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Chapter 10

Sparsest cut

Let G be undirected, and let b :
1

V
2

2
æ RØ0 be a set of nonnegative demands. Given

a set S, the sparsity of S is defined as the ratio

c(”(S))
q

uœS,v /œS b(u, v) .

(For S = ÿ or S = V , we treat the sparsity of S as +Œ). The sparsest cut problem
is to compute the set S of minimum sparsity. An important special case is uniform
sparsest cut where the demands are uniformly b(u, v) = 1. Then the sparsity has the
simpler form

c(”(S))
|S||S̄| .

To minimize the uniform sparsity, we (of course) want to minimize the numerator
and maximize the denominator. Minimizing the numerator is to find small cuts (as
usual). The denominator (by AM-GM) is maximized by choosing |S| ¥ n/2. So the
uniform sparsest cut is lookingfor a tradeo� between the capacity of the cut and how
“balanced” the cut is. (In fact, sparsest cut is used as a subroutine for the balanced
cut problem, as we will discuss.)

To drive this point further, observe that

1
n

· c(”(S))
min{|S|, |S̄|} Æ c(”(S))

|S||S̄| Æ 2
n

· c(”(S))
min{|S|, |S̄|}

because n/2 < max{|S|, |S̄|} Æ n. That is, up to a constant factor, we are trying to
minimize the ratio

c(”(S))
min{|S|, |S̄|} .
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Here we clearly see the expense of choosing a very small set S.
In this chapter, we describe a very influential result of Leighton and Rao [LR99]

that obtains a O(log(n)) approximation ratio for the uniform sparsest cut problem.
Their algorithm is based on applying region growing to the metric induced by the dual
LP. We then discuss a randomized O(log(n)) approximation algorithm for general
demands based on ¸1-metric embeddings. We will also discuss lower bounds and some
applications of sparsest cut.

10.1 The LP

Leighton and Rao’s algorithm [LR99] is based on rounding an LP relaxation of the
sparsest cut problem with region growing. However, since the sparsest cut optimizes
a ratio, obtaining the linear relaxation is not as obvious. As a step in this general
direction, consider the following (nonlinear) relaxation of the sparsest cut problem.

Compute a metric d : V ◊ V æ RØ0 minimizing the ratio
q

e={u,v} c(e)d(u, v)
q

{u,v} b(u, v)d(u, v) .

Now, we can scale the distances up or down with no e�ect on the ratio. In particular,
we can fix the denominator to be 1, which gives the following optimization problem
which is a linear program.

Find the minimum c-cost metric such that the b-weighted sum of distances
is at least 1.

That is:

minimize
ÿ

e={u,v}œE

c(e)d(u, v)

over all metrics d : V ◊ V æ RØ0

s.t.
ÿ

{s,t}
b(s, t)d(s, t) Ø 1.

(10.1)

10.1.1 The dual

To obtain the dual, it is helpful to rewrite (10.1) as a pure covering problem. Recall
the correspondence between metrics and edge lengths, via shortest path distances.
Then (10.1) is the same as:
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Find the minimum cost edge lengths such that the b-weighted sum of
shortest path distances is at least 1.

To make this more explicit, for s, t œ V , let Ps,t denote the family of all (s, t)-paths.
Let us define a path bundle as a collection of paths P consisting of an (s, t)-path
Ps,t œ Ps,t for every pair (s, t). We let Pú

def= r
{s,t} Ps,t denote the family of all path

bundles. Then we can express the problem above as follows.

minimize
ÿ

eœE

c(e)y(e) over y : E æ RØ0

s.t.
ÿ

{s,t}
b(s, t)

ÿ

eœPs,t

y(e) Ø 1 for all P œ Pú.
(10.2)

We can separate this LP by computing the shortest (s, t)-path for every pair (s, t),
and verifying the covering constraint for this bundle of shortest paths.

(10.2) covers path bundles with edges; thus, the dual packing LP packs path
bundles into edges.

maximize
ÿ

P œPú

x(P ) over x : Pú æ RØ0

s.t.
ÿ

P œPú

x(P )
ÿ

{s,t}:eœPs,t

b(s, t) Æ c(e) for all e œ E.
(10.3)

In (10.3), each path bundle P represents a choice of paths for every (s, t)-pair to
concurrently route the demands b. So (10.3) is trying to concurrently route b as much
as possible subject to the capacity constraints. This problem is called concurrent flow
or demand multicommodity flow.

10.2 Rounding via region growing (for uniform demands)

Leighton and Rao [LR99] addressed the setting of uniform demands b = 1, as well
as “product demands” where the demands are of the form b(u, v) = fi(u)fi(v) for a
fixed vector fi œ RV

Ø0
. In this section we assume uniform demands, b = 1. Then the

sparsity of a set S has the cleaner form of

c(”(S))
|S||S̄| .

