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Four proofs for the Cheeger
inequality and graph partition
algorithms

Fan Chung *f

Abstract

We will give four proofs of the Cheeger inequality which relates
the eigenvalues of a graph with various isoperimetric variations of the
Cheeger constant. The first is a simplified proof of the classical Cheeger
inequality using eigenvectors. The second is based on a rapid mixing
result for random walks by Lovész and Simonovits. The third uses
PageRank, a quantitative ranking of the vertices introduced by Brin
and Page. The fourth proof is by an improved notion of the heat kernel
pagerank. The four proofs lead to further improvements of graph par-
tition algorithms and in particular the local partition algorithms with
cost proportional to its output instead of in terms of the total size of
the graph.
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1. Introduction

One of the major tools in spectral graph theory is the Cheeger
inequality. It concerns the relationship between two important graph in-
variants, the spectral gap and the Cheeger constant. For an (undirected)
graph G = (V| E), we denote by A¢ the spectral gap of the (normalized)
Laplacian (see [5]). Let hg denote the Cheeger constant of G, defined
as the minimum value A such that any cut separating a set of volume x
requires at least hz edges if « is less than half of the total volume. (The
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detailed definitions will be defined later.) The Cheeger inequality states
that for a connected graph G, we have

h2
2hg > Mg > 7@

The proof of the above (discrete) Cheeger inequality is quite similar to
the proof in the continuous case in spectral geometry due to Jeff Cheeger
[4]. The idea of the proof is to use eigenvectors to guide the search for
good cuts. Indeed, the constructive proof gives the following expanded
version of the Cheeger inequality:

2he > g > 2 > 7 (11)
where a¢ is the minimum Cheeger ratio of the size of the edge boundary
and the volume of sets consisting of the vertices associated with the
largest i coordinates of the eigenvector which is associated with Aq.
A somewhat simplified proof for (11) will be given in Section 3. In
the search for the optimum cut (evaluated by the Cheeger constant)
among an exponential number of possibilities, we can then focus on
a linear number of choices for the cut using the order determined by
the eigenvector. The above Cheeger inequality guarantees that the cut
resulting from this efficient algorithm has the Cheeger ratio within a
quadratic factor of the optimum. This spectral partition algorithm has
been widely used in numerous applications in the generic divide-and-
conquer approach by reducing problems recursively to smaller and more
manageable sizes [12].

Nowadays we often are dealing with problems involving graphs or
networks of prohibitively large sizes, such as the Web graph, various so-
cial networks, biological networks or many information networks arising
from massive data sets [9]. It is often infeasible to compute eigenvec-
tors for a graph with hundreds of thousands of vertices. For problems
involving such large graphs, the total number of vertices and edges of
the graph are no longer realistic parameters. Alternative approaches are
needed in a way that computation can be carried out “locally” and the
local optimum can be analyzed. As it turns out, one of the key ideas
rests on random walks.

In the early 90’s, Lovasz and Simonovits derived an elegant result
on rapid mixing of random walks in their work on approximating the
volume of convex polytopes [13, 14]. Using this mixing result, Spielman
and Teng in 2004 gave a graph partition algorithm which has running
time proportional to the size of the output, and not depending on the
total number of vertices [15]. Although it was not specifically described
in the papers mentioned above, the basic thrust of this approach is a
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Cheeger inequality,

2 2
QhGZAGZ%Zh—G

K (12)

where (g is the minimum Cheeger ratio of the sets determined by the
largest ¢ values using the vector which is the probability distribution of
a random walk starting at a vertex v after k steps over all vertices v,
i <n=|V(G)| and k < (16logn)/A%. Some local variations will be
further discussed in Section 5.

