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Chapter 1

Introduction

The probabilistic method was spearheaded by Paul Erdds to an extend that it is
sometimes called the “Erd6s method”. By now it is one of the standard tech-
niques in combinatorics and other areas of discrete mathematics as well as the-
oretical computer science. Simply phrased, the idea is to prove the statement of
a theorem or prove the existence of an object using probability. The goal of these
lecture notes is to give an introduction into the probabilistic method and the in-
volved techniques, where we have a preference for elegant solutions rather than
intricate calculations. In particular we will rarely care about the exact constants
in order to keep the exposition as clean as possible. Parts of this text will follow
the excellent textbook of Alon and Spencer [AS16], but we will also see applica-
tions found elsewhere.

1.1 Ramsey Graphs

While there have been earlier applications, probably one result by Erd6s from
1947 popularized the probabilistic method. The question back in 1947 was whether
there are undirected graphs G = (V, E) that have neither a large clique, nor a large
anti-clique. Here a cliqueis aset S < V so that the induced subgraph G[S] is com-
plete, while S is an anti-clique if G[S] contains no edges. Recall that the induced
subgraph G[S] = (S, {{u, v} € E | u,v € S}) is the graph on nodes S that “inherits”
exactly the edges contained in S. Also recall that N(u) := {v € V | {u, v} € E} is the
neighborhood of a node u € V. And the “first theorem” of Ramsey Theory shows
that there has to be atleast a clique or anti-clique of logarithmic size inany graph.

Lemma 1.1. Any n-node graph contains either a clique or anti-clique of size % log, (n).

Proof. We prove the following claim by induction over k + ¢:

5



6 CHAPTER 1. INTRODUCTION

Claim. Any graph on n = 2% nodes contains either a k-clique or an ¢-anti-
clique.

Proof of claim. Fix a node v. If [N(v)| = n/2 then G[N(v)] has at least 2(k-D+¢
nodes so it either contains a size-¢ anti-clique or it contains a (k—1)-clique which
we can extend to a k-clique by adding v. The other case is that |V \ ({v}U N(v))| =
n/2 in which we can similarly argue that there is either a k clique or an (¢ —1)

anti-clique not incident to v. O
In particular a 22f-node graph must contain either a k-clique or k-anticlique,
which then gives the claim. O

Usually one defines R(k,¢) as the minimum integer so that every graph with
at least R(k,?) nodes contains either a k-clique or a #-anti clique. For example
R(3,3) = 6, which is often quoted as the fact that at every party with at least 6
people, there are either 3 people who all know each other or 3 people who all do
not know each other.

Somewhat surprisingly there are indeed graphs without a w(logn) clique or
anti-clique.

Theorem 1.2. For any n there is a graph without a 21og, (n) + O(1) clique or anti-
clique.

Proof. We pick a graph G = ([n], E) at random where every possible edge {u, v} is
inserted into the graph independently with probability 1/2. Fix k := 2log,(n) + C
for a big constant C. By symmetry it suffices to show that the probability that a k-
clique exists is less than 1/2. And we can bound that probability by the expected
number of k-cliques:

ScViSI=k k
pko—k212+k _ ology(n)k—k*/2+k

IA

PriEk-cliqueinG] = Y. PrGIS] iscomplete]s(")-z—('z“)
1
2

for our choice of k. O

The proof was essentially trivial. But it is surprisingly hard to come up with
an inherently different construction of a graph without a large clique or anti-
clique. In fact no non-probabilistic construction of a graph without O(logn)-
clique or anti-clique is known! Apparently this is a deeper problem of construct-
ing a random-like object without the use of randomness. The best explicit con-
struction by Barak, Rao, Shaltiel and Wigderson [BRSW06] provides an n-node

. . .. . 2log! =€ (log(m)
graph without a clique or anti-clique of size 2 .
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As a second remark, the line of arguments where we set up a random ex-
periment and then reason using the expectation (here the expected number of
cliques/anticliques) is also called the First Moment Method. Often these types of
proofs are the easiest probabilistic proofs.

1.2 Balancing lights

We want to study another application where it will be advantageous to construct
the desired object by a mix ob randomization and deterministic choice. Suppose
we have an n x n array of lights in some initial state where each light is either
on or off. We have 2n switches, one for each horizontal line and one for each
vertical line that switches the whole line. The question is: given any adversarial
initial state of the lights, how many lights can be guaranteed to be turned on? In
particular how much more than just half the lights can be switched on?

swit. swit. swit. swit.

switch ———Q— —Q——Q——Q
switch ———d)- -(l.)---d)---d)

switch === Or=-O=- -0
| | | |
switch ---Cl)-—-Cl)--{{)---CI)

2
Lemma 1.3. One can always turn switches so that % + 0(n®?) many lights are
on.

Proof. We can formalize the claim as follows: Given a matrix A € {—1, 1}'"*", show
that there are x,y € {—1,1}" so that xTAy > Q(n%'%). We forget about the signs x
for the moment and pick only y € {—1,1}" uniformly at random. Then the in-
ner product (A;,y) is the sum of n uniform random elements from {-1,1}. In
particular E[|(A;, y)|] = ©(v/n) (we will fill out details in the exercises). Then
Y, 1{A;, )| = ©(n*'?). Now we pick x; := sign((4;, y)) and

n
xTAy =Y x;-(A;,y) =0(1n*?
i=1

as desired. O
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1.3 On the number of disjoint pairs
Suppose that we have a set family F < 21" Let
d(F)={{FF}|EFEF e FwithFnF = ¢}

be the number of disjoint pairs of sets in F. The question that Daykin and ErdH
os where wondering is, how large can || be so that still a good fraction of pairs
is disjoint. For example one could let F be all the subsets of {1,..., 2} plus all the
subsets of {g +1,...,n}. Then at least half the pairs is disjoint and | F| = ©(1) 22
But what happens beyond the threshold of 2’2 many sets? Daykin and Erdés
conjectured that as soon as | F| = 2(z+o)n for some constant 6 > 0 one would have
d(F) < o(|F|?). And indeed this is true, as was proven by Alon and Frankl.

Theorem 1.4 (Alon, Frank 1985). Let F < 2! be a family of | F| = 22+9" sets
where t € N. Then d(F) < |f|2—®(1/t2)-

Proof. We sample independently ¢+ 1 members Aj,..., A;1 € F uniformly from
the set family. Then we estimate that

n union bound
PrilAlU..UApl < < Y PrlA;,.., A S (%)
Sclnl:ISI=2
. /2
independence ( 1+1 n 2" r+1
2 Pria s8] =2 )
Z ) [A1 < S] P
selnlisi=3 % 5
_ on- (=54 _ 5-nlt

Note that if we only had 2"/? many sets and they are subsets of either the first 7/2
or the second 7n/2 elements, then this probability would have been only 279,
Hence we are indeed using the assumption that we have a lot more sets. From
this estimate we can already quickly see thatin 2- (¢ + 1) samples we would very
likely see at least some collisions.

Now we get a more precise analysis. Still, we consider the random experiment
where sets Ay, ..., A;41 € F are drawn at random. Moreover, let

Y:={Be F|BNn(AjU...UA;1) =0}

be the random variable that gives the number of sets disjoint to all of the 7+ 1
samples. The correct intuition will be that E[Y] is going to be a good proxy for

d(F).
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First of all, the bound in (*) implies an upper bound on the expected value of

Y:
n n n
E[Y] < Pr |A1u...uA,;+1|sE]-[E[Y||A1u...uAt+1|sE]+[E[Y||A1u...uAt+1|>E
<o-nit <|F] <oni2
< 2—n/t|f|+2n/2:2.2—n/t'|f'|
N——

=2n/2

It will be convenient to also define disj(B) := |[{A € F | An B = ¢}| as the num-
ber of sets in the family disjoint to B. We can upper bound

=2d(F)
d. . B t+1 1 —_—— t+1 1
=Y (SR 2'J-E"(_z Y disiB) | =gy - @AFNT
BeF | Ml , |71 BeF 71

Pr(B disj. to Aj,...,Az+1]

using Jensen’s inequality and the convexity of x — x’*!. Combining this we have

shown that
2 t+1

W'd(f)tﬂ <[E[Y] Sz,z—n/tu:l

which can be rearranged to
d(F) = 0()-27" D) 72
which gives the claimed bound. O

This result falls into a large category of applications of the probabilistic method,
where it’s not about the existence of some object that is the outcome of a ran-
dom experiment, but about some inequality of deterministic quantities. Often
inequalities can be proven by doing a random experiment that relate the involved
quantities.

1.4 Graphswith high chromatic number and high girth

For an undirected graph G = (V, E), a coloring with k colors isamap c: V —
{1,...,k} so that c(i) # c(j) for all {i, j} € E. We denote x(G) as the minimum
number o colors that are needed to color G. It’s easy to see that if G contains a K
as a subgraph, then y(G) = k. For example below, we see a 3-coloring of a graph.
Clearly there will not be a 2-coloring as the graph contains a 3-clique.
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@/?
N

In general it is NP-hard to determine y(G), but one might wonder what other
obstructions for good colorings there might be. In particular, one might believe
that a graph has a coloring with few colors as long as there are no short cycles.
However, it turns out that this is false. But it is quite non-trivial to construct
example graphs showing this. Let girth(G) denote the smallest number of edges
in any cycle in G and let a(G) denote the size of the largest independent set.

Theorem 1.5 (Erd6s 1959). For any k € N, there is family of graphs that have
girth(G) > k and y(G) > Q(n!/“®),

Proof. Let n be large enough, compared to k. Set d := n'/?®_ We pick a random
graph G = (V,E) on n vertices by inserting each edge independently, say with
probability %. In other words, we a random graph that has about d. In order

to prove that y(G) = v/d, we show that there is not even an independent set of
size % in such a graph. And in fact we can even do so by counting the expected

number of subsets S with |S] = % that do not include an edge:

d\ ("
Pr[a(G)>%] < (n/;z/ﬁ)'(l_ﬁ)

< n”"/a-exp(—%-zll(n/\/ﬁ)z)
< exp(ln(n)-%——-n) <o(1)

That means y(G) = Vd = n''®b with probability 1 - o(1). Now we would love
to show that G will not contain short cycles. But there is a problem here. For
example there are about O(n¥) candidate cycles of length k and each particular
one exists with probability (%)k . Then the expected number of length-k cycles is
of order ©(d5).

That means G will contain a ton of length-k cycles. But there is a way to fix
this. Let X be the number of cycles of length at most k. If we can show that
X < o(n), then we can delete one edge from every cycle and end up with a graph
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with girth(G) > k. Deleting edges might decrease the chromatic number, but
there will be, say n/2 many nodes U that did not have any incident edge deleted.
That subgraph G[U] will satisfy the claim. Back to our estimates on the number
of cycles:

Eop(dy k
EXI<) n'-(2) <k-d*=k-va<om
=3 n
In particular Pr(X = 7] < o(1) if n > k. O

The line of arguments that we have seen here is also called the method of al-
terations where in general one sets up a random experiment that gives an object
that does not quite satisfy the desired requirements. Then one has a 2nd round
in which the object is modified.

1.5 The Rodl Nibble

How many matchings does it take to cover all the vertices in a complete n-node
graph? Trivially [n/2] many. How many triangles does it take to cover all the
edges in a complete graph? This already requires some thoughts. The number
must be at least 1 - (}) = 12, but it is not fully trivial whether this bound can be
achieved.

And in fact, we want to consider this question in more generality. Let H,, , =
([n],€) be the complete r-uniform hypergraph, meaning that the hyperedges are
& =("). We define

M(n, k, ¢) := # min edges of H,, x needed to cover all edges in H ,, ¢

[

Example: size ¢ = 3 edge covered by a size k =5 edge

Note that ¢ has (,) many edges and every edge of #,, x can cover at most (’lf)
of these, so
(2)

M(n,k,0) = ——
(2)
Erdés and Hanani conjectured in 1963 that this bound can be achieved asymp-
totically. It took two decades until this was proven by Rodl:
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Theorem 1.6 (Rodl 1985). For all2 < ¢ < k one has
M(n) k; 2) n—oo
k
(/)

By now there are also algebraic constructions known, but Rodl’s proof tech-
nique is robust and quite useful in other settings. We prove the more general
statement that guarantees the existence of near perfect coverings in a hyper-
graph. Later we will argue how it implies Rodl’s Theorem. For a hypergraph
H = (V,&) we denote dp (i) as the degree of a vertex i € V. Moreover, for a pair of
nodes i, j € V we let dg (i, j) be the number of edges containing both nodes. We
will omit the index H if it is clear from context. A cover is a set of edges F < £ with
Ueer e = [n]. Rodl proved that under some assumptions a hypergraph contains

an almost perfect cover (here the order of the quantifiers should be understood
asVreZs», K=1,6 >03Dy,¢):

Theorem 1.7 (Existence of almost perfect covers in hypergraphs). Fix arbitrary
constantsr € Zs, and K = 1. Let H = ([n],£) be an r-uniform hypergraph with
n =D = Dy satisfying

1. Every vertex i € [n] but at most en many of them one has d(i) = (1 +¢€)-D.
2. Foralli eV one has atleast1 <d(i)<K-D.
3. For any distinct nodes i, j € [n] one has d(i, j) < eD.