Let d be an optimum metric to the metric relaxation (10.1). For uniform demands we
may assume that d(u, v) Æ 1 for all u, v. The goal is to compute a set of vertices S
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with
c(”(S))
|S||S̄| Æ O(log(n)) OPT(10.1) .

Our analysis is divided into two cases. The first, dubbed the “concentrated” case,
is when there is a high concentration of points within a small ball of radius r0 ¥ 1/n2.
The second “non-concentrated” case is when this does not occur. In the concentrated
case we show that the line embedding from the center of the concentrated ball induces
a sparse cut. In the non-concentrated case we partition the graph into pieces with a
region-growing technique; the non-concentrated setting implies that these pieces are
individually small enough to be reassembled to give a sparse cut.

For the remainder of this section, let r0 = 1/2n2.

10.2.1 Concentrated case.

First we consider the concentrated case.
Lemma 10.1. Suppose there exists a vertex s such that |B(s, r0)| Ø 2n/3. Then there
exists r Ø r0 such that B(s, r) has sparsity O(1) OPTL.
Proof. Suppose not. Then for all q > 0, we have

c(”(B(s, r0 + q))) Ø c OPTL|B(s, r0 + q)||V \ B(s, r0 + q)|
(a)
Ø cn OPTL

3 |V \ B(s, r0 + q)|

for a fixed universal constant c > 0 (to be determined). Here (a) observes that
|B(s, r0 + q)| Ø |B(s, r0)| Ø 2n/3.

Define a region-growing weight function W (r) di�erentially by

W (0) = 0
W Õ(0) = c(”(B(s, r)))

W (r) is nondecreasing, bounded below by 0, and bounded above OPTL (by a similar
calculation as in multicut). Now, we have

1 Ø W (1) ≠ W (r0)
OPTL

=
⁄

1≠r0

0

c(”(B(s, r0 + q)))
OPTL

dq

Ø cn

3

⁄
1≠r0

0

|V \ B(s, r0 + q)| dq
(b)= cn

3

Q

a
ÿ

vœV \B(s,r0)

d(v, s) ≠ r0

R

b

(c)
Ø cn

3
ÿ

vœV

(d(v, s) ≠ r0) = cn

3
ÿ

vœV

d(v, s) ≠ cnr0

3 . (10.4)
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(b) implicitly interchanges changes. In (c), the inequality holds because the sum is
extended only by nonpositive terms.

We also have

1
(d)
Æ

ÿ

{u,v}
d(u, v)

(e)
Æ

ÿ

{u,v}
d(u, s) + d(s, v) < n

ÿ

v

d(v, s),

where (d) is by the distance constraint in the LP and (e) is by the triangle inequality.
Plugging back into (10.4), we have 1 > c/6. For c Ø 6, then, we have a contradiction.

10.2.2 Non-concentrated case.

Now we address the remaining non-concentrated case.

Lemma 10.2. Suppose |B(s, r0)| Æ 2n/3 for all s œ V . Then one can compute, a
cut with sparsity O(log n) OPTL.

Proof. We will apply a region growing technique (similar to multicut) to partition V
into sets S1, . . . , Sk µ V such that

1. c(t
i ”(Si)) Æ O(n2 log n) OPTL .

2. |Si| Æ 2n/3 for all i.

Assuming this holds, then, we obtain the desired sparse cut as follows. Since |Si| Æ
2n/3 for all i, we can group the Si’s into two sets T µ V and T̄ = V \ T such that
n/3 Æ |T |, |T̄ | Æ 2n/3. Then T has sparsity

c(”(T ))
|T ||T̄ | Æ c(t

i ”(Si))
(2n/3)(n/3) Æ O(log n) OPTL .

It remains to obtain the sets S1, . . . , Sk. As alluded to above, we will use region
growing to iteratively remove sets of the form B(s, r); the key is to show that there
are always “good” radii r.

Fix a center vertex s œ V . Consider the region-growing weight function W (r)
defined di�erentially by

W (0) = OPTL /n

W Õ(r) = c(”(B(s, r))).
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W (r) is nondecreasing in r and bounded by the range [OPTL /n, (1 + 1/n) OPTL].
Consequently, for a su�ciently large constant c0, there always exists a radius r < r0

such that

W Õ(0) Æ c0n
2 log(n)W (r),

since otherwise the di�erential inequality W Õ(0) Ø c0 log(n)n2W (r) implies that

W (r0) Ø ec0n2
log(n)r0(OPTL /n) > (1 + 1/n) OPTL,

a contradiction. Thus there exists a radius r Æ r0 that, in particular, satisfies

c(”(B(s, r))) = W Õ(r) Æ O
1
n2 log(n)

2
W (r)

Æ O
1
n2 log(n)

2
Q

aOPTL /n +
ÿ

vœB(s,r)

ÿ

eœ”(v)

yece

R

b.