A third Cheeger inequality relies on the notion of PageRank, which
was first introduced by Brin and Page [3] as a method for quantitatively
ranking Webpages by the Web search engines. The PageRank can be
viewed as a combination of random walks, scaled by a parameter called
the jumping constant. (The detailed definition will be given later.) In
[1, 2], PageRank is used for developing a local partition algorithm which
improves upon the partition algorithm using random walks. PageRank
provides a way to deal with random walks of various lengths simulta-
neously in an organized fashion. The underlying theme here is again a
Cheeger inequality, although it was not mentioned in [1, 2]. In Section
6, we will show that for a subset .S in G with vol(S) < vol(G)/2, we have

2
hs 2 As 2 Tioalvol(@)

where Ag is the Dirichlet eigenvalues on S and g denotes the mini-
mum of the Cheeger ratios determined by the PageRank involving only
vertices in S with appropriately chosen parameters. As a result, the lo-
cal partition algorithm using PageRank improves both the running time
and performance of the previous algorithms by a factor of powers of
log(vol(S)) (see [1]).

The fourth Cheeger inequality involves a notion of pagerank based
on the heat kernel of a graph. The heat kernel pagerank can be viewed
as an exponential sum of random walks while PageRank is a geometric
sum. The rate of diffusion of the heat kernel pagerank is controlled by a
heat parameter ¢ > 0. The heat kernel has many useful properties with
close relations to the spectrum of the graph. We will use a rapid mixing
inequality of the heat kernel to prove the following Cheeger inequality:
For a subset S of volume s < vol(G)2/37 we have

;2

hs > Ag > g (13)
where kg denote the minimum Cheeger ratio of subsets S; determined
in a sweep of the heat kernel pagerank associated with vertices in S with
vol(S;) at most 2s for some appropriately chosen parameters for the heat



4 F. Chung

kernel pagerank. The details will be given in Section 7. This again leads
to an improved local partition algorithm.

In this paper, we examine four Cheeger inequalities and their proofs
using different analytic methods. In their entirety, it is of interest to
observe the comparisons as well as pointing out the interconnections.
The methods intertwine, ranging from their roots in differential geometry
through spectral graph theory, random walks, PageRank, heat kernels
to graph partition algorithms. These topics have been rapidly advancing
and emerging as main tools for the age of information and the Internet.

2. Preliminaries

There are basically two ways to give definitions for the heat ker-
nel and eigenvalues of a graph. One way is to use symmetric matrices
throughout which in some situations simplify the arguments (as in [5]).
However, in dealing with random walks, the transition probability ma-
trix W is not necessarily symmetric. Namely,

W =D"14

where D is the diagonal degree matrix and A denotes the adjacency
matrix. The normalized Laplacian £ is defined by

L=1-DY2AD™Y2 = DY2(1 —w)D~ /2,

Since the main results will be stated in the language of random walks,
we will use the unsymmetrical version. The spectral gap Ag is the least
nonzero eigenvalue of £. The value A\g can be expressed as the infimum
of the Rayleigh quotient:

S ) — g()?
Ao = ugf R(g) = ugf S P )d

where g ranges over functions defined on the vertices of G satisfying
2w 9(w)dy = 0 (see [5]).

For a set S, the volume of S, denoted by vol(S) is defined to be
vol(S) = > ,cgdv. The volume of G is written as vol(G) = > d..
Let m denote m = (dy /vol(G), d2/vol(G), ..., d,/vol(G)), indicated as a
row vector. For a connected non-bipartite graph, m is the stationary
distribution for the random walk W on G. In this paper, we consider
only connected graphs.

For a set .S, the Cheeger ratio of S is defined to be

_ 5
~ min{vol(S), vol(G) — vol(S)}’
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where the boundary of S is denoted 9S = {{u,v} € E : u€ Sand v ¢
S}. Let S denote the complement of S. Then hg = hg. The Cheeger
constant of G is denoted by

hg = mSin hs.