Then there is a cover of (1 + ) - ©- edges where (¢ — 0 and Dy — o) = § — 0.

We should first convince ourselfs that the naive proof strategy must fail. Sup-
pose we sample each hyper edge of with probability % so that each node is cov-
ered in expectation once, but the probability of being covered is only at least 1— %
The solution is that we only take small “bites” or “nibbles” of hyperedges in the
sense that we only sample a very small fraction of edges. The lemma character-
izing a successful “bite” is as follows (again the order of the quantifiers should be
understood as Vr € Z-,,K=1,0 >0,a > 03Dy, €):

Lemma 1.8. Fix arbitrary constants r € Z-,, K =1 and a > 0. Let H = ([n],£) be
an r-uniform hypergraph with n = D = Dy, satisfying the following:

i) All vertices i € V except at most en of them have d(i) = (1+¢€)D.
ii) Foralli€ [n] onehasd(i) <K-D.

iii) Any two vertices i, j satisfy d(i, j) < €D.
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Then there is a set £’ < € of hyperedges so that
A) 1€ =a-2-1£0).
(B) ThesetV':=V \U,ec¢' e of uncovered nodes has size |V'|=n-e*-(1£0).

(C) For all uncovered verticesi € V' except§|V'| of them, the degree d' (i) in the
induced hypergraph H' = (V',{e€ E:ec V') isd'(i) = D-e *U~D.(1+0).

Again one has (¢ — 0 and Dy — co) = 6 — 0.

It is important that after an application of Lemmal[l.8 we can still guarantee
the same regularity for the remaining hypergraph H' that we had before so that
Lemmal[L.8 can be applied again. We can visualize Lemma[I.8las follows:

<> ‘
[ [ L] /.I [ ] [ ]
4
1
1
1

E'> //
° ° ° ° e °

N AN J/

~
Nodes covered almost
perfectly by &£’

hypergraph H' on nodes V'

Proof of Lemmall.8. We pick a random subset £’ € £ that contains every edge
independently with probability %. In order to keep the notation simple we will
write K = O(1) and we write o(1) instead of introducing a sequence of various
constants depending on ¢ that all tend to 0. The way to interpret this is that as
we send € — 0 and Dy — oo, also the expression hidden by o(1) will go to 0.

Note that the assumptions on uniformity and degree imply that |£] = @ .
(1+0(1)) and hence E[|€']] = (1 £ o(1)) - #%. Then (A) follows from concentration

bounds like Chernov. We call a node i good if it satisfies the degree bound d (i) =
(1+¢):-D fromi). Let

e 1 ifi¢Ueesr e
"0 otherwise

be the indicator variable telling whether i is uncovered. In fact, the probability
that i is uncovered is

e %-(1+o0(1)).

( a)d(i) if i is good
D

Since most vertices are good anyway, this implies that E[|V'|] = ne”*(1 + 0(1)).
However, the expectation will not be enough to control the behavior of |V'|. We
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will also bound the variance of the random variable |V’|. First, for distinct nodes
i, j € [n] we have

Covil; I;] = [E[I'I']—[E[I'][E[H—(l—g)d(i)+d(j)_d(i’j)_( _E)”’“)*d(ﬁ
120 4] i j D D
a\-d@i,j)  d(i,j)<o(D)
< (1-5) -1 e

D

In particular we have used that E[I;I;] is the probability that both nodes are un-
covered, which requires that none of the d(i)+d(j)—d(i, j) many incident hyper-
edges is sampled. Then we can bound the variance of the number of uncovered
nodes by

n
Var[|[V'[]= Y Var[I;J+ Y Covll;, ;] <n+o(n®) < o(n?)
i=1 i,jelnl:i#j

Then Chebychev’s Inequali tells us that |V'| = (1+0(1))-E[|V'|] with probability
at least 0.99 and we have (B).

It remains to prove that the degrees of most nodes in V' are as claimed in (C).
Note that the hypergraph H' inherits only the hyperedges completely contained
in V', First note that all but o(n) many nodes i € [n] satisfy

(D d@@)=1%0(1))-D.

(I) All but at most o(D) many edges e€ (i) satisfy |[{f € E:i ¢ f, fne# @} =
(1+x0(1))-(r—1)-D.

Here () is one of the assumptions. For (II) note that (ignoring the outliers) each
of the r — 1 vertices in e\ {i} have degree D - (1 + 0(1)) and there are only o(D)
many edges containing i and one or more other nodes in e\ {i}. Consider a node
i satisfying (I) and (II). We call an edge e € 6 (i) good if it satisfies the condition
in (I). For such a good edge, the chance that it stays in H' is

) a\(1+xo(1)-(r-1)D plarge _ a-(r—
Prlec V’IzeV’]:(l—B) 28 g xo)-a-r=1)

The degree of i is mostly controlled by the number of good edges as there are
o(D) bad ones and so

Eld' (i) |ieV'I=D-exp(-(1+0(1)-a(r-1))

Recall that Chebychev'’s Inequality says that for any random variable X and any A > 0 one
has Pr[| X —E[X]| = A+ vVar[X]] < % Also recall that the variance is Var[X] := E[(X — E[X])?] =
E[X?] — E[X]?. Also it is useful to remember that if X = Xj +... + X, is the sum of (not nec-
essarily independent) random variables, then Var[X] = Y, Var[X;] + ¥;x; Cov[X;, X;] where

Covl[X;, X;]:= E[X; X;] - E[X;]E[X;] is the covariance of the pair (X;, X;).
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Again, we need to show that d’(i) is also close to its expecation with high prob-
ability and again we will estimate the variance for that purpose. Let I, be the
indicator random variable for the event e € V'. Then

Var[d'(i) i€ V'] < Eld'()|ieV1+ Y Covll,IflieV']
—_—

e, febp(i)™ ~~ d
<(1+o0(1))-D lenfI>1 <1
——
<o0(D?)
+ Y Covll,Iflie V'] <0(D?
e, fedp(i)™ ~~ ~
enf={i} <o(1) by (%)

It remains to argue why (*) holds. Fix two edges e, f € 6 y(i) with en f = {i}. The
events {ec V' | i€ V'} and {f < V' | i € V'} are not necessarily independent as
there can be edges h that overlap both e and f. Let t(e,f):=|{he & | hne #
@,hn f #@,i ¢ h}| be the number of such intersecting edges h.

The number of such edges is (e, f) < (r — 1)?- 0(D) < o(D) and using a simi-
lar estimate as earlier we can write Cov[Ie,If lieV]<(1- %)_t(e'f) —-1=<o0(1).
Then again Pr[d’ (i) ¢ (1+0(1))- e~ %=1 < (1) and we have proven all necessary
claims. O

Now we can show the main Theorem.

Proof of Theorem[1.ZZ Suppose the goal is a cover of an r-uniform hypergraph
with only (1 +6)% many edges. We apply the previous lemma where the “size of
the bite” is a tiny constant « := g and we apply Lemmal([l.8 ¢ := éln(%r) many
times. We consider r and «a as fixed and have € = o(1) and N, D — co. We obtain
a sequence of smaller and smaller hypergraphs H; = (V;, ;) with approximate
degree D;. The number of non-covered nodes after ¢ iterations is

a an
Vel < V] (e-*U=0E < ne—-(1+o)<—
r r

In every of the ¢ iterations, we can compare the number of nodes that are covered
with the number of sampled edges and see that the ratio always satisfies

edges sampled initeration  F-(1+0(1)) 1+a

— — = — <
nodes covered in iteration 1 — e~ ®(*o(1) r
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In particular that means we are sampling (1 + @) many edges in total to cover
n-(1-%) many nodes. We should mention that some number of o(n) nodes in the
original hypergraph might start with degree D - (1 + 0(1)) and remain uncovered
while the degree does not go down in a controlled way. But the original degree of
D is of the form O(D;) which is sufficient.

Finally we cover the remaining nodes with one private edge per node. That
provides a cover of size (1+a)% + % -n = (1+2a)%. This shows the claim. O

If the use of the nibble technique is still arcane to the reader, it maybe helpful
that the following sampling method is “morally equivalent”: take the approxi-
mately regular hypergraph H = (V,£) and for each hyperedge e € £ pick a uni-
form random number s, € [0,1]. Now sort the edges £ = {ey,..., e} so that 0 <
Sey < Sep < ... < Se,, < 1. We create a matching £’ c £ as follows. Starting with
&' := @ and consider the indices i = 1,...,m in increasing order. Add e; to &' if
e; does not overlap any edge that was previously added to £’. Then similarly &£’
should end up being a matching that covers a 1 — o(1) fraction of nodes.

Now we can prove the Erdds-Hanani Conjecture:

Theorem 1.9 (R6dl 1985). The complete ¢ -uniform hypergraph H ,, ¢ can be cov-
ered with (1+0(1))- (7)/(}) edges from H,, . as n — co.

Proof. We define a hypergraph H = (V, E) with nodes V := ([Z]) and edges E =

{[“;) |Se ([Z])}. Observe that this graph has |V| = (})) vertices and is (’[f)-uniform.

The degree of the vertices is D := (’;:5) as for every ¢-tuple S; € V an edge is ob-

tained by picking S, € ([';C]_\‘;l) and taking the hyperedge corresponding to subsets

of $1US,. Two distinct vertices S, S, € () lie in at most (}~5-1) = o(D) many
.. . . 14
joint hyperedges as n — co. Hence there is a cover of H with only (1 + o(1)) - lzT)l
hyperedges. O

1.6 Independent Sets in Locally Sparse Graphs

Consider an undirected graph G = (V, E) with |V| = n nodes and maximum de-
gree d. One might wonder what size of an independent set one can guaran-
tee, only depending on those parameters. It is an easy exercise to find an in-
dependent set of size /5 (even in polynomial time). And this bound is tight
if the graph consists of disjoint unions of (d + 1)-size cliques. But maybe if the
graph is locally sparse one could do better? A result of Ajtai, Komlés and Sze-
merédi [AKS81] showed that in a triangle-free graph, there is always an inde-
pendent set of size Q(5log(d)). Shearer [She83]| later found a simpler and quite
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elegant proof, see also Chapter 6 in the textbook of Tao and Vu [TV10]. From
the proofs it quickly becomes clear that the key property is that neighborhoods
N(v) need to contain large independent sets. We will see here a generalization
of the result by Alon [Alo96], telling that a graph where each neighborhood N(v)
is O(1)-colorable contains an independent set of size Q(7 log(d)). Note that this
is indeed a generalization as a graph is triangle-free if and only if each neighbor-
hood N(v) is 1-colorable.

Theorem 1.10. Let G = (V, E) be a graph with maximum degree d where each

neighborhood N(v) is r-colorable. Then G contains an independent set of size

n log(d)
Q(E “Tog(r) ).

Proof. Let 7 :={S < V | Sisindependent set} be the family of all independent
sets in the graph. We consider the random experiment where we draw S ~ 7
uniformly at random. Our goal is to somehow argue that S is large in expectation.
We consider the random variable

Xy:=d- ISn{v}|+|SN N(v)|

for each node v € V. The sum over those random variables is a good proxy for
the size of S since

E| ZVX] =d-E| ZV|Sn{v}|] +E| ZV|SmN(v)|] <2d-E[|S]

-~

=|S| =d|S|

We will prove that indeed E[X,] > Q(llzg((f))) for each node, which then completes

the claim. The trick is to lower bound E[ X, | ..] where we condition on what hap-
pens outside of v’s neighborhood.

— V\U

N(v)

Claim I. For v € V, abbreviate U := {v} U N(v) and fix any independent set Sy <
V\U. Then

logd
E[X,|SN(V\U)=S,] EQ(logr)
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Proof of claim. Let J := {# € N(v) | u notincident to S»}. Define Z; := {S; € J |
S) is independent set}. For each S; € Z; u {v}, also S1US; is an independent set
and they have to be sampled with uniform probability. In particular that means
that SN U (conditioned on Sy) produces a uniform sample from Z; U {v}. Then

d |Z1|
ELX,] = d-EISNn{v}]+EISNN@)|] = +—1 E _[1S1]]
— |Zi1+1  |Z1]+1 s~y
—_1 N e’
IZ71+1 =1/2 EQ(log(IIlD) (%)

log(r)

log|Z7|y (xx I
d +Q( og| 1')(2)9( og(d))
|Z7]+1 log(r) log(r)

For (**) we use that if |Z;| < V/d, then the first terms is already Qd) andif |Z;| =
V/d then the 2nd term is large.