Moreover, by assumption, we have |B(s, r)| Æ 2n/3.
We repeat the following steps until V is empty. Here we let i be the index of the

iteration.
1. Pick si œ V arbitrarily.
2. Find ri œ [0, r0] such that

c(”(B(s, r))) Æ O
1
n2 log n

2
Q

aOPTL

n
+

ÿ

vœB(s,r)

ÿ

eœ”(v)

c(e)y(e)
R

b.

3. Set Si = B(s, r) and V = V \ Si.
We claim that these steps produce sets S1, . . . , Sk satisfying the two requirements
above.

Clearly we have |Si| Æ 2n/3. We also have

c

A
€

i

”(Si)
B

Æ
ÿ

i

c(”(Si))

Æ O
1
n2 log n

2
Q

aOPTL +
ÿ

i

ÿ

vœSi

ÿ

eœ”(v)

c(e)y(e)
R

b

= O
1
n2 log(n)

2
Q

aOPTL +
ÿ

vœV

ÿ

eœ”(v)

c(e)y(e)
R

b

= O
1
n2 log(n)

2
OPTL,

which completes the proof.
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10.2.3 Putting it all together.

Theorem 10.3 (Leighton and Rao [LR99]). The region-growing algorithm described
above gives a O(log n)-approximation to the uniform sparsest cut.
Proof. Let y be an optimum solution to (10.2). It is easy to identify if y falls
in the concentrated or non-concentrated case. For the former, we obtain a O(1)-
approximation; for the latter, a O(log n)-approximation.

10.3 Rounding via L1-metric embeddings

We now analyze a di�erent approach to rounding the sparsest-cut metric, based
on randomized embeddings. This version readily generalizes to general demands
b :

1
V
2

2
æ RØ0.

Let d be any metric that is a feasible solution to LP (10.1). Our goal is to convert
d to a cut with sparsity comparable to the cost of d.

10.3.1 Rounding line embeddings

We first observe that some special cases of metrics are very easy to round – namely,
those related to line embeddings. Suppose there is a function f : V æ R such that

d(u, v) = |f(u) ≠ f(v)| for all u, v œ V.

(Such a function f , placing V on the real line, is called a line embedding.) Rescaling and
translating (which does not e�ect the sparsity), we may assume that minu f(u) = 0,
and maxv f(v) = 1.

Consider the following random cut S (which we have seen before in proving
the max-flow min-cut theorem). Pick ◊ œ (0, 1) uniformly at random, and let
S = {u : f(u) Æ ◊}. Observe that for each edge e = {u, v}, we have

P[e œ ”(S)] = |f(u) ≠ f(v)| = d(u, v).

Thus we can rewrite the sparsity of d as

(sparsity of d) =
q

{u,v}œE c(u, v)d(u, v)
q

{s,t} d(s, t)b(s, t) =
E

Ëq
eœ”(S) c(e)

È

E
Ëq

sœS,tœS̄ b(s, t)
È . (10.5)

Note that the RHS is not the expected sparsity of S. The expected sparsity of S is
the quantity

E[sparsity of S] = E
C q

eœ”(S) c(e)
q

sœS,tœS̄ b(s, t)

D

,
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is not the same as the quantities in (10.5). This is in contrast to our proof of max-flow
min-cut, where S is a minimum (s, t)-cut on average, and the existence of a minimum
(s, t)-cut follows immediately from the probabilistic method.

Still the probabilistic approach can be salvaged with a little more work. Observe
that S can only be one of n ≠ 1 di�erent sets S1, . . . , Sn≠1 where ÿ ( S1 µ S2 µ
S3 · · · µ Sn≠1 ( V . For each i, let pi = P[S = Si]. Then

(10.5) =
qn≠1

i=1
pi

q
eœ”(Si)

c(e)
qn≠1

i=1
pi

q
sœSi,tœS̄i

b(s, t)
.

Now we apply the following elementary fact. (The proof is left as exercise 10.1.)

Lemma 10.4. Let a1, . . . , ah, b1, . . . , bh > 0. Then

min
i

ai

bi
Æ

q
i aiq
i bi

Æ max
i

ai

bi
.

It follows that for some Si, the sparsity of Si is at most the sparsity of d. In
conclusion, we have shown the following.

Lemma 10.5. Let d :
1

V
2

2
æ R be a metric induced by a line embedding. Then one

can partition the vertices into two sets (S, S̄) such that
q

eœ”(S) c(e)
q

sœS,tœS̄ b(s, t) Æ
q

{u,v}œE c(u, v)d(u, v)
q

{s,t} d(u, v)b(s, t) .

Rounding L1-metrics So much for metrics given by line embeddings. How about
a metric obtained as a sum of line metrics? Recall that the L1-metric on Rh is defined
by

Îx ≠ yÎ
1

=
hÿ

i=1

|xi ≠ yi|.