Brin and Page introduced the notion of PageRank which has been
used as a major tool for conducting Web search. The definition of Page-
Rank can be entirely described in graph-theoretical terms since its orig-
inal application is in the Webgraph which has its vertex set consisting of
all webpages and edge set consisting of all hyperlinks. In a graph G, the
PageRank operator can be described as a combination of random walks
on G and a jumping constant ¢, 0 < ¢ < 1. The PageRank matrix R, is
defined to be

R. = cZ(l —co)*Wk,
k=0

An equivalent definition is that the PageRank matrix satisfies the
following recurrence:

R.=cl+ (1-c¢)RW. (21)

For a vertex u, let y, denote the (0,1) indicator vector, i.e., x,(v) =1
if v = u and 0 otherwise. The personalized PageRank has additional
parameters, the jumping constant and a preference vector. For example,
a typical preference vector associated with a vertex w is x,. All vec-
tors here are taken to be row vectors unless mentioned otherwise. For
a vertex u, the corresponding personalized PageRank, denoted by pr,,,
is defined by pr,, = xuR., the matrix product of x, and R.. The per-
sonalized PageRank can be viewed as quantitative ranking of all vertices
with respect to u. The original definition for PageRank has the prefer-
ence vector (1/n,1/n,...,1/n). In general, we can consider an arbitrary
starting vector s, summing to 1, in place of xy.

We will consider a new notion of pagerank which is based on the
heat kernel of a graph [8]. The heat kernel pagerank also has two pa-
rameters, the heat t and a seed distribution f. The heat kernel pagerank
pt,¢ is the matrix product of f and the heat kernel H; which is defined
as follows for t > 0.

t2 tk
H, :e_t(I+tW+5W2+...+EW’“+...)
— o tI=W) '
— L

t2 th
:I—tL+5L2+...+(—1)’“EL’“+....
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Equivalently, H; can be defined by the following heat equation:

B
o=~ = W)H,.

3. The proof of the Cheeger inequality using
eigenvectors

The Cheeger inequality in (11) is the discrete analog of the classical
Cheeger inequality that appeared in Jeff Cheeger’s thesis in differential
geometry [4, 16]. The proof for the discrete version is in fact quite similar
to that in the continuous version. Several proofs for (11) can be found
in various contexts (see [5, 11]). Here we will give a proof that is simpler
than that in [5].

Theorem 1 In a graph G, the Cheeger constant hg and the spectral gap
Ag are related as follows:

2 2
« h
o 5 e

Qhe > Ag >
G =7G="9 2

where ag is the minimum Cheeger ratio of subsets S; consisting of ver-
tices with the largest © values in the eigenvector associated with Ag, over
all i.

Proof: Suppose the Cheeger constant h¢ is achieved by the set S,
i.e., hg = hg = |05]|/vol(S). By considering

B vol(S)
= xs— vol(G)

1,
we have
A < R(g) < 2hg.

Thus, the proofs for the Cheeger inequality mainly concerns a lower
bound for Ag in terms of Cheeger ratios.

Now let g denote an eigenvector achieving Ag. Namely, A = R(g)
and ), g(v)d, = 0. We order the vertices so that

g(v1) 2 g(v2) = ... = g(vn).
Let S; = {v1,...,v;} and define

ag =minhg,.
3
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Let r denote the largest integer such that vol(S,) < vol(G)/2. Since

ZU g(’l))d,u = Oa

S g(0)dy = min 3" (g(v) — )2y < > (9(0) — g(v,))?dy.

We define the positive and negative part of g — g(v,), denoted by g+ and
g, respectively, as follows:

0. (0) = {g(v) —g(vr) i)ftigzvie’g(w

o-(0) = { ) o Tl St

0 otherwise.

We consider

v~ Tualol) ~ )
>0 9(v)2d,
= T lolu) — g0
Y. (g(v) = g(vy))?d,
o D (91 () = 94 (1)) + (9-(u) — g-(v))*)
- > (94 ()2 + g-(v)?)dy '

Without loss of generality, we assume R(g4) < R(g—) and therefore we
have Ag > R(g4) since

a-+b
c+d

a b
> min{—, = }.
> min{2, 2}
We here use the notation
vol(S) = min{vol(S), vol(G) — vol(S)}

so that

18(S:)| > agvol(S;).
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Then we have

A¢ = R(g+)
_ Zuwv(g"r(u) - g+('U))2

(X umn g+ (W) = 94+(0))%) (X uno g+ (u) + g4 (v))?)
>0 2 (W du Sy (91 () + g1 (0))?
(D 94()> = g4 (1))
2(%, 63 (u)d.,)®
_ (Zi |g+(Uz‘)2 - 9+(Ui+1)2|2 |3(Si)|) by counting,
2(3, 93 (u)du)
(3 19+ (v:)* = g4 (vi41)*|aglvol(S)])*
2(Y, 2 (w)d,)®
2 (32, 94 (w0)2([vol(8;) = vol(Sis1)]))
(3, 92 (u)dy)”
% (3, g+ (v:)*dy,)?