It still remains to argue (*). Let us define a parameter 0 < § < 1 so that |Z;| =
201 As N(v) is r-colorable, 77, must contain at least all subsets of a |J|/r-size
independent set. That implies that 2//'" < |Z,| = 2°V! and consequently § = %
Intuitively, this means that 7, is a fairly dense family of subsets of J. In particular

we can use the estimate that we are about to prove as Claim II to get:

Clagnﬂg( l]|-6 )52%,|]|52:10g2(11)Q(log(|zl|))

E, Ll log(1/9) log(r)

S1 ~Il
that will finish the proof. O
Claim II. Let F < 2" pe a family of | F| = 20m many subsets. Then Es-rl|S|] =
8
Qiogiirs)-
Proof of claim. Let us define the binary entropy function h : [0,1] — [0,1] by
h(x) := xlog, (1) + (1 - x) log, ().

0 -
0 1/2 1

For arandom variable X, one defines the entropy as H(X) = }_, Pr[X = x]-log, m
where the sum ranges over all events. For example h(x) gives the entropy of a
coin that gives head with probability x and tail with probability 1 — x. One useful
property of entropy is that it is subadditive. In particular if ¥ € R is a random
vector, then H(Y) < ?i , H(Y}), meaning that the total entropy is at most the
sum of the entropy of the coordinates. Another useful fact is that the uniform
distribution over N elements has entropy log, (N).
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Now sample a uniform element S ~ F and let Y € {0, 1}'" be the characteristic
vector of S. We abbreviate a := %S”. Then we can estimate that

subadditivity J7 m
om = log, (IF1) = H(Y) < Y H(Y) = Zh([E[Yi])

i=1 i=1

concavity E[IS|] | h(x)=2xlog(3) 1
< mh(u) < Zamlog(—)
a

m
~——

=a
Here we use Jensen’s inequality with the concavity of 4. The inequality can be
rearranged to a = 6(10g+/6))- O

For a better intuition, let us revisit the arguments of the proof for r = 9(1).
If an adversary picks the set S, so that there are less than v/d many indepen-
dent sets in {v} U N(v), then the chance that v is picked is at least ﬁ and hence

X, = ©(v/d). On the other hand, suppose S» is picked so that there are a lot of
independent sets so that v’s contribution is not enough. Say we have |Z;| = d.
But if these are all the independent sets contained in J and J is O(1)-colorable,
then we know that | /| < O(logd). In particular the average set from Z; must quite
large, at least |S| = Q(logd).

We also want to comment on the bound behind Claim II. The inequality in-
deed gives the right asymptotics. For example if | F| = 290" it is rather intuitive
that the average set in F must have size ©(m). For the other end of the spectrum
suppose that | F| = poly(m) = 2% with § = % and the average size is at least

1 .
O (oatrsy) = O emy) = ©(1) as it should be.

1.7 Open problems
The exact range of Ramsey numbers is still unknown. The best estimates are
O (k) - 2572 < R(k, k) < 22k~-©og(k)*/loglogh)

which still leaves a significant gap [CFS15]. As of today also smaller Ramsey num-
bers such as R(5,5) are unknown. A related open problem is the Erdds-Hajnal
Conjecture that for every fixed graph H the following holds: A graph G = (V, E) on
n-vertices that does not have H as an induced subgraph must have a clique or
independent set of size n°™, where c(H) > 0 is a constant only depending on H.
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1.8 Exercises

Exercise 1.1. Prove that for all k, r € N, there exists a constant N(k, r) so that the
following holds: Let K, = ([n], E) be the complete graph on n = N(k,r) nodes
and let y : E — {1,..., k} be a coloring of the edges with k colors. Then there is a
monochromatic subgraph with at least r nodes.

Exercise 1.2. Let X = X +...+ X, where Xj,..., X;, € {—1, 1} are independent ran-
dom variables with Pr[X; = 1] = Pr[X; = -1] = % Prove that E[| X|] = ©(v/n).
Remark. There are certainly many ways to prove this fact. Can you come up with
a short elementary argument?

Exercise 1.3. We call a set A < Z\{0} sum-freeif there are no distinct a;, a,as € A
so that a; + a, = as. Our goal is to prove that any set B = {by,...,b,} < Z\ {0}
contains a subset A < B that is sum-free and has size |A| = n/3.

i) Pick p =3k+2 asalarge prime so that p > 2|b;| for all i and k € N. Consider
the middle third of elements C := {k +1,...,2k + 1}. Prove that there is an
refl,...,p—1}sothat|{r-b modp|beB}nC|=3.

ii) Take the choice of r from i) and define A:={be B | (r-b mod p) € C}.
Prove that A is sum-free.

Exercise 1.4 (From Alon & Spencer [AS16]). Let F < 2" be a family of sets that
is inclusion-free meaning that there are no A, B € F with A c B. Prove that | F| <
([nr/LZJ)'

Hint. Pick a uniform random permutation n : [n] — [n] and consider the random
variable X :=|{i € [n] | {m(1),..., (i)} € F}|.

Exercise 1.5 (From Alon & Spencer [AS16]). Let G = (AUB, E) be a bipartite graph
with 7 vertices in total. Each vertex v € AUB has alist S(v) < {1,..., k} of |S(v)| >
log,(n) many colors. Prove that there is a proper coloring y : AUB — {1,...,k}
where each node v € AUB receives a color y(v) € S(v) from its list.

Exercise 1.6. Provide a family of graphs G = (V, E) which is triangle-free and in
which every node has degree ©(d). Moreover 7 := {S < V| S is independent set}
should satisfy the following properties:

1. Thereisanode u € V so that Prg_7[ue S] < 0(%) if d — oo.
2. Thereisanode v e V so that Eg_7[|IN(v) nS|] < o(1).

Exercise 1.7. A d-regular graph G = (V, E) is called a -expander for > 0 if

Vv
6(S)=p-d-|S| VSQV:ISISIS%
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Pick 3 uniform random perfect matchings M;, M», M3 on nodes [n] with n even.
Prove that the graph G = ([n], M} U M U M3) is a 3-regular Q(1)-expander with
good probability (here we count multi-edges with multiplicity).

Exercise 1.8. Recall that for an undirected graph G = (V, E), a matching M < E is
a set of edges that do not share any vertices. Also recall that G is d-regular if all
degrees are d. Moreover we consider graphs without multi-edges and self-loops.

i) Prove the following statement: For every € > 0 there is a dy € N so that
every d-regular graph G = (V, E) with d = dj has a matching with at least
(3 —€)-|V| many edges.

ii) Prove that at least approximate regularity is needed by providing a graph
G = (V, E) where all degrees are in {d,2d} but no matching has more than
|V]/3 many edges.
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Chapter 2

Concentration inequalities

Concentration of measure is a phenomenom that is particularly useful in prob-
abilistic combinatorics. In this chapter, we want to present a variety of powerful
concentration inequalities and theirs proofs. Throughout this chapter we do not
aim to optimize constants but rather focus on a clean exposition of the key ideas.

2.1 Chernov bounds

The most basic case of concentration can be studied for the sum of indepen-
dent random variables. The proof that we will see here follows classical work of
Bernstein and Chernov. The idea is to first estimate the quantity E[exp(zX)] for a
suitable parameter ¢ > 0, and then apply Markov’s inequality.

Theorem 2.1 (Chernov Bound I). Suppose that X;,..., X,, are independent ran-
dom variables with E[X;] = 0 and | X;| < a; where a € IRZO. Then for any A = 0, the

sum X := X; +...+ X, satisfies Pr[| X| = A al»] < 2e~4'/4,

Proof. Let t > 0 be a parameter that we choose later. First suppose that |£-a;| < 1
for each i. Then
eX<l+x+x2V|x|<1

Elexp(£X;)] <
1 i=1

independence

Elexp(£X)]

:j:

- Xz]

~.
Il

Il
s

n c<et
1 X; [X?] 1 e 20 112
(”ww =10+ #a) "5 exp(laly

~
Il
—

=0 <a?
1

Note that if we have some indices i where ta; > 1, we can simply replace X; by
22
it's maximum value and get that E[exp(tX;)] < e'% < " %. In other words, the

23
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estimate above still remains true. Either way,

. . .
PriX > Alaly] =T Pr[exp(tX) > exp(tAllall)] aéw%
2
200 12 1= 3ar; 1.,
< exp(t“llal; —tAllally) < eXp(_ZA)
0

Often one has {0, 1}-events and then a different form of Chernov bound is
useful. We will skip the proof that just uses different parameter settings.

Theorem 2.2 (Chernoff Bound II). Let Xj,..., X, € {0, 1} independent random vari-
ables with X := Xj +...+ X,,. Then for0 < § <1 one has

52
E[IX —E[X]| = 6E[X]] SZexp(—?[E[X]).

An there is one more form that can be useful sometimes:

Theorem 2.3 (Chernoff Bound III). Let X;,..., X,, € {0,1} independent random
variables with X := X +...+ X,,. Then for § > 0 one has

e )[E[X]

Pr(X > (1+d)E[X]] < (m

This expression is slightly more arcane. For all 6 = 2 then Chernov Bound III
can be simplified to as

Pr(X >0 -E[X]] < exp(— ;lln(é) -5-[E[X]).

2.1.1 Qualitative difference between the inequalities

The difference between the Chernov bounds appears rather cosmetic / technical
on first glance. But we want to point out a crucial qualitative difference. For that
sake, we reparameterize the 2nd Chernov bound. Suppose we have independent
random variables Xj,..., X, € {0,1} with Pr[X; = 1] = ‘772 Then it is easy to see that
Var[X;] = @("72) and hence Var[X] = ©(¢?), while also E[X] = n- "72 = ¢2. Then we
pick0 <A <o sothatd = % Then we can rephrase the Chernov Bound II as

Pr || X — ELX]] zg_ﬂ{f_l] SZGXP(‘%Q,Z.«@) zzeXp(_%z)

_A 52 _A2 —g2
= g _U_Z g
——
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which recovers the 1st Chernov bound (ignoring the different constants). But
strangely, in Chernov II we are restricted to have § <1 (or A < g), while this was
not needed for Chernov I. On the other hand, if we reparameterize Chernov III,
then we get Pr[X > E[X]+ Ao] < exp(—@(ln(%)) -A-0), which gives a weaker expo-
nential decay in A.

The explanation is that in the setting of Chernov I, the deviation of the indi-
vidual terms X; is fully controlled by the upper bound of a? on its variance and
even the individual terms themselfs would satisfy a concentration inequality of
the form Pr[| X; — E[X;]| > A - v/Var[X;]] < 2exp(-A?/4) forall A = 0.

Now consider the setting of Chernov II and III — say with Pr(X; = 1] = p;
being small. Then an individual terms gives a deviation of approximately 1 from
the expectation with probability p;. If the deviation parameter § (or A) is small
enough, the the sum X behaves like a Gaussian in terms of concentration (see
Chernov II), but if the parameters § (or 1) are getting too large then the rather
unpredictable behavior of the individual terms dominates.

2.2 Martingale concentration

The proof of the Chernov bounds from above seemed to crucially use indepen-
dence. But it turns out that a weaker concept suffices to get the same strong
concentration effect. For a more detailed reading we refer to Chapter 7 of [AS16].

Consider a sequence Xy, ..., X, of real-valued random variables that satisfy
E[X; | X31,...,Xi—1]1 = X;_;1 fori =1,...,n. Such a sequence is called a Martingale.
In particular, a random variable X; is allowed to depend on the outcomes of the
previous random variables X, ..., X;_1, but in expectation X; needs to coincide
with the previous value X;_;. In particular E[X;] = X, for all i. A classical ex-
ample is a gambler in a casino that only offers “fair” games in the sense that in
expectation the gambler neither wins nor looses money, no matter how he plays.
The gambler may switch between games depending on whether he has a winning
streak or not. But no matter what strategy he uses, his expectation is always 0 and
the probability to deviate significantly is tiny. The simplest form of a Martingale
concentration result is the following:

Theorem 2.4 (Azuma'’s Inequality). Let 0 = Xy, ..., X,, be a Martingale with | X; —
Xi1l<1lforallt=1,...,n. Then for any A = 0 one has

Pr(| X, > AVn] < 2exp(—A2/4).