Suppose d was the L1-metric of an embedding f : V æ Rh.That is,

d(u, v) = Îf(u) ≠ f(v)Î
1

=
hÿ

i=1

|fi(u) ≠ fi(v)|

for a function f : V æ Rh. We can think of this as the sum of h line metrics f1, . . . , fh.
The sparsity of d expands out to

(sparsity of d) =
qh

i=1

q
e={u,v} c(e)|fi(u) ≠ fi(v)|

qh
i=1

q
{u,v} b(u, v)|fi(u) ≠ fi(v)|

.
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Applying lemma 10.4 again, we see that one of these line embeddings, say fj, has
sparsity no worse then d. From the line embedding fj : V æ R, we can extract a cut
with sparsity at most that of fj. This establishes the following.

Lemma 10.6. Let d :
1

V
2

2
æ R be the L1-metric over an explicit embedding of V .

Then one can partition the vertices into two sets (S, S̄) such that
q

eœ”(S) c(e)
q

sœS,tœS̄ b(s, t) Æ
q

{u,v}œE c(u, v)d(u, v)
q

{s,t} d(u, v)b(s, t) .

To sum up: L1 metrics can be rounded without loss. We can find an L1-metric
with sparsity within a factor – of the sparsest metric d, then we can covert that into
an –-approximate sparsest cut.

10.3.2 Randomized L1-metric embeddings

We now know that L1-metrics can be rounded to sparse cuts without any loss. But
the LP for sparsest cut produces a generic metric d, that is not an L1-metric.

Our new strategy, given a generic metric d, is to try to find an L1-metric d1 with
sparsity comparable to d. We then invoke lemma 10.6 to round obtain a sparse cut
from d1. Our L1-metric d1 will be defined by a mapping f : V æ Rh (for some h œ N),
so that

d1(u, v) = Îf(u) ≠ f(v)Î
1
.

We will prove the following theorem.

Theorem 10.7. Let d :
1

V
2

2
æ RØ0 be a metric and ” œ (0, 1). For h =

O(log(n) log(1/”)), one can construct a randomized embedding f : V æ Rh such
that for all u, v œ V , we have

Îf(u) ≠ f(v)Î
1

Æ O(log(1/”))d(u, v)

deterministically, and

P[Îf(u) ≠ f(v)Î
1

Æ d(u, v)] Æ ” (10.6)

For ” = 1/ poly(n) and h = O
1
log2 n

2
, we can apply the union bound to (10.6)

over all pairs u, v. This gives the following theorem.
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Corollary 10.8. Let d :
1

V
2

2
æ RØ0 be a metric and ” œ (0, 1). For h = O

1
log2(n)

2
,

one can construct a randomized embedding f : V æ Rh such that with high probability,
for all u, v œ V ,

d(u, v) Æ Îf(u) ≠ f(v)Î
1

Æ O(log n)d(u, v).

The embedding f : V æ Rh described in corollary 10.8 is said to be a O(log n)-
distortion metric embedding as it maps points in one metric space into another while
preserving all distances up to a O(log n)-multiplicative factor.

The O(log n)-distortion embedding into L1 is the last ingredient for the following
algorithm for sparsest cut.

1. Solve the LP (10.1) to obtain a sparsest metric d.
2. Invoke corollary 10.8 to obtain a O(log n)-distortion embedding f :1

V
2

2
æ Rh from d into the L1-metric. The L1-metric via f has sparsity

at most a O(log n) factor greater than d.
3. Invoke lemma 10.6 to round the L1-metric to a cut with sparsity at

most the metric, which is a factor O(log n) greater than the sparsity of
d (and the optimum of (10.1)).

This algorithm is due to Linial, London, and Rabinovich [LLR95], and establishes the
following.

Theorem 10.9. There is a O(log n) randomized approximation to (non-uniform)
sparsest cut (on undirected graphs).

Actually, Linial, London, and Rabinovich [LLR95] observed that one can do slightly
better when there are demands for only k commodity pairs. (i.e., k pairs (u, v) with
b(u, v) > 0.)

Theorem 10.10. There is a O(log k) randomized approximation to sparsest cut,
where k is the number of commodity pairs with nonzero demand.

This approximation factor is obtained by building on the ideas in ??, and left as
exercise 10.2.

Now we describe the randomized algorithm of Linial, London, and Rabinovich
[LLR95] that computes the embedding in theorem 10.14. We note that previously
Bourgain [Bou85] had obtained a deterministic embedding but the output dimension
h was exponential. Linial, London, and Rabinovich’s algorithm [LLR95] can be
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random-Fréchet(d : V ◊ V æ RØ0)

1. for i = 1, . . . , Álog nË

A. let Si sample each v œ V independently with probability 2≠i

B. for each v œ V

1. fi(v) Ω minsœSi
d(s, v)

2. return f : V æ RÁlog nË
Ø0

Figure 10.1: A O(log n) dimension, randomized Frechét embedding with O(log n) distortion
in expectation

interpreted as an e�cient randomized implementation of Bourgain’s embedding
[Bou85].