2 (T, 03 wdy)’
at
-
Therefore we have proved the Cheeger inequality in (11):

v

by the Cauchy-Schwarz inequality,

2

v

by the def. of ag,

2

o
2

2 2
2@2%2%2%.

4. Isoperimetric properties of random walks

In this section, we will describe some useful isoperimetric proper-
ties for random walks, which originated from [13, 14]. Both the second
and third proofs of Cheeger inequalities in (12) and (13) will use these
properties.

For a function f : V — R, we define
%1‘) if u is adjacent to v;

) ={

0 otherwise.

For a set T of pairs of vertices of G, we extend the domain of f to include
all subsets of the edge set as follows.

f(T) = Z f(u,v).

(u,v)€T
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For a set S of vertices of G, we define
Sin = {(u,v) : v e S,uis adjacent to v},
Sout = {(u,v) : u € S,u is adjacent to v}.

Also, we define

15 = % f(u).

uesS
It follows from the definition that

f(S) = f(Sout)-
For any positive value z, we further extend the domain of f to include

the set of reals between 0 and vol(G) by defining:

fle)=_sup  cupf(u,v),

Zv Cy, v =T

OVET €y, With 0 < ¢y, < 1. Suppose we order the vertices so that

flo) _ floa) o flon)
el st

Let S; denote the set consisting of v1,...,v;. Let hy denotes the least
Cheeger ratio hg, over all S; determined by f.

Then the following facts result directly from the above definitions.
Fact 1
(i) Ifx =23 ,<;dv; +rdy,, for0<r <1, then

F@) =" f(vi) +rf(vigr)
i<i
— (1= 1) (vol(S,)) + 7 f(vol(Si1)).
(i) f(x) is convex in x.
Let W denote the lazy walk defined by

I+w
w="""
2
The following lemma on lazy walks is in the same spirit as that in Lovasz
and Simonovits [13, 14] and also in [1, 6]. For the sake of completeness,

we include a simplified proof here.

Lemma 1 For a subset S CV, we have

fW(S) _ f(Szn) ";f(sout)

< Jvol(S)(1 + hs)) + f(vol(S)(1 — hs))
= 2
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Proof:  We note that

rwis) = 1) +2f(5m)
_ f(Sout) + £(Sin)
f(Sin U?S’out) + f(Sin N Sout)
o S(ol(s) + |as?|) + f(vol(S) — 8S])
< JolS)( + hs))Q; f(vol(S)( — hs))

Thus, from the definitions and the convexity of f, we have

Lemma 2 For a function f : V — R, we have, for 0 <z < vol(G)/2,

5. A proof of the Cheeger inequality using
random walks

Here we will give a short proof for the following lemma which is
essentially the mixing result of Lovdsz and Simonovits in [13, 14].

Lemma 3 In a graph G, a subset S of vertices with vol(S) < vol(G)/2
satisfies that for any vertex u,

A

W, $) = n(5)] < 2

)" (51)

where By is the minimum Cheeger ratio over sets determined by the i
largest values of the distribution of the lazy random walk starting at u
after k steps. In other words,

Bk = inf{hs: f = Y«WF forueV and k' < k}.