Actually we will even prove a more general result as we explain later. For
the proof, it will be notationally more convenient to work with the increments
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Y1,..., Y, instead of the summands X; = Y1 +...+ Y;. We will also be lazy and
assume that the sampling space is finite, so that we can talk about probabilities
instead of densities (this does not affect correctness of the concentration results).

We imagine that we sample first Y; ~ D, then Y> ~ D, (Y;) depending on the
previous outcome. Then the tth number is sampled as Y; ~ D;(Y1,..., Y;—_1). As
before, we assume that the distributions are balanced, that means

E [Y,]=0 VYi,...,Y,,
Y ~D¢(171,..., Yio1)

We also assume that | Y| < 1 for any possible outcome of Y;. Our goal will be to
give a concentration result for the sum Y7 | ¥; of those increments.

There is a concrete way to interpret this random process. Consider a tree T =
(V,E) with a node (Y3,..., Y;) for each possible outcome and each ¢ € {0,..., n}.
We insert edges between (Y1,...,Y;_;) and (Y7,...,Y;) that we label with proba-
bility Pr[D;(Y1,..., Ys—1) = Y;]. We also label nodes (Y3, ..., Y;—1) with the variance
Var[D(Yy,..., Y;—1)]. Note that the root corresponds to the empty string @ and
the leafs correspond to “fully determined” vectors (Y3,...,Y,). A path from the
root down to a leaf then corresponds to a sample path. For each node (Y3, ...,Y;)
we define V(Yy,...,Y;) = Zt Var[D;(Y7,...,Y;_1)] as the sum of the variances
suffered on the sample path from the root down to that node.

root @

/ \ / \ / Yr[Dz(Yl)_yz]

(Yl! YZ)

/\ /\ /\ /\ /\ /\Pf[Ds(Yl,Yz) Y3)

o(Y1,Y,,Y3)

sampling tree for n =3

The interesting point about Martingales is that the variance of the random
process may vary a lot for different sample paths.

Theorem 2.5 (Freedman’s Martingale Concentration Inequality). Let0 = Xy, ..., X,
be a Martingale with X; := Y1 +...+ Y; so that |Y;| < 1. Let V[Yy,...,Y,] be the
sum of the variances on the sample path leading to node (Y3,...,Y,). Then for
any A =0 and o = 0 one has

Pr[|X,|=1-0 and V(Yi,..., Y] < 0?| sZexp(—%min{/lz,/l-a})
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Proof. We only show the upper bound. Let0 < a < % be a parameter that we de-
termine later.
Claim. Let @, := exp(aX; —2a?V[Y3,..., Y;]). Then E[®,] < 1 for £ € {0,...,n}.
Proof of claim. Note that the claim says that for every level ¢ in the sampling tree,
the average of @; over nodes in that level is at most 1. Intuitively, ®; is the expo-
nential moment of the Martingale, but we are discounting a factor that is propor-
tional to the suffered variance until that point (and the variance is not necessarily
uniform). The claim is easily proven by inducton. The proof will simply show that
for any node in the tree, if we move to a random child, the expression defining
®; does not increase in expectation.

Now the formal proof. Clearly @, = 1. For a generallevel t > 1, fixany V3,..., Y;_;
— that means @,_; is already determined — and draw Y; ~ D, (Y1, ..., Y;_1). Then

EI®; | Yy,..., Y] = g[exp(a&Xt_1+Ytl—2a2£V[Y1,...,Yt_1]+Var[Yt]l)]
' Z‘E(t =V[Y;...,Y;]

= exp(aXi1-202V (V... Vi) E [exp (oY —2a°VarlY,]))
(- ) t

-
s o 207
CDt_l-E[1+a[E[Yt]+a E[Yt]——-Var[Yt]] -0, |
SSCAR 2

-

IA

=0 A
Here we use the convenient fact that exp(x—y) < 1+ x+ x? — % for-1<x<1and
0 < y < 1. Here we crucially use that | Y;| <1 and Var[V;] <1 and a < % O
Now we can apply the trick of exponentiating and applying Markov’s inequal-

ity that we have used before. Making the choice of & := min{-%, 1} then gives

i003
/10' (% %) 2 AO’
Pr| X, -2aVI¥,... Yalz 2| % Pr[exp(aXn—Za V[Yl,...,Yn])zexp(aT)]
(;;) [E[:]rsl
Markov

A -12. if1>2
R s

2 exp(—3A%)  ifA<20

Here we use monotonicity of x — exp(ax) in (* * ). If the event in (* *) does not
occur and additionally V[Y3,..., Y] < o2, then indeed
Ao
Xp<—+2 a V[Y,...,.Y, 1< Ao
2 ~N——

A 2
<4 <o

as desired. O
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2.2.1 An Application to the Size of Independent Sets

We want to demonstrate the power and usefulness of Martingales with an exam-
ple application. Consider an undirected complete graph G = (V, E) with nodes
|V| = n and suppose every edge e € E is labelled with a probability p,.. Indepen-
dently every edge e “materializes” with the given probability p.. Let F < E be
the obtained random sample of edges. We are interested in the quantity a(F) :=
max{|S|: S € V is an independent set w.r.t. F}.

. / 3%]. j sam:p>ling . / .\.
/.

<y

In particular we want to know whether a(F) is well concentrated. But there are
several issues; in particular we have no closed formula for E[a(F)]. In fact, even
if p. € {0, 1}, determining E[a(F)] within a factor of n'~¢ is an NP-hard problem
for any fixed € > 0. So, how can be show a quantity that we cannot determine is
well concentrated? This is where Martingales game into play:

Lemma 2.6. For any probability vector p € [0,1]F
Ela(F)]| > Av/n] < 2exp(—-A2/8).

and any A = 0 one hasPr[|a(F)—

Proof. LetV ={1,..., n} be the vertices in their natural ordering. Let Ey := {(i, k) €
E|i < k} beall the edges between {1,..., k—1} and node k. Clearly E = E1U...UE,,.
We can also write Fy := E; N F and imagine that we sample the sets Fj,..., F;, one
after the other in order to determine F. We abbreviate F<; := F; U...U F; and
similarly we define F>y := FxU...U F,. We define a random variable

Xe:= E [a(F)|F,..., Fil

Fsrn1

In other words, Xj is deterministically the number E[a(F)] and X}, is equal to the
random variable a (F). Phrased differently we arrive at the random variable a (F)
by revealing the F}’s one after the other.

Now suppose that Fy,..., Fx and hence X; have been decided. Then

E [Xis1 | F<gl E [F[E [a(F)|Fsk+l]|Fsk]: E [a(F)|Fek| = Xk.

k+1 Fri1 =k+2 Fsrn1

Def§k+l

That means Xy, ..., Xi is Martingale. The only thing that remains to be checked
is that the difference of the intermediate random variables is bounded and the
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overall claim will follow:

Claim. One always has | X1 — Xl < 1.

Proof of claim. We fix any outcome for Fj,...,F;. We can be generous and
even fix Fj.o,...,F,. Let Spax be the maximum independent set if Fi = @ and
let Spmin be the maximum independent set if Fi = E. In other words, Spax is
the largest possible outcome and S, is the smallest possible outcome. But
[ISmin| — |Smax!| = 1 which is easy to see as simply dropping node k from Spax
(if it was even in there) gives an independent set even if all edges in E} material-
ize. O

For more applications and background on Martingales we refer to the excel-
lent treatment in Alon and Spencer [AS16].

2.3 Gaussian Concentration

The content of this chapter is largely taken from the lecture notes “Concentra-
tion Inequalities” by Lalle. Recall that N(0,1) is the 1-dimensional Gaussian
distribution with density \/%e_xz/ 2 More generally, N"(0, 1) is the Gaussian dis-

. . . . _ 2 . . .
tribution over vectors x € R” with density We 1¥12/2 The Gaussian distribu-

tion has many useful properties (that can be derived straightforwardly from the
density function):

* One can get a sample x ~ N"(0,1) also by sampling each coordinate x; ~
N(0,1) independently.

* Ifa, b € R" are orthogonal unit vectors and x ~ N (0, 1), then (a, x), (b, x) ~
N(0,1) are independent random variables.

 For anyvector a € R" with ||a|l; = 1and xy,...,x, ~ N(0,1), one has Z?:l a;x; ~
N(0,1).

We call a function F : R” — R Lipschitz if |F(x) — F(y)| < lx -yl for all x,y €
R". A natural Lipschitz function is of course F(x) := | x|, and we could in fact
use the machinery that we have seen so far to derive a concentration inequality
Pr(llxl2 > v+ A] < exp(—©(1%)) by using the fact that ||x||5 is a sum of inde-
pendent random variables. But it turns out that one can prove such remarkable
concentration inequality even for “unstructured” functions as long as they are
Lipschitz:

'Seehttps://galton.uchicago.edu/"lalley/Courses/386/Concentration.pdf
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Theorem 2.7. For any Lipschitz-function F : R" — R with mean pi := Ex~nn(0,1)[F(x)]
and any A = 0 one has

Pr||1F(x)—pl> 1| <2e7 472,
x~N"(0,1)

For example if x is a random Gaussian, then | x|, = v/n+O(1) with probability
99.99% — that means the standard deviation of the length is only a constant.

2.3.1 Exponential moments of Gaussians

Before we start, we want to discuss a couple of useful facts. First we need a well-
known result about the exponential moment of a Gaussian. This can be easily
obtained by integrating, but our approach might be more intuitive in explaining
why the value is what it is:

Lemma 2.8. For any A € R one has E.-no,1)[exp(A1x)] = exp(12/2).

Proof. We will use only one property of Gaussians that we mentioned earlier:
namely that if we generate independent random Gaussians gi,..., g ~ N(0,1),
then x := ﬁ(gl +...+8x) ~ N(0,1). Note that the 2nd degree Taylor polynomial
ofexp(x)is 1+x+ %xz, which we use in (x). Now fix a value A € R. In the following

estimate we will write = when ever we make a lower order error that goes to 0 if
we send k — oco. Then

Elexp(Ax)] = E[eXp(i:Zk‘iikgi)]indep?deneei:lk[l[E[eXp(%gi)]
(;) QE[“%W%'%&)Z]:(“Azklz)k%xmz/zm

In (*) we make an error of O((ﬁ)g’) in each factor by using the 2nd degree Taylor
approximation. The claim follows. O

By applying the previous lemma with A’ := 1| al|, we get:

Lemma 2.9. Forany A € 0 and a € R" one hasEx-nn( 1) [exp(A{a, x))] < e~z A lal},
Any Lipschitz function can be easily “smoothened” so that it changes by at

most € and the smoothened function is differentiable everywhere. Moreover, any

differentiable function that is Lipschitz has a gradient that is bounded:
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Lemma 2.10. Suppose F : R" — R is differentiable and Lipschitz. Then |VF(x)|» <
1 for all x € R".

Proof. Fix a point x € R", then for all vectors k small enough, there is a constant
C>0sothat|F(x)—F(x+h)|=|(h,VF(x))| £ CIIhII%. Setting h := - VF(x) one
can get

) Lipschitz | F(x) — F(x + eVF(x))| _ (eVF(x),VF(x)) - ClleVF (%) |3
B leVF(x) 2 B leEVF(x) 2

= (1-Ce)-[IVF(x) 2

Sending € — 0 implies that [VF(x)|» < 1. O

Now we come to the lemma that is also called the dublication trick. We will
bound the exponential moment of the difference of the function value at two in-
dependent Gaussians.

Lemma 2.11. Let F : R" — R be differentiable and Lipschitz. Then

72
E [ exp ()LF(xl) - /lF(xO))] <N
X0,X1 ~N"(0,1)
Proof. For 0 <t <1, let us define interpolate between the two samples by defin-
ing

Xt :=COS|T-— ] X SInjl-—|-X1.
t 2 0 2 1

Note that for every ¢, the vector x; ~ N"*(0,1) is a standard Gaussian. Similarly for
0 <t <1, the vector

:=—sin|t-—|xg+cos|t-—|-x
Ve 5 0 ) 1

is distributed as y; ~ N(0,1). Note that for every t, the pair (x;, y;) is indepen-
dent as cos(% -1)-(—sin(z- %)) +sin(¢- %) -cos(t- %) = 0. Next, consider the derivative
of the interpolation:

dx; T (t T[) +n (t JT) b4

— =——-sin{t-=|xp+--cos|t-=|x1 ==Y

dt 2 27072 2 )T
The basic idea behind the proof of the main claim is to track the expectation
when one interpolates between xy and x;. Using the Fundamental Theorem of

Calculus we get:

1 dx; n !
Flxy) - Flxg) = f VE), Sty ar =" f (VEG), yodi (%)
0 dat 2 Jo
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Now we can express the expectation as

(%) A 1
Elexp(A(F(x1) — F(xo))] = [E[exp()tgfo <VF(xt),yt)dt)]

Jensen+linearity

< fOl[E[exp(/lg(VF(xt),yt))]dt
Len% fol exp (% . (Ag)z)dt < exp(%z/lz).

