal to the Euclidean distance.
Diffusion maps [3] leverages the relationship between heat diffusion and a random walk (Markov Chain); an
analogy is drawn between the diffusion operator on a manifold and a Markov transition matrix operating on
functions defined on a weighted graph whose nodes were sampled from the manifold. A diffusion map, which
maps coordinates between data and diffusion space, aims to re-organize data according to a new metric. In
this class, we will discuss this very metric-diffusion distance and it’s related properties.

1 Diffusion map, Diffusion distance

Viewing the data points x1,22,. ..,2, as the nodes of a weighted undirected graph G = (V, Ew )(W = (Wy;)),
where the weight W;; is a measure of the similarity between z; and z;. There are many ways to define W;;,
such as:

1. Heat kernel. If z; and x; are connected, put:

—llws =112

Wy=e 7 (1)

with some positive parameter ¢ € Rar.
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2. Cosine Similarity
xZ; €

sl sl

Wij = cos(Z£(zs,x;)) (2)

3. Kullback-Leibler divergence. Assume z; and z; are two nonvanishing probability distribution, i.e.
Y pz¥ =1 and z¥ > 0. Define Kullback-Leibler divergence

(k)

k x,;
DU (a|lay) = 3l log =i
k Ty

and its symmetrization D = D) (z;||x;) + DKL (z;||z;), which measure a kind of ‘distance’ be-
tween distributions; Jensen-Shannon divergence as the symmetrization of KL-divergence between one
distribution and their average,

DY) (@, 25) = DO (ay| (@i + 25)/2) + DED (| (@i + 25) /2)

A similarity kernel can be
Wij = =D (z,]|a5) (3)

or
Wi = =DV (x;,2;) (4)

The similarity functions are widely used in various applications. Sometimes the matrix W is positive
semi-definite (psd), that for any vector x € R,

2TWaz > 0. (5)

PSD kernels includes heat kernels, cosine similarity kernels, and JS-divergence kernels. But in many other
cases (e.g. KL-divergence kernels), similarity kernels are not necessarily PSD. For a PSD kernel, it can be
understood as a generalized covariance function; otherwise, diffusions as random walks on similarity graphs
will be helpful to disclose their structures.

J
We used the right eigenvectors of A and corresponding eigenvalues to define the diffusion map in the following

way: suppose the top right eigenvector of A is ¢1,¢2, - , dn, 1€,

Define a Markov probability transition matrix A as A = DWW, D = diag( Y. Wi;) £ diag(d1,dz, -+ ,dy),
=1

Adi = Nidis At = Aa > -2 Ay (6)
Then, the diffusion map ®; : V — R is defined as

iéﬁbl (Z:)
weg = | M
X, (7)

The Euclidean distances ||®;(z;) — ®¢(x;)| g, to which we refer as the diffusion distance denoted d;(x;,x;):

di(@i, ) = || Do () — P (2| (8)

From the interpretation of the matrix A as a Markov transition probability matrix

Ay = Pr{s(t+1) = a|s(t) = 2.} (9)
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it follows that
Al = Pr{s(t+1) = z;]s(0) = z;}

We refer to the i'th row of the matrix A?, denoted A} ,,
at x;. We can express A’ using the decomposmon of A. Indeed, from

A= dADT

(10)

as the probability cloud of a random walk that starts

(11)

we get WT'® = I, since W = W7, therefore D WD zis a symmetric matrix, assume it’s SVD decomposi-

tion:

D WD z=VAVT,VVT =1

let ® = D2V, ¥ = D2V thus
A=D 2D 2WD 2Dz = pAVT

and ¥T® = VT D2 D=2V = I. Then,we get
A? = DAVTPATT = dAZPT

and generally,
Al = OATOT

Written componentwise, this is equivalent to

Al = Z Ne Ok (D)0k(5)
k=1

Lemma 1 The diffusion distance is equal to a ¢2 distance between the probability clouds A;*

with weights 1/d;,i.e.,
di(wi, x5) = ||A§,* - A;,*||€2(R"71/d)

Proof

t t 2 t t 2 1
”Az,* - Aj,*||£2(Rn71/d) Z(Ail - Ajl) El

Z Noon (i) (1) — Amu)wk(wﬁdil

I=1 k,k’
= 37NN (S1(0) — 61 () (@ (0) — b (j Z wm
k,k’ =

= SN (@(0) — 0k(2)) (D (1) — b1 (7))

PR
= 3" 22(0n(i) — 6r(9))?
k=1

(12)

¢
and Aj

(17)
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In practice we usually do not use the mapping ®; but rather the truncate diffusion map <I>f that makes
use of fewer than n coordinates. Specifically, ®¢ uses only the eigenvectors for which the eigenvalues satisfy
|/\k|t > §. When t is enough large, we can use the truncated diffusion distance:

d (i) = 197 (i) — (@) = [ D NP (0w(i) — 6x(4))’)2 (18)

i Ap|t>6

as an approximation of the weighted ¢2 distance of the probability clouds. We now derive a simple error
bound for this approximation.