The algorithm, which we call random-Fréchet, is extremely simple. We generate
Álog nË coordinates. For i = 1, . . . , n, we sample a set Si where each point is sampled
independently with probability 1/2i. For each vertex v, we find the distance between
v and (the closest point in) Si. This gives the ith coordinate of v. Pseudocode is
described in fig. 10.1.

Each coordinate of the randomized embedding is given by distances from a set.
There is a name for this class of embeddings: Fréchet embeddings. fig. 10.2 attempts
to visualize a single coordinate generated in this manner.

10.3.3 Low-distortion in expectation

We now turn to proving theorem 10.14. Consider an instance of the random-Frechet
algorithm, which computes a randomized embedding f : V æ RO(log(n))

Ø0
.

For ease of notation, for a vertex v and coordinate i, we let vi
def= fi(v) denote the

ith coordinate of the embedding of v.

Lemma 10.11. For u, v œ V and i œ N, |ui ≠ vi| Æ d(u, v).

Proof. By the triangle inequality, we have both
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Figure 10.2: Level sets by distance from a set of points S, encoding one coordinate of a
Frechét embedding.

d(s, u) ≠ d(s, v) Æ d(u, v) and d(s, v) ≠ d(s, u) Æ d(u, v).
for all s œ Si.

lemma 10.11 immediate implies the Îu ≠ vÎ
1

Æ O(log n)d(u, v), since there are
O(log n) dimensions and each can contribute at most d(u, v). The harder part
is showing the lower bound: informally, we want to show that Îu ≠ vÎ

1
Ø d(u, v), up

to constant factors. This lower bound is too strong; instead, we settle for the same
inequality but only in expectation.
Lemma 10.12. For u, v œ V , we have E[Îu ≠ vÎ

1
] Ø cd(u, v) for some constant

c > 0.
Proof. For ease of notation, let ” = d(u, v). For each i, let ri be the minimum length r
such that there are at least 2i points at distance Æ r from u, and 2i points at distance
Æ r from v; i.e.,

ri = arg min
r>0

Ó
|{x : d(u, x) Æ r}| Ø 2t, |{x : d(v, x) Æ r}| Ø 2t

Ô

We claim that
For each index i, we have

|ui+1 ≠ vi+1| Ø (min{ri, ”/2} ≠ min{ri≠1, ”/2})

with constant probability c > 0.
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Before proving the claim, suppose it holds true. Let k be the largest index such that
rk≠1 Æ ”/2 (for which the claim applies). We have

E[Îu ≠ vÎ
1
] Ø

kÿ

i=0

E[|ui+1 ≠ vi+1|]

(a)
Ø c

kÿ

i=0

(min{ri, ”/2} ≠ min{ri≠1, ”/2})

(b)
Ø c”

4 ,

as desired. Here (a) applies the claim and (b) is by telescoping sums and recalling
that rk+1 > ”/2.

It remains to prove the claim. We have two cases: (a) ri Æ ”/2, and (b)
ri≠1 < ”/2 Æ ri. We assume without loss of generality that ri is defined by u;
i.e., |{x : d(u, c) < ri}| < 2i.
Case 1: ri Æ ”/2. Let U = {x : d(u, x) < ri}, and let V = {x : d(v, x) Æ ri≠1}. We
have |U | < 2i and |V | Ø 2i≠1. Since ri≠1 < ri Æ ”/2, U and V are disjoint.

 

M V

zz
I I

2 i

Si+1 samples each point with probability 2≠i≠1. By direct calculation, Si+1 samples
no points from U with constant probability, and at least one point from V with constant
probability. Since U and V are disjoint, whether any point from U is sampled and
whether any point from V is sampled is independent. Thus Si+1 samples a point from
V and no points from U simultaneously with some constant probability c > 0. In this
event, we have ui+1 Ø ri and vi+1 Æ ri≠1, so ui+1 ≠ vi+1 Ø ri ≠ ri≠1. In expectation,
we have

E[|ui+1 ≠ vi+1|] Ø c(ri ≠ ri≠1),

as desired.
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Case 2: ri > ”/2 > ri≠1. Let U = {x : d(u, x) Æ ”/2} (with ”/2 in place of ri) and
let V = {x : d(u, v) Æ ri≠1/2}.

U V

it
2 22
2 i

By the same argument as above, we have that Si+1 samples a point from V and
no points in U with some constant probability c > 0. In this event, ui+1 ≠ vi+1 Ø
”/2 ≠ ri≠1.

Theorem 10.13. randomized-Frechet embeds V into RÁlog nË such that

Îu ≠ vÎ
1

Æ Álog nËd(u, v) and E[Îu ≠ vÎ
1
] Ø cd(u, v) for all u, v œ V ,

for some absolute constant c > 0.