Here we use that (x;, y;) areindependent and VF(x;) is a vector oflength [|[VF (x;)[l» <
1. O

We want to give a visualization for the proof at least for dimension n = 1. We
generate two independent Gaussians xp,x; ~ N(0, 1) by picking two orthogonal
unit vectors ey, e; € R?, drawing a Gaussian g ~ N(0,1) and setting x, := (g, e;)
for t € {0,1}. We also need to be able to interpolate between both random vari-
ables. Hence for 0 < ¢ < 1 we define e; := cos(-3)-e; +sin(¢-5)-eo. Then |le/]l2 = 1

for all . We also define another unit vector d; := —sin(¢- %) -eg+cos(t- %) -e1. Note
that again ||d;||> =1 and e; L d; for all t.
€o
-~
\ Ui
1 \
1 /e \\
! \
0‘ ——————— ée

Then letting x; := (g, e;) and y; := (g, d;) gives two independent Gaussians. This
is used for evaluating F(x;) — F(xp) = %fol (VF(x;),y: dt as the position x; is in-
dependent from the direction y;.

Proof of main Theorem. We will prove the bound with weaker constants to keep
things simple. With out loss of generality we may assume that Ex~n»(,1)[F(x)] =
0. On the one hand, we know that

Elexp(AF(x))] = e*1%4 . Pr[F(x) > 10A]

On the other hand if we draw x, y ~ N"(0, 1) independently, then
ous L ,
106472 "2 Flexp(ME @) ~ Fy1 =P Elexp(AF ()] - Elexp(~AF (y))]

Jensen ineq

> Elexp[AF(x)]-exp(E[-AF(y)]) = Elexp(AF(x))]
————
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Putting both together, we get

Elexp(AF (x 10684
(P "
e

Pr[F(x) > 101] < o =

2.4 Talagrand inequality

The Talagrand inequality is aremarkably strong concentration inequality for prod-
uct measures. For example if A is a convex set containing half of hypercube points
{—1,1}", then Talagrand’s inequality tells us that 99.99% of points have Euclidean
distance O(1) to A. For this chapter, we follow an excellent blog post of Tad?.

xe{-1,1}
o

d(x,:h‘

In the following, we abbreviate d(x, A) := min{||x — y|l2 | y € A} as the distance of
x to the set A. Recall that a median of a real-valued random variable Y is a value
M with Pr[Y < M] = % and Pr[Y = M] = % Also recall that there can be an interval
of median’s for a random variable.

Theorem 2.12. Let A < R" be a convex set with An{+£1}" # ¢ and let X ~ {+1}"
be a uniform vertex of the hypercube. For M being a median of d(X, A) and t =0
we have
t2
Prld(X, A) > M+ t] < 4exp ( - 1—6)
Before we come to the proof, we want to recall Holder’s inequality that can be
phrased as follows:

Lemma 2.13 (Holder’s Inequality). Let X, Y € Rx¢ be jointly distributed non-negative
random variables. For 0 < A <1 one has

E( X" vY <ex)' gyt

2Seehttps://terrytao.wordpress.com/2009/06/09/talagrands-concentration-inequality/


https://terrytao.wordpress.com/2009/06/09/talagrands-concentration-inequality/
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To get some intuition, we can rephrase the inequality. W.l.o.g. the distribu-
tions X and Y just pick a uniform coordinate in @ € RZ ) and b € RZ . Then the
inequality says that Y7 al~*b} < (¥, a)' " (X, by)*. In particular for A = 1,
this is just the Cauchy-Schwartz inequality.

Similar to previous concentration inequalities, it suffices to give a bound on
the exponential momentd.

Lemma 2.14. Let A < R" be convex with An{+1}" # ¢ and abbreviate u,(A) :=
Pr[X € A] where X ~ {#1}" is drawn uniformly. Then for a universal constant
c>0,

1

E -d(X,A)?)] < .
[exp (c-d( ))]<#n(A)

We prove the claim via induction over n. We write X = (X, X},), where X €
{+1}"! are the first n — 1 coordinates. For t € {—1, 1} we consider the two convex
slices A; := {x e R" 1| (x,1) € A}. Let Y; € A, be the closest point to X in the
slice A;. The trick is that we can bound the distance of X to A by the distance
to any convex combination of the points (¥;,1) and (Y_;,—1). Let us abbreviate
the point p(X) := (1-A) - (Yx,, X,,) + A+ (Y_x,, — X,,) which by convexity lies in A.
Here 0 < A <1 is a parameter that we determine later. Crucially it is allowed that
A depends on the outcome of X;,.

X=(X,1) (Y1,1)

=

=

@ = = == ———

P

1,1} 58----8&
(Y1, -1)

visualization for X,, =1

3For the sake of completeness here the argument how to complete Theorem Z.I2] First of all

one can make the Lemma work with ¢ = %. Let A’ := {x e R" | d(x, A) < M} which is a convex
set as well. By definition of the median u,(A") = % Then Pr[d(X,A) > M+ t] =Pr[d(X,A") > t] =
El{5d(X, 4]

Prexp(55d(X, A)?) > exp(7s 19)] < ) < 2exp(— 15 t?) by Markov’s inequality

exp(s5 12)
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First we get a useful bound on the distance

(X)eA
dx, a2 "= pxo-x|?

- Jo-n ()5 (2

Phytagoras

2

2

(1= (Yx, - X)+A(Y_x, —X)||§+£Xn-((1 —A)—A—l))i

=42

II-3 convex

< A=) 1Yy, — XI5+ A Y_x, — X|I5 +4A%

Note the asymmetry as Ay, is the “same side” as X and A_y, is the “opposite
side”. Now we apply E[exp(c-..)] to both sides of the equation and get

;I%[exp(—cd(X, A)?)]

< [)E{[exp (c(A-Vd(X, Ax,)* +A-d(X, A_x,)* +4A%))]

= E [V Elew (e, Ax)Y) ' exp (e d(X, Ax,)2) ]
n- X
Hold r _ _ _
£ E "N E[exp(c-d(X, Ax,)?)]" ’L[g[exp(c-d(x,A_Xn)z)]‘]
n- X X
induSction E 'e4C;L2 1 . 1 /l]
Xn b ,un—l(AXn)l_ ,un—l(A—Xn)
_ [E 'e4ca2 1 ]. 1
X, ! L+ X! (1= X pn(A)
()

where in the last step we write u,-1(A;) = (1 + qQ)u,(A) and p,—1 (A1) =1-¢q)-
tn(A). Let us assume 0 < g < 1 for the sake of symmetry. Then we can continue
bounding (*) making in particular use of the fact that A is allowed to depend on
X;,. We will need to distinguish two cases:

e Case q = 4c. In this case A; N {+1}"*"! has a good fraction more points than
A_1n{x1}""! and a good choice for A will be to always be on the side of A;.
We can then estimate

X,=1=>1=0,
Xnn— 1=>1=11 1 e \g=4c 1+e* 0=c=03
i

= 2Usg 114 T 20

(%)

as can be easily checked.
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* Case(0 < g < 4c. In this case we can use ﬁ < exp(—x+x?) for |x| < 1/4 to
simplify to
(*) < E [e4clz(e—an+q2)1—ﬂ,_(ean+q2)/1:|
Xn
= E [exp(4c/12+/1-2an—an+612)]
X,=1=>1=0,
Xn:—1:>/1:4i qz

2ot q° +q)) ==

[k
<-3q?asc<ts

= e %(exp(—q+q2)+exp(

The interpretation of this parameter choice is that if X;,, = 1, then X lies on
the side of the bigger set A; we pick p(X) should be in A;; only if X, = -1,
then p(X) will be a true convex combination.

2.4.1 The general form of Talagrand’s inequality

In fact, Talagrand proved his inequality in a much more general form that we
want to outline at least. Let Q;,...,Q, be some measurable sets and let D be a
product measureon Q := Q x...xQ,. Fix aset A< Q (that does not need to be
convex). For x,y € Q we define unequal(x, y) :={i € [n] | x; # y;} as the indices
where x and y differ. Recall that for a vector s € R”, we have supp(s) := {i € [n] |
s; #0}. For each x € Q we define

V4(x) :=convi{s € {0,1}" | dy € A:unequal(x, y) < supp(s)}

Then we define a distance p(x, A) := min{||s|l2 | s € V4(x)}. Intuitively, a small
distance p(x, A) means that there is a convex combination of paths from x to A
where on each path one has to change only few coordinates.

xe)

A |

unequal(x, y1)

Q)

unequal(x, y»)

O
Example with A< Q =Q; x Q, where |Q;| =|Q2| = 3.
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Then the concentration inequality is as follows:

Theorem 2.15 (General Talagrand Inequality). Let D be a product measure on
Q=Q1x...xQ,. Then for A< Q and t = 0 one has

4exp(—1>/16)

Pr [p(x, A) > 1] <
e A >t = e Al

For a proof of this more general result we refer to [AS16]. A different way of
phrasing Talagrand’s result is the following:

Corollary 2.16. Let p be a product measure on Q = Q x ... xQ, and fix a set
Ac Q. For t =0, define

Ap= {x € Q | Adistribution D(x) on A so that \/Z Pr yl #x;]%2 < t}
i lyN

4exp(—12/16)

Then u(A;) =1- )

In order to demonstrate the power of Talagrand’s general inequality, we show
one application. We want to emphasize that the distribution u does not have to
be identical for every coordinate. Also there is nothing special about the interval
[-1,1] — any interval works, but the length of the interval goes into the bound.

Lemma 2.17. Let u be any product measure on [-1,1]" and let f : [-1,1]" — R be
convex and 1-Lipschitz. Let median(f) be a value with Pry. [ f (x) < median(f)] =
1/2 and Pry-,[ f (x) = median(f)] = 1/2. Then

PNlL[f(x) > median(f) +2t] < 8exp(—1*/16)

Proof. Let A:={x€[-1,1]"]| f(x) < median(f)} so that u(A) = 1/2 and define A;
as before in Cor Then by Cor[2.16lwe know that u(A;) = 1-8exp(— 2/16).
The following claim will then finish the proof:

Claim. Every x € A; has f(x) < median(f) +2t.

Proof of claim. By definition of A;, there are yl,..., y’C € A and convex coeffi-
cients Aq,..., A = 0 with Z?Zl Aj =1 so that the condition from Cor[2.16]is satis-
fied. By a slight abuse of notation, let us write y ~ A if y = y/ with probability A i

Next, consider p; := Pry..3[x; # y;] be the probability that the ith coordinate of
y ~ A differs from x. Then the condition of Cor[Z.16lis that

|p|Z=Ji(f ) =t
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Now, consider the average y := 2?21 Aj yl = Ey-aly] of the obtained points.

[_1) 1]7’1

By convexity

k .
F@ =) Ajf(y)) < median(f)
j=1

Observe that |x; — j;| < 2p; since all the points are in [-1,1]", so

n 1/2 n 1/2
lx=gl2= (Yl -5il?) " =2( YL ph) =2t
i=1 i=1

Then as the function f is 1-Lipschitz we get f(x) < f(y) + 2t < median(f) + 2¢
which gives the claim. O

2.5 Exercises

Exercise 2.1. Let Ae R"*" with |A;j| <1forall i, j=1,..., n. Give a deterministic
polynomial time algorithm to find an x € {-1,1}" so that A;x < O(v/nln(n)) for
all rows i.

Hint: Consider the potential function @ (x) := Z;’zl exp(A). ?:1 Ajjxj —21%k) where
k €{0,...,n}. Show that there is a deterministic polynomial time algorithm to find
an x € {—1,1}"* with @, (x) < n.

Exercise 2.2 (Balls into bins). Suppose we have n balls and n bins. We throw
the balls so that each ball ends up in a uniform random bin. Show that with high
probability (say = 1- %) the maximum number of balls in any bin does not exceed
O(log(n)/loglog(n)). Show also that with high probability there is a bin with at
least QA(log(n)/loglog n) many balls.

Exercise 2.3. Consider a random graph G = ([n], E) which contains each edge
with probability 1/2. Let X be the random variable that gives the number of tri-
angles in G. Prove that Pr[| X —E[X]| > 1 - n?] < 2exp(—O(A?)) forall 1 = 0.