Lemma 2 df(mz,xj)—%(l—éu) S [d?(l’l,l'])]? S d%(ibi,fj), dmzn = minlgign dl Where dl = Ej Wij

Proof Since, ® = D=2V, where V is an orthonormal matrix (VVT = VTV = I), it follows that

3T =D 2vVTD 3 =pD7! (19)
Therefore,
> k(i) () = (2RT);; = dfj (20)
k=1 *
and
= , , 11 25
Z(@c(l) — ¢r(4))? = Tt d-] (21)
k‘:l (3 ] 1
clearly,
- : . 2 -
D (@k(0) = #x()? < 7= (1 =), forall i,j=1,2,-+n (22)
k=1 min
As a result,

() (s, 25)]* = di(wisay) = D A (i) — 6n())

ki Ag|t <6
> df(wi,m;) — 0% Y (6k(i) — ¢r(d))?
kx| Ar|t <8
> df (wi,25) — 0% (ki) — ¢ (4))?
k=1
262
> di (zi,25) — 7 (1=0i)
on the other hand, it is clear that
(8 (4, 2)]* < dF (s, 7) (23)
We conclude that
262
di (s, 25) — 7 (1=dy) < CACTE A CR (24)

Therefore, for small § the truncated diffusion distance provides a very good approximation to the diffusion
distance. Due to the falloff of the eigenvalues, the number of coordinates used for the truncated diffusion
map is usually much smaller than n, especially when ¢ is large.
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2 Is the diffusion distance really a distance?

A distance function d : X x X — R must satisfy the following properties:

1. Symmetry: d(z,y) = d(y, )
2. Non-negativity: d(z,y) >0
3. Identity of indiscernibles: d(z,y) =0 x =y
4. Triangle inequality: d(z,z) + d(z,y) > d(x,y)

Since the diffusion map is an embedding into the Euclidean space R™, the diffusion distance inherits all
the metric properties of R™ such as symmetry, non-negativity and the triangle inequality. The only condition
that is not immediately implied is d¢(z,y) = 0 < x = y. Cleary, x; = x; implies that di(x;,z;) = 0. But is
it true that d(x;,x;) = 0 implies ; = x;7 Suppose d¢(x;,x;) = 0, Then,

0 = d?(xi, ;) ZW o1 (i) — o1.(5))? (25)

It follows that ¢y (i) = ¢ () for all k& with A\, # 0. But there is still the possibility that ¢y (i) # ¢x(j) for
k with A\, = 0. We claim that this can happen only whenever i and j have the exact same neighbors and
proportional weights, that is:

Wi = aWg,a >0, forall k=1,2,--- ,n < di(z;, ;) =0,2; # x;

Proof Indeed, if di(x;,z;) = 0, then Z N (pr (i) — dx(5))? = 0 and ¢k (i) = ¢r(j) for k with A\g # 0
k=
This implies that dy (z;, ;) = 0 for all ¢/, because

n

dy (i, 25) = > A (0k(i) — 61 () =0 (26)

k=1

In particular, for t' = 1, we get di(zs,2;) = 0. But di(zs,2j) = ||Aix — Ajsll2®n,1/4), and since
Il - llezrn,1/q) is a norm, we must have A;. = Aj., which implies Wi, = Wjx. In other direction, if
)

3
Aiw = Aj ., then dy(z;,x;) = Z A2 (¢ (i) — ¢x(5))* = 0 and therefore ¢y (i) = ¢x(j) for k with A\, # 0,
from which it follows that d; (xz, x]) =0 for all ¢. O

Example In a graph with three nodes V' = {1, 2,3} and two edges, say E = {(1,2), (2, 3)}, the diffusion
distance between nodes 1 and 3 is 0.

Summary

The mapping of points from the feature space to the diffusion map space of eigenvectors of the normalized
graph Laplacian has a well defined probabilistic meaning in terms of the diffusion distance. This distance,
in turn, depends on both the geometry and density of the dataset. The key concepts in the analysis of these
methods, that incorporates the density and geometry of a dataset, are the characteristic relaxation times
and processes of the random walk on the graph. Constructing on the finite Markov process and spectral
kernel method that reflect the geometry structure of dataset, diffusion map gained a great success.



6 Lecture 6. Diffusion Distance

References

[1] Tenenbaum, deSilva, and Langford, A Global Geometric Framework for Nonlinear Dimensionality Re-
duction. Science 290:2319-2323,22 Dec.2000.

[2] Toannis Z. Emiris, Frank J. Sottile, Thorsten Theobald. Nonlinear computational geometry, Springer,
New York, 2009.

[3] R.R.Coifman, S.Lafon, A.B.Lee, M.Maggioni, B.Nadler, F.Warner, and S.W.Zucker. Geometric diffusions
as a tool for harmonic analysis and structure definition of data:Diffusion maps.PNAS 102(21):7426-7431,
2005.