10.3.4 Amplification

Theorem 10.13 shows that a single instance of randomized-Fréchet obtains O(log n)
distortion “in expectation”, so to speak, for each pair of vertices. In particular the
embedded distance is bounded above deterministically but below only in expectation.
We want to strengthen this so that the lower bound holds with high probability.

Theorem 10.14. With probability of error 1/ poly(n), the average of O(log n) em-
beddings produced by randomized-Frechet is an embedding V into RO(log

2 n) such
that

cd(u, v) Æ Îu ≠ vÎ
1

Æ C log(n)d(u, v) for all u, v œ V

for absolute constants c, C > 0.

Proof sketch. Fix u, v œ V . We treat each coordinate di�erence |ui ≠ vi| (for O
1
log2 n

2

coordinates over O(log n) independent calls to random-Frechet) as an independent
random variable bounded above by d(u, v). The expected sum of the |ui ≠ vi|’s is
�(n log(n)). By standard Cherno� inequalities, the sum is strongly concentrated at
the mean; scaling down by log n (from averaging) gives the desired result.
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10.4 Expander lower bounds

Recall that the integrality gap of an LP relaxation is the maximum (multiplicative)
di�erence between the value of the LP and the discrete problem. The rounding
algorithms above show that the integrality gap of the metric LP relaxation (10.1) is
at most O(log n) for uniform sparsest cut (or O(log k) for k commodity pairs). We
want to find a lower bound on the integrality gap as tight as possible.

Consider sparsest cut. The LP asks for the sparsest metric. The sparsest cut
is at most a O(log n)-multiplicative factor greater then the sparsity of the sparsest
metric. We want to find a family of graphs where the sparsest cut is at least a
�(log n)-multiplicative factor greater than the sparsest metric. We will show this for
a family of graphs called constant-degree expanders.

An unweighted, undirected graph G is a Ï-expander if for all sets S µ V ,

|”(S)| Ø Ï min{|S|, |S̄|}.

The definition extends to weighted graphs by replacing the LHS with the weight of
the cut. We only need to consider unweighted graphs for our lower bound.

An obvious example of a graph with high expansion is a clique, i.e., a complete
graph. The clique on n vertices has expansion n/2. An obvious example of a graph
with low expansion is a tree; a tree on n vertices has expansion �(1/n). As noted in
the introduction, expansion and uniform sparsity are, up to scaling, within a constant
factor of one another. Sparse cuts imply low expansion and high expansion imply no
sparse cuts.

The clique and tree examples reflects a general intuition that high expansion
is correlated with many edges in the graph. But in fact this is not necessarily so:
there exists graphs with constant expansion (much higher than a tree) but constant
maximum degree (like a tree, and unlike a clique).

Theorem 10.15. There exists constants c, d such that for all su�ciently large n,
there exists a c-expander with n vertices and maximum degree d.

The fact that a very small (constant degree) graph can be strongly connected
(i.e., have large expansion) has vast and profound consequences. We will see this
phenomena realized in a few di�erent places in this course. Below we will prove
theorem 10.15 by showing that the union a constant number of uniformly random,
perfect matchings is an expander with nonzero probability. First, we use theorem 10.15
to lower bound the integrality gap.
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10.4.1 Integrality gap for uniform sparsest cut

Theorem 10.16. Integrality gap for uniform sparsest cut is O(log n).

Proof. By theorem 10.15, let G be an n-vertex c-expander with maximum degree d,
where c and d are universal constants. For every set of vertices S, we have

(sparsity of ”(S)) = |”(|S|)|
|S||S̄|

(a)
Ø c min{|S|, |S̄|}

|S||S̄| Ø c

n

where (a) invokes the definition of a c-expander.
By LP duality, the sparest metric has sparsity equal to the maximum throughput

⁄ of any concurrent flow. We claim that any concurrent flow has throughput ⁄ at
most O(1/n log n). Then multiplicative di�erence between c/n and O(1/n log n) is
�(log n), as desired.

To upper bound ⁄, we argue that, since G has constant maximum degree, for
almost every (s, t)-pair, the length of the shortest (s, t)-path is at least (roughly) log n.
This implies that all the flow paths in the concurrent flow has at last log n, and almost
every (s, t)-pair requires a total capacity of ⁄. Meanwhile the total capacity of the
graph is limited because G is sparse, which leads to an upper bound on ⁄.

To this end, fix s. Since G has maximum degree d, there are at most d vertices at
distance 1 from s, at most d2 vertices at distance 2 from s, and so forth. In general
there are O(di) vertices at distance i or less from s. For h = logd(n)/2, there are at
most O(

Ô
n) vertices at distance h or less from i. This leaves n ≠ O(

Ô
n) vertices at

distance h = �(log n) or greater from s. Over all s, there are (1 ≠ o(1))
1

n
2

2
pairs (s, t)

at distance �(log n).
It follows that any concurrent flow with through ⁄ – which, in particular, sends ⁄

units of flow between �(n2) (s, t)-pairs at distance �(log n) – requires a total capacity
of O(n2 log(n)⁄). But the total capacity in the constant degree expander is O(n). So
⁄ Æ O(1/n log n).