Exercise 2.4. Derive Theorem [2.12] from Theorem [2.15] (possibly with different
constants).
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Exercise 2.5. Let u,,...,u; be unit vectors. Draw a random Gaussian x and
consider the random variable Y := max{{u;,x) | i = 1,..., m}. Show that Pr[Y >
median(Y) + ] < exp(—Q(£?)).

Exercise 2.6. Let uy,..., u,, be unit vectors. Draw x ~ [—1,1]" uniformly at ran-
dom and consider the random variable Y := max{{u;,x) | i = 1,..., m}. Show that
Pr[Y > median(Y) +2¢] < 4exp(—t>/16).

Exercise 2.7. For a matrix M € R"*"*, we denote define a function f:[-1,1]" — R
with f(M) := max{{M, xxTy : x e R" with | x||, = 1}. Here, for two matrices M, N
we let (M,N) := Y7, ;.’:1 M;;N;; be the Frobenius inner product. Let D be a
product distribution that picks each entry M;; independently from some distri-
bution over [-1,1]. Let m be a median of f(M) if M is drawn from D. Prove
that
Pr(f(M) > m +2t] < 8exp(—1*/16)

forall £ =0.

Hint. Show that the function f is 1-Lipschitz if you use the Frobenius norm

IMIl2 := (£, X7_, M7))/%. Is the function f convex? Then use a result from
the lecture.

Exercise 2.8. Prove that for infinitely many n € N there is a random variable X :=
Xi+...+ X, with E[X;] =0 and |X;| < 1forall j €{l,...,n} and Cov[Xj, X;/] =0
for j # j' while PriX = n] = Q(2).

Hint. You may use without proof that there exists a matrix A € {—1, 1}27%7 g0 that
() X2% A; = 0 and (ii) (A/, A7) = 0 for j # j" and (iii) 4 is the all-ones-vector.
Here A; is the ith row and A/ is the jth column. Note that such a matrix can be

obtained by taking a Hadamard matrix H and letting A := (_f;{)

Remark. The exercise shows that Chebychev’s inequality is tight and one cannot
derive better concentration only based on 1st and 2nd moment.

Exercise 2.9. Let f:{—1,1}" — R be a function on vertices of the hypercube and
suppose that

IfD = fW,. o Yie1, =Yir Vit - Yl <ai Yye{-1,1}"

meaning that changing the ith coordinate changes the function value by at most
a;. Let Y ~ {—1,1}" be a uniform random vertex. Prove that for A = 0 one has

Prlf (V) —ELf (]I > Mlallz) < 2exp(—A%/4).
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Hint. Use may use the following variant of Azuma’s inequality without a proof:
Let Xy,..., X, be a Martingale with |X; — X;_;| < a, for t = 1,..., n, then for any
A =0 one has Pr[| X,, — Xo| > Al|lall»] <2exp(—A2/4).



Chapter 3

The Lovasz Local Lemma

We want to motivate the next chapter with an application. Suppose we have a
hypergraph H = (V,£) with vertices V and hyperedges e € V and suppose that
that H is k-uniform, which means that |e| = k for all e € £. A coloring is a map
x : V — {red,blue} that gives each vertex a color. Using terminology that goes
back to Erdds we say that the hypergraph has Property B, if there is a coloring
that leaves no edge monochromatic (meaning that every edge sees both colors).

Example of a 3-regular hypergraph and a 2-coloring satisfying Property B
It is not hard to see that for large enough k there is always a proper coloring:
Lemma 3.1. A k-uniform hypergraph with k = log, (4|£|) has property B.

Proof. Take a uniform random coloring y. Then for each edge e € £ one has

Pr[e is monochromatic] =2 - R —
X 2|€]

Then the union bound over all hyperedges gives the claim. O

On the other hand, this bound does not leave too much room for improve-
ment. For example if the hypergraph H = (V,£) has |V| = 2k nodes and contains
all subsets of k vertices as edges, then |£| = (zlf) =290 However, any coloring
will leave some edge monochromatic.

41
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This discussion brings us to an intermediate case that is less clear. For a ver-
tex v, we define the degree deg;;(v) := |[{fe € £ | v € £}| as the number of edges
containing v. Suppose that we again have a k-regular hypergraph but instead of
a bound on the size |£| we have a bound on the maximum degree. Let us say for
the sake of concreteness that degy, (v) < 2/2, Is it then possible to find a color-
ing that leaves no edge monochromatic? After a bit of trying one can see that all
the conventional techniques to approach this problem are failing. And indeed it
required a beautiful mathematical theorem to resolve the problem.

3.1 The original Local Lemma

Now we show the Lovdsz Local Lemma (which actually appeared in the joint pa-
per by Erdés and Lovész [EL75]). The presentation we give here is inspired from
Mitzenmacher and Upfal [MU17]. We also recommend Chapter 5 in [AS16]. Let
Gy,..., Gy, be events (“good” events that we like to be true). A graph H = ([n], E) is
called a dependency graph if

Pr(Gil =Pr Gy | N Gy)n| N Gj)| ¥ielnVIun € RIONG U
J€lo Jeh

Phrased differently, each event G; needs to be independent from all it’s non-
neighbor. This is even a bit more strict than what is needed, but intuitive. How-
ever, it is important to remember that pairwise independence is not enough.

Theorem 3.2 (Symmetric version of the Lovasz Local Lemma). Let Gy, ...,G, be a
set of “good” events with Pr[G;] < p. Suppose that each G; is independent of all
but at mostd eventsand d - p < }1. Then Pﬂﬂ;’:1 G;]>0.

Proof. For asubset S < [n] of events, we denote G(S) :=(;es G(7) as the case that
all those good events happen at the same time. We need to prove that given our
assumptions, Pr[G([n])] > 0. The main ingredient is to prove that conditioning
on any subset of good events does not more than double the probability of any

!Remark 1. It would have been more intuitive to require an edge {i, j} in the dependency
graph if the events (G;, G;) are dependent. But that is not sufficient. For example consider the
complete graph Kj, = ([n], E) and pick a uniform coloring y : [n] — {—1,1}. For e = {u,v} € E,
consider the event G, := “y(u) # x(v)"”. Then one can check that for any pair of distinct edges
e,e' € E one has Pr[G,] = Pr[G, | G| = %, hence any pair of events is independent. Note that
Pr[Necg Gl = 0 for this construction.

Remark 2. It is not true that there is always a unique minimal dependency graph. Consider the
example from Remark 1 for n = 3 and say that E = {e, e, e3} are the all edges in K3. Then any two
edges F < {ej, e, e3} form a valid dependency graph — but one edge alone is not sufficient.
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bad event.

Claim. For any S < [n] withPr[G(S)] >0 and i € [n]\ S one has Pr[G; | G(S)] < 2p.
Proof of claim. We show the claim by induction on |S|. If |S| = 0, then Pr[G; |
G(S)] = Pr[G;] < p by assumption. Now we split S into the events that are inde-
pendent of i and the ones that are dependent. More precisely, we write S = S;US»
so that Sy :={j | {i, j} € E} are the neighbors and S, := {j € S| {i, j} ¢ E} are the
non-neighbors in the dependency graph. Then

$=8,U8, cond. prob. Pr[G; N G(S1) N G(S,)]

Pr(G; | G(S1) N G(S2)]

Pr(G; | G(S)] Pr[G(51) N G(S2)]

cond.:prob. Pr[G,- NG(S1)NG(S2) | G(S2)] - Pr[G(S))]
Pr{G(S1) N G(S2) | G(S2)] - Pr(G(S2)]
Pr{AnBIB]=Pr(A|B] Pr[G; n G(81) | G(S2)]

Pr[G(81) | G(S2)]
<p by indep.

Pr[AnB]<Pr[A] Pr[G; | G(S2)]
< =zp
PrG(S1) | G(S2)]
zl/zzy(*)

Note that we have implicitly used that Pr[G(S2)] > 0 so that the cancellation is
well defined. It remains to argue why (*) is true. If S} = @, then Pr[G(S;) | G(S2)] =
1. So suppose that |S;| > 0 and hence |S2| < |S|. Then we are allowed to apply
induction to get that

- union bound -
Pr(G(S1) | G(S2)] = 1—Pr[ U G/l G(Sz)] = 1-) Pr[G;1G(S)]=1-2p:|Si| =
JES je§ —~— ~
<2p by induction =d

Using the proven claim, we can quickly conclude that

Pr[G([n]D] = H?r[G(i) |G({1,...,i—1})] = (1 -2p)"*>0
i=1

21—2;;1); claim
O
Note that the condition d - p < i can be sharpened to p-(d+1) < %, see

e.g. [AS16]. Shearer proved that this bound is tight in the sense that for any € > 0,
there is a probability space with p- (d + 1) - (e + €) < 1 where Pr[G([n])] = 0.

N |~

O
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A more general version. There is also a more general version of the Lovész Lo-
cal Lemma in which the probabilities of the events do not have to be bounded
by a uniform parameter p. We state the claim for the sake of completeness. The
proof is essentially identical to the one of the symmetric case, only the notation
needs to be adapted. Again, see e.g. [AS16] for details.

Theorem 3.3 (General Version of the Lovasz Local Lemma). Let Gy,...,G,, be a set
of “good” events and let G = ([n], E) be a dependence graph. Suppose that there
are parameters X, ..., X, €0, 1[ with

PriGl=x; [] Q-x))
Jjdi,jleE

Then Pr(N_, G@] = I, (1 - x;) > 0.

For example, if one sets x; :=2- Pr[G(i)], then the condition in the theorem is
satisfied if }_ jEN) Pr[G il < ;11. In other words, the expected number of bad events
happening in a neighborhood should be at most some small enough constant.

Application to hypergraphs. Finally we can resolve our question on hypergraph
colorings:

Theorem 3.4. A k-uniform hypergraph H = (V,£) with deg(v) < % forallveV
has property B.

Proof. We consider the random experiment where we pick a uniform random
coloring y : V — {red, blue}. We have the good events G, := “e is not monochromatic”.
Then the bad events have probability G, = 2-27% =: p. For disjoint hyperedges
e, e € &, the events G, and G, are independent. In particular, we can define a

dependency graph D = (£, E) with {e,e'} € E:< ene' # @. Observe that every
fixed edge e overlaps with at most }_ ¢ (degy(v) —1) < k- % = % .2F =: d other
edges. Thend-p=2-27F. % 2k = i. Hence by the Symmetric LLL the probability

that all edges are not monochromatic is positive. O

3.2 An algorithmic proof

Suppose that we actually wanted to find the coloring from Theorem [3.4]in poly-
nomial time. The success probability that for example the symmetric LLL guar-
antees is only (1 —2p)", which is exponentially small. Hence we cannot simply
re-sample uniform random colorings and hope to quickly find a satifying one.
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Also the proof does not appear to be of any help other than showing a positive
probability. In this section we will describe an algorithm due to Moser and Tar-
dos [MT10] that suffices to make 99% of applications of the LLL algorithmic. The
algorithm will also serve as an alternative proof for the LLL. We will not follow
the original presentation of [MT10] using the notation of Witness Trees, but the
view using Entropy Compressiord. We will also be loose in the constants of the
LLL condition for the sake of a cleaner exposition.

The variable model. First one has to discuss how one can model a probability
space in a way that it can be handled algorithmically. We will model the “ran-
domness source” by drawing a uniform random bit strinﬁ x ~ {0,1}". We have
m bad events A,,..., A, that depend on the bit string x. We write A;(x) =1
if the bad event is true under string x (and A;(x) = 0 otherwise). In general
the events will not depend on all random bits. Let Var(A;) < [n] be the indices
of random bits that A; depends on. The goal will be to find a string x so that
Aj(x) =0forall i =1,..., m. Naturally we will need to assume that the probabili-
ties Pr[A;] = Pry~j0,1}2[A;(x) = 1] of the bad events A; are rather small. To model
the independence relation we write i ~ j if the variables of those events overlap,
that means if Var(A;) N Var(A;) # @.

events with i ~ j

AN

random bits: X1 | X2 | - Xn

events:

Var(A;)
The algorithm. The main result will be the following:

Theorem 3.5 (Moser-Tardos Algorithm). Let C > 0 be a large enough constant.
If Y jemy:i~j PrIA;] < 2=C for all j € [m), then there is a randomized polynomial
time algorithm to find an x € {0, 1}"* with A, (x) =...= A, (x) =0.

The algorithm is actually as simple and intuitive as one could hope for. One
starts with any fixed string x. Then most likely some bad events A; will be true.