Proof:  For a fixed u, we choose f(v) = fi(v) = WF(u,v) — 7(v) as
n (41). We will prove (51) by induction on k. For the case of k = 0, it
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is easy to see that (51) holds. By Lemma 1, we have

frr1(z) = frW(z)
< fe(@(1 + Brt1)) + fr(x(1 = Brs1))
- 2

< i(l— B—’%)k V1+ Brtr + V1= B
8 2

r @%H k+1
<[5 (1— EELEFL
- du( 8 )

Here we use the fact that /T +y++/T—y <2—y?/4for 0 <y < 1.
To finish the proof of Lemma 3, we consider g(v) = g (v) = — fr.(v). We
can prove in a similar way that

vol(S)
dy,

A

3 )"

gr(v) < (1

The proof can be done by induction on k£ and we note that it is true for

k = 0 since go(x) < 1. This finishes the proof for (51). O
A special case of (51) is the following:
d 2
WG, o) = mo)] < /20 - 2y 62)
dy, 8

Theorem 2 For a graph G, we have the following Cheeger inequality:

2 2
QhGZAGZ%Zh—G

8 )
where

B =min{f, : t < (16;?”1}-
G

Let a left eigenvector of I — W associated with Ag be denoted by
¢. Note that ¢ is orthogonal to the right eigenvector 1. On one hand,
we have

- - A _
[6(W" = 1'm)DV2| = [sW D2 = (1= 52)" 6DV,
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On the other hand, we have

1

-
> g (Zew Wi —n)’
(Z|¢ ||Wtuv>—7r<v>|)2

di(Zw Oy j—)
<0 z¢

_1_ﬁ_t22t2 D-1/2)2
= (1= S5 oD 2

lo(W* —1*m)D~1/2|* = Z (W' —177)(v)

g

Together we have

1- 298 <

Ac 5t2 1/t
1—— .
y <=

This implies:

B2 2logn
2hg > A\g > — — .
¢="0=" ¢
Therefore for 1
. 16 logn
Be = min{f, : t < [0},
we have ) )
2hg > Mg > be > he
as desired.

6. Proving the Cheeger inequality using the

PageRank

The third proof of the Cheeger inequality is based on the notion of
PageRank. The personalized PageRank has two parameters, the jumping

constant ¢ and a preference vector.

For a vertex u, the personalized PageRank pr, associated with u
has the preference vector x, and we write pr,, = xuR.. Although pr, is
defined on the vertex set V of G = (V, E), we can extend the domain of

f=pr, to VU2V UEU2F U[0,vol(G)] as defined in Section 4.
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We will use Lemma 1 and (21) by choosing f = pr,, — 7. We have,
for any set S of vertices,

1 1
f(S) =c(1—m(S)) +(1— c)(§f(5m N Sout) + 5f(5m U Sout))-
We will establish the following inequality with a simpler proof than that
in [1]:

Lemma 4 For any positive integer k, a jumping constant ¢,0 < ¢ < 1,
a vertex u and a subset S of vertices, the personalized pagerank pr,
satisfies

VO 2
pr,(8) () < (1= (1= + 22 (1= - g 1 - (),

where 7, is the minimum Cheeger ratio determined by a sweep of pr,,.
Proof: It suffices to show that for any real value z,0 < z < vol(G)/2,
/(@) = (pr, (@) — n(@))/(1 - 7(x)) satisfies

7 2
f(l’)gl—(l—c)k+ a( _%)k(l—c)k, (61)

First we observe that (61) holds for the case that k = 0 since, for z > d,,
we have f(z) <1, and for z < d,,,

fla) = g fd) <\

Suppose that (61) holds for some k£ > 0. We wish to establish the
inequality for k + 1 for z = vol(S;).

flz) < e+ (1 —-c)fW(x)
(S0 = 3)) + a1+ 2),

<c+(l-¢) 5 by Lemma 1
<ot (-l (—ops V0= 7“2);1_‘/‘””(1 o)) %f)’“(l — o))

by induction

2
<1- (1 _ C)k-‘,—l + i(l _ ﬁ)k+1(1 _ C)k+1
dy, 8
by using the fact that 1+ w + 1 —w < 2(1 —w?/8) for 0 < w < 1.
We have proved (61). To show that |f(z)| has the same upper bound,
we consider g(x) = — f(z) and apply the same inductive proof. d
We also need the following for later lower bound arguments:
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Lemma 5 For a subset S of vertices in G with vol(S) < vol(G)/2, there
is a subset T C S with vol(T') > vol(S)/2 such that for any u € T, the
personalized pagerank pr,, satisfies that

(1 —c¢)hg .