Remark 10.17. The proof above used to constant maximum degree to argue that
most (s, t)-pairs are at distance �(log n). Meanwhile one can show that a graph with
constant expansion has diameter O(log n)1. See exercise 10.6.

10.4.2 A few random matchings make an expander

We now turn to proving theorem 10.15. While a proof of existence would su�ce, we
will prove theorem 10.15 via a very simple, randomized construction (for n even):

1The diameter of a graph is the maximum (s, t)-distance among all (s, t) pairs.
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namely, for a fixed set of n vertices, the union of a few (independently sampled)
uniformly random perfect matchings over these n vertices has constant expansion.
We remark that there are many other constructions and in particular there is interest
in questions such as deterministic constructions, implicit constructions of very large
expanders with compact oracle access, and extreme families such as Ramanujan
graphs.

Theorem 10.18. Let n be even and su�ciently large. There exists constants c, d > 0
such that the union of d independent and uniformly random matchings of a set of n
vertices form a c-expander with high probability.

Proof. Let d œ N be a parameter to be determined, and consider the union of d perfect
matchings over a fixed set of n vertices. We want to show that for every set S of size
|S| Æ n/2, |”(S)| Ø c|S| for some constant c.

We reframe this claim as follows. Let S µ V be of size k
def= |S| Æ n/2. Let

T ™ V \ S be of size |T | = k/6.
Claim. With nonzero probability, for all such S and T , some vertex in S is matched
to a vertex outside S fi T .

The claim directly implies that, for all sets S with at most n/2 vertices,
|N(S) fi S| Ø (7/6)|S|. (Otherwise take T = N(S) \ S.) In turn, for all such S,
we have

|”(S)| Ø |N(S) fi S| ≠ |S| Ø |S|/6,

as desired.
We will prove the claim probabilistically: our first goal is to fix S and T , and

bound the probability that all of S is matched to S fi T .
To this end, for fixed S and T , consider the following randomized procedure for

generating a perfect matching.

1. Index the vertices v1, . . . , vn such that S = {v1, . . . , vk} and T =Ó
vk+1, . . . , v7k/6

Ô
.

2. Repeat n/2 times:
(a) Let vi be the unmatched vertex of smallest index
(b) Sample vj among the remaining unmatched vertices uniformly

at random.
(c) Match vi with vj

While this procedure might appear biased by S and T , we argue that it is not.
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Claim. The above steps generate a uniformly random perfect matching.
Indeed, observe that each random choice in the procedure leads to a di�erent

matching. There are (n ≠ 1)(n ≠ 3) · · · 1 possible outcomes and all are equally likely.
There are also (n ≠ 1)(n ≠ 3) · · · 1 possible matchings. This proves the claim.

Thus we may assume that our d perfect matchings are generated by the procedure
above. Now, for a single matching, the probability that S is matched to (S fi T )
is bounded above by probability that first k/2 choices of vj’s are in S fi T . The
probability of this is bounded above by

k/2Ÿ

i=1

(7/6)k ≠ 2i + 1
n ≠ 2i + 1

(a)
Æ

k/2Ÿ

i=k/3+1

A
k/2
n/2

B

=
A

k

n

Bk/6

Æ
A

n

k

B≠1/6

.

In (a) we observe that

(7/6)k ≠ 2i + 1 Æ k/2 i� i Ø k/3 + 1/2

and that

n ≠ 2i + 1 Ø n/2 i� i Æ n/4 + 1/2, if i Æ k/2 + 1/2

For d matchings, the probability that S is matched to (S fi T ) in all d matchings is
bounded above by

1
n
k

2≠d/6

Now we take a union bound over all choices of S and T .
We have

A
n

7k/6

BA
7k/6

k

BA
n

k

B≠d/6

=
A

n

k

B
1≠d/6

Æ
A

n

k

B≠�(d)

for a su�ciently large constant d.Taking a union bound over k = 1, 2, . . . , n/2, we
conclude that with high probability, all sets S with |S| Æ n/2 have at least |S|/6
neighbors. So the union of a constant number of random matchings is a (1/6)-
expander.

10.5 Application: Minimum bisection

A bisection is a partition of the vertices V into (S, S̄) of (essentially) equal size:
Ân/2Ê Æ |S|, |S̄| Æ Án/2Ë. Alternatively a bisection can be defined in terms of cuts
as a set of edges whose removal leaves the graph with connected components of at
most Án/2Ë vertices each. In any case the minimum bisection problem is to compute
a vertex set S µ V of size |S| = Ân/2Ê minimizing the cost of the cut, c(”(S)).
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There is a natural connection between minimum bisection and the sparsest cut
– the minimum bisection problem can be recast as the restricting the sparsest cut
problem to vertex sets with exactly half the vertices.