2See the blog postsbyhttp://terrytao.wordpress.com/2009/08/05/mosers-entropy- compression-argument
andhttp://terrytao.wordpress.com/2009/08/05/mosers-entropy-compression-argument

3The argument can be easily generalized to product distributions. But we use bits to have a
simpler notation and get a better intuition.


http://terrytao.wordpress.com/2009/08/05/mosers-entropy-compression-argument
http://terrytao.wordpress.com/2009/08/05/mosers-entropy-compression-argument
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Then one resamples the variables belonging one bad event. If an overlapping
bad event A; is true (either because it was true from the beginning or flipping
the bits in Var(A;) made it true) then we resample also A; and recurse. For an
easier statement and analysis we assume w.l.o.g. that [Var(A;)| = k for each i. If
fewer bits were needed one can imagine to add some dummy random bits that
are “private” for the event. The formal statement of the algorithm is as follows:

Moser-Tardos Algorithm

(1) Setx:=(0,...,0)
(2) WHILE3i: A;(x)=1DO

(3) OUTPUT: ROOT+i
(4) FIX(A;)

(5) RETURN x.

Subroutine FIX(A4;) :
(6) Resample (x;) jevar(a;) ~ {0, 1}*
(7) after T iterations: OUTPUT x;,..., x, and FAIL!
(8) WHILE 34; : [Var(A;) ﬂVar(Aj)I >0s.t. Aj(x) =1 DO

(9) OUTPUT: RECURSE ON Huffmany; (A;) DUE TO Compress A; ((x¢) pevar( Aj))
(10) FIX(A;)

(11) OUTPUT: BACKTRACK

Note that line (3) will be executed at most m times as FIX(A;) only returns
once all touched bad events are false. Also note that we number the iterations as
t=1,...,T and T is the total number of FIX calls (either recursive or via (3)). Note
that one call of FIX(A;) will result in a recursion tree that might look like this:
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In particular it can happen that the same event is resampled multiple times.
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Next, note that the algorithm contains several “OUTPUT” lines that are not
doing anything for the functionality. Instead they will be useful for the anal-
ysis and the proof that the algorithm terminates with good enough probabil-
ity. Maybe one can imagine that the algorithm outputs some information into
a “debugging log file”. Also the algorithm outputs bitstrings Huffman 4, (A;) and
Compress A; ((x¢) revar( Aj)) which we need to define as well. We recall the follow-
ing classical information-theoretic insight:

Lemma 3.6 (Huffmann Tree). For any values p;,...,pny = 0 with Zﬁ\il pi<2¢
and C € Zx, there is a binary tree with leafs 1,..., N where leaf i has at most
distance logz(%) —C+1 to the root.

Proofsketch Round p; down to the nearest power of 2, multiply by 2¢ and de-
note it by p; so that now Z -1 p; < 1. Then by induction we can easily construct
a tree so that a node i with p’ = (1/ 2) has distance exactly ¢ to the root (and we
may have some unused leafs). O

The obtained tree for C = 0 could look like this:

root

////\\\\
pr1=73:0 /\
p2=1:10 ////\\\\\
N\ VARG

ps=15:1100 psy=1::1101 ps=::1110 * 11111

Huffman encoding for C = 0 and (py, p2, p3, P4, P5) = (5, 71» 76> 16> 16

This implies that for each fixed event A; we can encode the indices j with j ~ i
with a bitstring Huffman 4, (A;) that has length 103%%,4].]) —C+ 1. In particular,
this means that indices of likely events will be encoded with short strings, while
we can use longer strings for unlikely events. As an unrelated side remark, we
would like to mention that the Huffman Tree also proves that a sequence of in-
dependent samples of a random variable X can be encoded with an expected
number of H(X) + O(1) bits per sample.

To finalize the description of the algorithm consider again step (9) where a
bad event A is true for the current assignment x and abbreviate y := (X¢) revar(4)) €
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{0,1}*. The intuition behind Compress A (y) is that we want to output the k bits
in a more space-efficient way. Note that at this point we know that A;(y) =1 and
hence there are at most 2€-Pr[A il many choices for y. Hence Compress 4;(y) can

be chosen as a bitstring of length k — log(ﬁAﬂ) + 1 that uniquely identifies y.

The analysis of the Moser-Tardos Algorithm. We already did most of the work
to justify why have chosen the log output in step (9) in this particular way. Note
that in the following ©(1) will denote a constant that has no dependence on C.

Lemma 3.7. In every step of (9) we output at most k + ©(1) — C bits.

Proof. Whatever index j with j ~ i is picked, the number of bits is

[

(o8 (5r7) =€ +1)  (-1o () +1)+ Q) =k-cvom

VN — ~ overhead

Bits for Huffman, (4;) Bits for Compress
O

Now, let x'¥ be the vector x after the t-th iteration. First we argue that the
states of the algorithm have high entropy:

Lemma 3.8. If the algorithm fails with probability 1 — €, then H(x©,...,x1)) =
T-1-¢)-k.

Proof. 1f the algorithm fails then we will have sampled Tk independent random
bits. O

Lemma 3.9. One has Hx?,...,x") < n+ O(mlog,(m))+T-(k—C+ O(1)).

Proof. We can split the proof into two claims.

Claim 1. The length of the output log is at most n+ O(mlog,(m))+ T-(k—C+0(1))
bit.

Proof of claim. Step (3) is visited at most m times using O(log, (m)) bits each time
to encode the index i € [m]. In each recursive call of FIX(A;) we spend k—C+0(1)
bits. Additionally, to indicate BACKTRACKING we may spend O(1) bits, but the
total number of backtrackings is also bounded by T'. O
Claim II. From the output log we can reconstruct x©,...,xD.

Proof of claim. Suppose that the algorithm calls FIX(A;(1)),..., FIX(A;(1)) in ex-
actly this order. Clearly from the output log we can reconstruct the indices i(1),...,i(T).
Also note that the algorithm outputs the whole assignment x”) at the end. We
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will then reconstruct the sequence xD xT-D %O in this order. Suppose that
at some point we know x/*1), From the output we know the indices of the events
Aj(t+1) and A;(y and also the string Compress 4, , (x") which tells us the bits in
Var[A; ] before the resampling took place.

Var(A,-m)
xD: |1 0 1<@OT»1 1 0 1
FIX(A;(p)

OUTPUT: Compress,, , ((x;.t)) jevar(Ai))

xD. [1 0 1>l 1 0 1

Then we can also reconstruct x?. O
The overall claim follows from the combination of Claim I and Claim II. O

Lemma 3.10. The probability that the algorithm terminates with success within
O(n + mlog(m)) iterations is at least 1 — ﬁ

Proof. Choosing C > 0 as a big enough constant and ¢ := ﬁ we have

1
T- (k- 5) < Hx,...,xD) < n+ O(mlog,(m)) + T+ (k— 1)

This gives a contradiction if we pick T := ©(n+ mlog(m)) with a big enough con-
stant. O

3.3 Open problems

A deterministic approach. The algorithm by Moser and Tardos is randomized
and it is a natural question whether there is a deterministic polynomial time al-
gorithm for the LLL. This was somewhat answered by Chandrasekaran, Goyal
and Haeupler [CGH10] where the authors consider the witness tree analysis (that
we have not presented here) which can be seen as the recursion tree of the al-
gorithm. The original work of Moser and Tardos shows that the expected size of
this recursion tree is polynomial. Then [CGH10] show that the expected size can
be computed and one can deterministically make choices so that the remaining
expected size goes down. While this technically answers the question, it does
not provide additional insides into the LLL. Alternatively, one might hope for an
explicit, intuitive potential function (differently from the expected witness tree
size) that can be easily computed and more naturally provides a deterministic
algorithm.
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The Kadison-Singer problem. The Kadison-Singer Conjecture from 1959 was
a problem that somewhat independently appeared in an unusually large num-
ber of subfields of mathematics. Intuitively the question was whether a set of
shortvectors in isotropic position could be partitioned into two spectrally similar
parts. It was very recently resolved by Marcus, Spielman and Srivastava [MSS15]
who proved the following:

Theorem 3.11 (Marcus, Spielman and Srivastava 2013). Given vectors vy, ..., Uy, €
R" with Z;’il v; vl.T =I,, and ||v;||, < ¢, there exists a partition [n] = [yUI, so that

(% —@(8)) Ty <Y viv! =< (%"‘@(5))'111 Vjelil,2},

lte

The proof of this spectacular result uses interlacing polynomials and the re-
sult is non-constructive in the sense that it is currently unknown whether the
partition [n] = [Ul, can be computed in polynomial time. In fact, it is a chal-
lenging open problem to find such a polynomial time algorithm. However, this
can also be seen as an open problem connected to the Lovdsz Local Lemma. First
note that the theorem of [MSS15] can be rephrased, as the fact that there is a col-
oring x: [m] — {—1,1} so that

m

m
Y xiwi, = xiviv],yy"y <0 Viyl=1
i=1 i=1

This condition feels like finding a coloring that is good for infinitely many di-
rections or “sets”. For the sake of argument imagine to just take the coloring
x ~ {—1,1}'" uniformly at random. Then the variance in some direction y with

lyllz=1is
Var[ Y xi <vj,y>2] =Y W' 0E* Y (v;,y)* =0
i=1 i=1 i=1

That means to achieve the MSS Theorem one can only afford a deviation in each
direction of O(1) times the standard deviation. If we are aiming for a weaker
bound and replace the bound of % + ©(¢) with say % + }1, then we can afford a
deviation of @(%) times the standard deviation. While one has infinitely many
vectors, the events in most directions are little correlated. It would be beautiful if
one could reprove the Kadison-Singer question (even in a weaker form) using a
“spectral variant” of the Lovasz Local Lemma. This might also give a polynomial

time algorithm.
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3.4 Exercises

Exercise 3.1. Let n = 2k and D € N. Prove that there exists a k-uniform hyper-
graph H = (V,£) on n vertices with degree at most D so that the fraction of col-
orings yx : V — {red, blue} that have property B is at most exp(—D - 270K py).
Hint: A random k-uniform hypergraph will do the job.

Exercise 3.2. Let H = (V,£) be a t-uniform hypergraph where deg,;(v) < ¢ for all
v € V. Prove that there exists a coloring y : V — {red, blue} so that for every edge
e € £ one has

|(#i € e: x(i) =red) — (#i € e: x(i) = blue)| = O(y/ tlog(?)).

Exercise 3.3. Fixa a > 0. For a graph G = (V, E) with |V| = n one defines the edge
expansion as 5
16(S)]
°®:= min {56

Assume that G is r-regular and ®(E) = a - r (which means that the graph G is an
expander graph). Prove that if r is big enough — dependent on «, but not on n
— then there is a partition E = E;UE, so that %r < degEl,(v) < %r and ®(E;) = %r
for both i € {1,2}.

Hint: You will need the general LLL. Consider the family F,;:={ScV |ve
S and |S| = sand S is connected}. Follow the following strategy: (i) show that
it suffices to lowerbound |6, (S)|/|S| for S so that the induced subgraph G[S]
is connected; (ii) prove that | F,, | < (©(r))*"!; (iii) what is the probability for a
fixed S € F s that |65, (S)/1S| < §r? If we have a bound p;s| on the probability
of the event %arISI <10g (S| = sarlS| failing, then pick an overestimate of say
Xg:= pé’ 10,

Exercise 3.4. We consider the following routing problem: we are given an undi-
rected graph G = (V, E) with pairs (sy, #1),...,(S, tx) € V x V and a parameter
D € N. The goal is to find to find s;-t; paths P; of length at most D so that the
congestion maxecg |{i € [k] | e € P;}| is minimized. Assume that in the optimum
solution the congestion is 1. One can use linear-programming techniques so that
for each pair i we find a collection of s;-t; pairs {Pl.l, oo PlN } with small congestion.

In particular the paths will satisfy the length bound of IPZ | < Dforalliand jand

. lijieeP]} .
the average congestion is WPl - 1 for all 4 (you do not have to prove these

properties). Let us also assume for the sake of simplicity that N is a power of 2.
Prove that under these assumptions there are s;-#; paths so that each edge has
congestion at most O(log D).

Hint. Apply the LLL iteratively to sparsify the collection of paths.
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Exercise 3.5. A function c:R — {1,2,..., k} is called a k-coloring of the real num-
bers. We say that a subset T < R is multicolored if c(T) =11, ..., k}, meaning that
T contains elements of all colors.

Prove that for parameters k, m € N with m = 10kIn(10k) the following holds:
for any finite set S < R with m = |S| elements and any finite X € R, there is a
k-coloring ¢ : R — {1,..., k} so that the translated’ x + S are multicolored for all
xeX.

4Here x + S is defined as {x + s | s€ S}.