SY>1-—
pr,(S) > -
Proof: We first consider

XsDR.(S) = xsD(cI+ (1 —c)DWR.)x5s
1
= evol(8) = ——xs(D — A)Rexs + (1 - )xsDR.(S).

Therefore we have

c *
%2 XS(D - A)RCXS

XsDR:(S) = vol(S) —

= vol(8) — 15 3 (xs () — xs(0)) (xs RE () ~ xs R (v)
:mwyﬂ_c§:|mm@—m&wﬂ

{u,v}€0S
zvdﬁd—liCWﬂ.

Here we use the fact that f(D—A)g* =, ., (f(u) — f(v))(g(u) — g(v).
This implies that
XsDR:(S) = vol(S) — xs DR.(S)

L= a5,

<
- 2c

We consider a subset T of S defined by

T'={veS : x,R(S) > 1—c

hs}
and we have

XSDRc(g) > XT'DRC(S)

- Z dech(S)

ueT’

1-c
> Zdv c hS
veT’
1-c

>

VO](T’)hs.
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Therefore, we have vol(T”) < vol(S)/2. We define T'= S\ T". Thus for
u in T, we have

pr, (S) =1— x,R.(S)>1— 1-¢

hs
C

as claimed. 0
We are now ready to prove the following local version of the Cheeger
inequality using PageRank.

Theorem 3 For a subset S in G with vol(S) < vol(G)/2, there is a
subset T with vol(T') > vol(S)/2 such that for any u in T, we have

72
> u
hs = 33 log(vol(9))

where v, denotes the Cheeger ratio determined by the PageRank pr,, with
jumping constant ¢ = 2 /(16 log(vol(S))).

Proof: By combining Lemma 4 and Lemma 5, there is a subset T" of
S with vol(T') > vol(S)/2 such that for v € T', we have

(1-— C)hs

1- —7(S

)
< (1-0-0r+ 20 - B - o0 - a(s)

This implies

hs(1—c) AP
= > (1- 1-— 1—=2)7). 2
We then choose k& and ¢ as follows:
16 log(vol(.9)) 1
k= [TL c=-
Then (62) implies
2
C Vu
> > Tu
hs 23253 log(vol(9))’
as desired. O

The above local Cheeger inequality suggests that by choosing one or
more random vertices near the seed, the PageRank associated with these
vertices can be used to find good cuts with high probability. Of course,
the above inequality does not involve any eigenvector. This correlation
can be added as follows:
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For a given subset S C V', A function f : V — R is said to satisfy
the Dirichlet boundary condition if f(v) = 0 for all v ¢ S. The Dirichlet
eigenvalue, denoted by Ag is defined by

As = inf R(f) (63)

where f ranges over all nontrivial function f which satisfy the Dirichlet
boundary condition for S.

Theorem 4 For a subset S in G with vol(S) < vol(G)/2 and a constant
¢ <1/2, we have
%
hg > Ag > —Fr2—
5 =75 = Blog(vol(9))

where vg denotes the minimum of the Cheeger ratios determined by the
PageRank pr,, for uw in S and the jumping constant ¢ > % /(8 log(vol(S))).

Proof:  Let S denote the subset achieving the Cheeger constant hg.
From the definition in (63), we have hg = R(xs) > As. To prove the
lower bound, we consider W which has entries Wg(u,v) the same as
W (u,v) if u,v are both in S and 0 otherwise. We define

R, = cZ(l —c)*W¥
k
so that
R.=cls+ (1 —c)R.Wg. (64)
Clearly, by Lemma 4, we have

XuRIcXS < XuRcXS

<1-(1-¢f+ VO;(S)( _§)’f(1_c)’f.