The following algorithm uses a O(log n)-approximation for uniform sparsest to
obtain a bicriteria-approximation algorithm. In particular, it returns a (1/3)-balanced
partition (S, S̄) – that is, n/3 Æ |S| Æ 2n/3 – with cost at most O(log n) times the
cost of the minimum bisection. The algorithm is very simple. It repeatedly computes
the sparsest cut and removes the smaller side from the graph, until the number of
vertices removed is at least n/3 (and necessarily at most 2n/3).

1. For i = 1, 2, . . .

A. Si Ω smaller side of a O(log n)-approximate uniform sparsest cut.
B. If |S1| fi · · · fi |Si| Ø n/3

1. return (S1 fi · · · fi Si, V ≠ (S1 fi · · · fi Si)).
C. Else remove Si and all incident edges form the graph, and repeat.

It is (relatively) easy to see why the algorithm returns a (1/3)-balanced cut; it
remains to show that the cost is comparable to that of the minimum bisection. The
intuition is as follows. Suppose for simplicity we have an exact algorithm for the
sparsest cut. The sparsest cut is very close to the minimum (weighted) expansion,
which we recall is the cost of the cut divided by the number of vertices on the smaller
side of the cut. In particular this ratio for the sparsest cut is no worse than that of
the minimum bisection. If the sparsest cut is balanced, then its cost is comparable to
the minimum cost bisection. While its not balanced, we can interpret the sparsest
cut as removing some vertices from the graph at the cost of the edges being cut. The
ratio of vertices removed per unit cost – the bang-for-buck, so to speak – is at least as
good. So we are gradually removing vertices while paying a favorable rate compared
to the minimum cost bisection.

There are some additional details to take care of – for one, the minimum bisection
in the input graph may no longer be a minimum bisection in the residual graphs,
although it will still be somewhat balanced as long as we haven’t removed n/3 vertices
yet. Also we only have a O(log n)-approximation for the sparsest cut, which will imply
that we pay an additional O(log n) factor throughout the argument. exercise 10.3
guides the reader through a formal proof of the argument.

Theorem 10.19. In polynomial time, one can compute (1/3)-balanced cut with total
cost at most a O(log n)-factor greater than the minimum bisection.
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10.6 Exercises

Exercise 10.1. Prove lemma 10.4.
Exercise 10.2. Recall the randomized O(log n) approximation algorithm for sparsest
cut based on L1-embeddings. Show how to adjust the algorithm and analysis to obtain
a randomized O(log k) approximation factor where k is the number of commodities
with nonzero demand.
Exercise 10.3. Recall the bicriteria approximation algorithm for the minimum
bisection problem from section 10.5.

1. Show that the algorithm returns a 1/3-balanced cut.

2. For each iteration i, w/r/t the graph remaining at iteration i, we have
c(”(Si))

|Si|
Æ O(log(n))OPT

n
.

3. Combine the two parts above to prove that the algorithm returns a 1/3-balanced
cut of size O(log n) OPT.

Exercise 10.4. One generalization of uniform sparsest cut is to directed graphs. Here
one is given a directed graph G with edge costs c; the (directed, out-) sparsity of a
set S is defined

c(”+(S))
|S||S̄|

where we recall that ”+(S) is the directed cut of edges leaving S. The directed uniform
sparsest cut problem to find the set S minimized the directed sparsity just defined.
Extend Leighton and Rao’s algorithm [LR99] to obtain a O(log n) approximation for
the directed uniform sparsest cut2.
Exercise 10.5. One can also consider the bisection problem in directed graphs. Here
the goal is to find a vertex set S of size Ân/2Ê Æ |S| Æ Án/2Ë minimizing the cost
of the directed cut c(”+(S)). Suppose one had access to a O(log n) approximation
algorithm for uniform directed sparsest cut (as described in exercise 10.4). Using
this as a subroutine, design and analyze an algorithm that obtains a bicriteria
approximation algorithm for the minimum directed bisection problem with essentially
the same approximation bicriteria for the undirected setting: compute a set S with
n/3 Æ |S| Æ 2n/3 with cost c(”+(S)) at most a O(log n)-factor greater than that of
the minimum directed bisection.

2This is not an easy exercise.
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Exercise 10.6. Prove that any graph G with constant expansion has diameter
O(log n).

10.7 Additional notes and references

One can do better than a O(log n) approximation for uniform sparsest cut – Arora,
Rao, and Vazirani [ARV09] gave a O

1Ò
log n

2
via semi-definite programming and

ideas from high-dimensional geometry. We may discuss this result later in the course;
in the meantime we refer the reader to lecture notes by Rothvoss [Rot16].

We refer to Spielman [Spi19] and Trevisan [Tre16] for further background on
expanders, especially in the context of spectral graph theory. ?? follows the proof in
[Tre16].
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