Let ¢ denote the function achieving As and pxs = >, cg@(u) = 1. It
is not hard to see we can choose that ¢(u) > 0 for all u € S. Then,

PR\ xs < Y p(u)xuRixs
ueS

<1—(1—=¢)" 4 /vol(S)( —%)k(l—c)k.

Note that from (64), we have

1—c
¢R.xs = ¢(Is — TRS(IS - Ws))xs
(1-c)As

=1—-——.
c+ (1 —c)As
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By combining the preceding two inequalities, we get

(1 —-¢)As z

1-o)* < n vdwx1—%hW1—@@ (65)

T c+(1—-0)As

We can now select k so that

V/vol(S)(1 — %)’f <1/2.

Namely, k is chosen to be k = 4v52log(vol(S)).
Then (65) implies that

(1—c)* < (1—-c)As

2 T c+ (1 — C))\S.
Therefore
1 c
ck > 1o > .
=T (1= 0rs) = (1—o)rs
We then have
1
Ag > ———
S=1=0k
S
~ 8log(vol(S))
The proof of Theorem 4 is complete. a

7. The Cheeger inequality using the heat ker-
nel

For a vertex u, we define the heat kernel pagerank p; , to be

pt,u(v) = XthXT,

where H; is as defined in Section 2. For a positive value s, we define a s-
local Cheeger ratio of p ,, to be the minimum Cheeger ratio of cuts that
separate sets S; which consist of the vertices v that have the i largest
values of p; ., (v)/d, and so that vol(.S;) is at most 2s.

We will use the following rapid mixing result on p¢,, (see [7]): In a
graph G, for a positive value t > 0, a vertex u and a subset S of volume
s < vol(G)/4, we have

pru(S) —m(S) < /dieftnf,u,s/zl (76)
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where K, s denotes the minimum s-local Cheeger ratio of p .
We will prove the following local Cheeger inequality that relates
the Cheeger ratio hg of a subset S with the Dirichlet eigenvalue Ag and

the local Cheeger ratios.
Theorem 5 In a graph G, for a subset S of volume s < vol(G)?/?

have

, we

2
hs > As > K—gs
where kg denotes the minimum s-local Cheeger ratio of py, over all u
in S and t = [log(vol(G)/s)/As].

Proof:  We consider a left eigenvector ¢ of I — W which is associated
with the Dirichlet eigenvalue Ag and satisfies ), . »(u) = 1. By using
(76), we have

Q(H, — 1'm)x5 = > @(w)pru(S) — 7(S)
u€esS

< ie—tnis/4.
=\

k=0

We consider

where Wy is as defined in the previous section. It is not difficult to see
that H¢(u,v) > H{(u,v) for all u and v. We have

o(Hy — 1" m)x5 > o(H] — 1*7)x%

— e—tks _ S
vol(G)’
We choose t satisfying
“ths > 97
~ “vol(G)

By considering ¢ < log(vol(G)/s)/Ag, we have

1
S < o(H, — 1"
S 2
< 7 7t'€t,S/4.
< ,/due

2

This implies,

\ >I€t’5_logs
s = 2t
2
K
> L5\

4
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ift > 120)%;. Such t exists if s < Vol(G)2/3. This leads to

2
K5
Ag > —=
=78
for t = [log(vol(G)/s)/As]. The proof of Theorem 5 is complete. O
For applications, the following modified Cheeger inequality can be
derived along the similar spirit of Theorem 4. Its proof is contained in
[7] and will be omitted.

Theorem 6 In a graph G for a subset of volume s, s < vol(G)/4 and
Cheeger ratio hg < ¢2/4, there is a subset S’ C S with vol(S") > s/2
such that for any u € S’, the sweep by using the heat kernel pagerank
P, with t = [¢p72/4], will find a set T with s-local Cheeger ratio at

most ¢+/log s.

8. Graph partition algorithms

The four Cheeger inequalities and their constructive proofs lead
to a number of graph partition algorithms. These algorithms are one-
sweep algorithms so that the output is a subset consisting of vertices
associated with the highest ¢ values determined by some function (which
sometimes is adjusted by the degrees of the vertices). Except for the
spectral partition algorithm, all the other three methods, using random
walks, PageRank and heat kernel pagerank yield local partition algo-
rithms.

Before proceeding to discuss local partition algorithms, we shall
mention the mode of computing. The input of all our algorithms of
course includes the whole graph (which can be very large) which is com-
puted off-line. For example, for search engines, such as Google, Yahoo or
Baidu, the vertices and edges of the Webgraph are meticulously, exhaus-
tively and continuously computed in an off-line mode and then compiled
and stored (in some appropriate data structure which we will not get
into here). When one uses the search engine by inputting a word or key
phrase (as the seed), the search is in on-line mode since one expects the
results of the search in a fraction of a second. The output of an on-line
algorithm is usually quite small in comparison with the whole size of
the data corpus. The local algorithms are all on-line algorithms which
have running time proportional to the sizes of their outputs. In order to
achieve this, the algorithmic steps for a local algorithm usually rely on
local operations such as propagating through the neighbors iteratively.

The spectral partition algorithm.
The one sweep algorithm uses the eigenvector that achieves the spectral
gap as stated in Theorem 1. The Cheeger inequality in (11) guarantees
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that the output has its Cheeger ratio ag which is no more than 2v/hg.
The running time of this algorithm is basically the same as the running
time for matrix multiplication, of order O(n*), w = 2.376... (see [10])
where n is the number of vertices in G.

Graph partition algorithm using random walks

Spielman and Teng [15] gave a graph partition algorithm which, for a
graph G containing a set of vertices such that hg < ® and vol(S) <
vol(G)/2, can find a subset T with vol(T) > vol(S)/2 and hy < ¢
where ® = O(¢?/ log®(vol(G))). The partition algorithm contains quick
approximations of distributions after steps of random walks. The algo-
rithmic analysis uses the ideas of Lovédsz and Simonovits in [13, 14]. The
running time of their algorithm is O(vol(G)log®(vol(G))/¢°). A main
subroutine NIBBLE in their algorithm has inputs including a seed, a
target volume k and a target Cheeger ratio ®. The Nibble, which runs
in time O(klog*(vol(G))/¢#%), outputs a subset T with hy < ¢, where
® = O(¢*/log®(vol(G))), and the volume is within a factor of 2 of the
target volume.

Graph partition algorithm using PageRank

The local partition algorithm of Andersen, Chung and Lang uses a fast
approximation of PageRank [1]. The algorithm basically follows from the
modified Cheeger inequality in Theorem 3 and improves the previous al-
gorithm using random walks both in its performance and in running
time. For any set S with Cheeger ratio ®, there are a large number of
starting vertices within S for which a sweep over an appropriate Page-
Rank vector find a subset with Cheeger ratio O(y/® logvol(S)), in time
O(vol(S) log®(vol(G))/®). The local graph partition algorithm can be
used iteratively to derive a general graph partition algorithm which will
find a cut which has Cheeger ratio at most \/hglog(vol(G)) in time
O(vol(G) log*(vol(G))/he). There is a second paper by the same au-
thors [2] that further simplifies the local partition algorithm by focusing
on cuts which are associated with “sharp” drops in the sorted Page-
Rank functions. The algorithmic analysis is also simpler although the
computational complexity stays of the same order.

Graph partition algorithm using heat kernel pagerank

The Cheeger inequalities in Theorems 5 and 6 suggest a graph parti-
tion algorithm in a straightforward way. This improves the previous
algorithm by removing the factor of log(vol(G)) in the estimate of the
Cheeger ratio, in comparison with the previous algorithm using Page-
Rank. In order to obtain an even more efficient algorithm, we need to
get an efficient approximation of the heat kernel pagerank which the
formulation as an exponential sum can easily yield. For any set S with
Cheeger ratio ®, there are a large number of starting vertices within .S
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so that the associated heat kernel pagerank can be use to find a cut with
Cheeger ratio at most O(y/® log(vol(S))) (see [7]). The running time
is basically O(vol(S)log(vol(S))/®) for approximating and sorting the
heat kernel pagerank with a support no more than the target volume.
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