Chapter 4

Point line incidences and the
Crossing Number Theorem

The probabilistic method is also a powerful tool in answering geometric ques-
tions. The motivating question for this chapter is the following: suppose we have
aset of lines L and points P < R? in the Euclidean plane. Let Z (P, L) be the number
of incidences between those lines, meaning it is the number of pairs (¢, p) € L x P
so that p lies on 7.

epP

eL
Fig: Example with |P| = 4 points, |L| = 6 lines, Z(P, L) = 4-3 = 12 incidences

Then the question is: how large can the number of incidences Z(P, L) be, depen-
dent on the number |P| of points and the number |L| of lines. And for simpler
notation we will be focusing on the symmetric case with |L| = n = |P|. For this
chapter we will mostly follow the brilliant exposition of Matousek [Mat02].

4.0.1 Alower bound

To get some intuition on what the right answer might be, we want to start with a
lower bound construction.

Lemma 4.1. There are n points and n lines so that Z(P,L) = Q(n*'3).

53
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Proof. One can quickly come up with the educated guess that the points should
be arranged in some form of a grid in order to maximize the incidences. So let
P be an n?/3 x n!’3 size grid. Let ¢, be the line going through point (a,1) and
having slope . We pick the lines L:= {¢,; | a€ {1,...,n**}and b€ {1,...,n' 3}
as our lines.

A
y

L [ ]
n1/3 Y o
[ L
=
<<
a

Then we claim that there are Q(n*'3) many incidences. The best way to see this
is by observing that for a < 1n?3 and b < 1n'® the line ¢, has exactly n'/3
incidences. O

4.0.2 Anupper bound based on forbidden subgraphs

Many results in particular in geometric combinatorics are obtained by using for-
bidden subgraph arguments. We say that H = (Vy, E) is a subgraph of G = (V, E)
if there is an injective map f : Vg — V so that {u, v} € Eg = {f(w), f(v)} € E. In
particular this gives a monotone relation in the sense that if H is a subgraph of G
then this remains true if we delete edges from H or add more edges to G. Partic-
ularly important classes of subgraphs are K, — the complete graph on r nodes;
and K,,; — the complete bipartite graph with r nodes on the left side and s nodes
on the right hand side.

Theorem 4.2. For any points P and lines L in the plane with |P| = n = |L| one has
Z(PL) < 0(n%?).

Proof. Define a bipartite graph G = (PUL, E) with an edge {p, ¢} € E if the point
p lies on ¢. In particular |E| = Z(P,L). Then this graph does not contain a K;» as
two lines can only intersect in one point, not more.
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forbidden K3 »

But any graph without a K, » subgraph has at most O(1n*?) many edges as we will
see in the next Theorem in more generality. O

Theorem 4.3 (Kovari-Sos-Turan Theorem). Let G = (V, E) be a graph without an
induced K;,, subgraph. Then |E| < O(r) - n®>7!'".

Proof. 1t suffices to prove the bound for a bipartite graph G = (V1UV;, E) with
Vil = n = |V,|. The reason is that we could partition the original graph G into
two partitions while keeping at least half of the edges. Let N(i) < V> be the set
of neighbors for a node i € V). Basically the proof consists of the following 1-line
estimate that double-counts the number of r-tuples in neighborhoods N(i):

|E|" n (1 @ 1 . IN()]| n

==X el =5 Y INerrs Y 2o-n | <ron

rn r\ney I iew e\ T r
—_——

=|E|

The crucial argument for (1) is the following: consider any set U < V, of size
|U| = r. Then there are at most r — 1 many nodes i € Vj so that U < N(i) as
otherwise we would have found a K.,

1% Vs

N()

|U|l=r

Then the r-tuple U is counted at most r — 1 times on the left hand side of (1).
In (2) we use Jensen’s inequality with the fact that f(x) = x” is a convex function.
Rearranging the inequality gives |E| < (r-r" - n2r~Hlur = o(r) - n2~Y" as claimed.

O



56CHAPTER 4. POINT LINE INCIDENCES AND THE CROSSING NUMBER THEOREM

Note that there are indeed graphs without a K, > subgraph that have 0(n3'?)

many edges. The proof can be slightly extended to obtain that any graph without
a K, ; subgraph with r < s has at most O, ;(1)- n>~!'” many edges. In other words:
more or less only the smaller side of the forbidden subgraph counts.

4.1 Crossing numbers

For an undirected graph G = (V, E), a drawing consists of an injective map f :
V — R?, mapping points into the plane and continuous injective maps g, :
[0,1] — R? for every edge {u, v} € E modelling the arcs. We require that the maps
guy start and end at f(u) and f(v). Moreover, arcs may not run through vertices
other than their own, meaning the interior of the arcs does not contain a node. A
crossing is a point that is common to at least two arcs. The crossing number of a
drawing is the number of crossings, but counting a crossing of k arcs with mul-
tiplicity (]26) In other words, one could always perturb the arcs a little so that the
crossing number remains the same but at any point no more than 2 arcs cross.

Obviously a graph can have drawings with many crossings and some with few
crossings. The crossing number cr(G) of a graph G is then the minimum number
of crossings of any drawing. A drawing is planar if the number of crossings is 0
and a graph is planar if it has a planar drawing, i.e. cr(G) = 0.

[ ] ] [ ) O,
/ %

o L o\//
planar drawing of Ky drawing of K5 with 1 crossing

The question that we will aim to solve now is: what lower bound on the cross-
ing number can one give, depending only on the number of edges? A well known
condition is the following:

Lemma 4.4. Any planar graph G = (V, E) has |E| <3n—6.

To see this, we can denote F as the faces of a planar drawing. Then Euler’s
formula says that |E| — |F| = |[V| - 2. As every face is bounded by at least 3 edges
and every edge is incident to only 2 faces we also have |F| < %IE |. Putting this
together gives |E| < 3n—6. Note that this inequality can be read as the fact that in
a planar graph, the average degree is slightly below 6. And in fact there are planar
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graphs whose average degree is tend to 6 as n — oo, for example the “grid graph
with diagonals”.

Now we can come to the Crossing Number Theorem and it’s beautiful probabilis-
tic proof. To get some intuition about the quantity note that it says that a graph
with |E| = 5|V| many edges might not have a crossing, but a dense graph with
|E| = ©(n?) edges will have ont many crossings. In other words, for dense
graphs, there is no “good” drawing — all drawings are equally bad up to a con-
stant factor.

Theorem 4.5 (Crossing Number Theorem). Let G = (V, E) be an undirected graph.
Then cr(G) = 6%1 . % —|VI.
Proof. We begin by proving a rather weak lower bound on the crossing number:
Claim. One has cr(G) = |E| - 3| V.
Proof of claim. Fix the drawing that attains the crossing number and set k :=
cr(G). Remove one edge after the other while each removed edge was involved
in a crossing. That means we can find edges ey,..., e, so that the “inherited”
drawing is crossing free for the edges in E\ {ey,...,ex}. Then |E\{ey,...,ex}| <
3|V| -6 < 3|V]| by the previous Lemma. This can be rearranged to k = |E| — 3| V.
O
The claim gives already the right asymptotic bound if the graph is sparse, i.e.
|E| = ©(|V]). We can now use a probabilistic argument to reduce the general case
to the sparse case. Take an arbitrary graph G = (V, E) and let n:=|V|and m := | E|.
We may assume that m = 4n otherwise we are done. For a probability p € [0,1],
we pick a subset V' € V at random that contains each node independently with
probability p. Then we obtain a random subgraph G’ = (V/, E’) that inherits an
edge {u, v} € E if both end points are sampled into V'. Now, for the crossing
number cr(G’) of the random subgraph we obtain that

4 (%) , Claim+linearity , , 2
prcr(G) = Elcr(G)] > E[E|-3E[IV']l=p°m—-3pn
—— ——
=p?m =pn

In (*) we use the following observation: consider the optimum drawing for G and
delete all nodes not in V' and all edges that do not have both end points in V’.
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Then a crossing between {uj, up} and {us, us} only remains if uy, up, uz, us € V'.
That means a crossing only survives with probabilit p*. Hence E[cr(G")] < p*-
cr(G) (and this is only an upper bound because there is no guarantee that the
inherited drawing is still optimal for G'). Rearranging and choosing p gives

m 3np=2.1 3\ m
cr(G) = ? - ? = ( ) .
as desired. O

Note that for the choice of p = %” we have E[|V'|] = pn = @(%2) and E[|E'|] =

pm? = @(%2). That means we have indeed reduced to the case of sparse graphs
as we have claimed earlier.

4.2 The Szemerédi-Trotter Theorem

Now we come to a tight upper bound on the number of incidences. The simple
proof that we see here is due to Székely.

Theorem 4.6 (Szemerédi-Trotter Theorem). For any set of points P and lines L in
the plane with |P| = |L| = n one has Z(P,L) < O(n*3).

Proof. We define a graph G = (P, E) that has a vertex for each of the points in P.
Then we insert an edge {p, p'} € E, if p and p’ are consecutive on some line ¢ € L.
Phrased differently, for aline ¢ € Llet p,,..., px € P be the points in their natural
order; then {p;, pjs1} € Eforalli=1,...,k—1.

points P and lines L graph G = (P E)

'Note that the bound of p* would not hold if there would be a crossing of two edges incident
to the samenode u. But one can argue that the optimum drawing would never have arcs coming
from the one node intersect. If there was such an intersection, one could swap the segments
between the first crossing and the common node u and then remove the crossing itself, resulting
in a drawing with lower crossing number.
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Then a line ¢ that contributes k many incidences to Z(P, L), contributes exactly
k—1 edges to E. Hence Z(P,L) < |E| + n. So it suffices to bound the number of
edges | E|. For this sake, we inspect the crossing number of the constructed graph.
And indeed one has .
gf’Lz -n (2 cr(G) (2) n?

Here we use the crossing number theorem in (). To get the bound on the cross-
ing number in (**), we use the straightline drawing where the arc for an edge
{p,p'} € E goes along the line ¢ with p, p’ € £. Then arcs cross only where lines
cross; and there are at most n? such crossings of lines.

Rearranging the above inequality then gives that |E| < O(n*/%) as needed. [

4.3 Exercises

Exercise 4.1 (From Matousek [Mat02]). For a set of points P and unit circles C in
the plane, let Z (P, C) be the number of incidences. Show that for |P| = n = |C| one
has Z(P,C) < O(n*'3).

Exercise 4.2 (From Matousek [Mat02]). Prove that for any n and Cn < m < (3),
there is an n-vertex graph with m edges and crossing number at most O(m®/n?),
where C > 0 is a big enough constant.

Exercise 4.3. Fix a prime number p € N. Define A := {a = (a;,a»,1) € ZS;’,} and
B:={b = (b1, b2,1) € Z;}. Consider the bipartite graph G = (AUB, E) with E =
{(a,b) € Ax B|Y3_, aib; =, 0}. Prove that G has ©(n*'%) many edges where n :=
|Al = |B| but does not contain a K ».

Exercise 4.4. The Crossing Number Theorem only applies to simple graphs with-
out parallel edges. We will now extend it to graphs having parallel edges. Let

G = (V,E) be a multi-graph and k be the maximum edge multiplicity (meaning
E[®
_) —

that an edge {u, v} may exist up to kK many times). Prove that cr(G) = Q( VT

O(k?|V|), where |E| counts each edge with multiplicity.

Exercise 4.5. Use the probabilistic method to prove that for any r,n € N with
2 < r < n, there is a bipartite graph G = (V1UV,, E) with |V;| = |V5| = n that does
not contain a K;,, subgraph and has |E| = C, - n?72/*1) many edges. Here C, >0
is some constant that may depend on r.

Hint. Use the method of alterations.
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Chapter 5

VC dimension and -nets

In the following, we will study the complexity of set systems (X, .F), where X is
the ground set with | X| = n elements and F < 2% is the family of subsets. Here we
will follow in part [Mat02] and in part [AS16]. To make it more concrete, consider
a set X € R? of n points in the plane and let

F :={|[Rn X]|: Ris an axis parallel rectangle}

R

° o)
o o cX

What can we say about the complexity of this set system? On the one hand, there
are infinitely many rectangles — but the intersection with X can trivially give at
most |F| < 2" many combinations. But it is hard to imagine that all possible
subsets of X could be realized as intersection with a rectangle. In fact, later we
will see that even | F| < O(n?).

One can imagine that in many other geometric settings the subsets have a lot
of structure — they are “simpler” than arbitrary set systems. This phenomenon
is brilliantly captured by the concept of VC dimension, named after Vapnik and
Chervonenkis. First, we say that a subset A € X is shattered by F, if all 24! pos-
sible subsets of A can be obtained as intersections of the form An S with S € F.
Phrased differently, A can be shattered if Fj4 = 24 where Fla=(A{ANS:Se F})
is the set system induced on A. Then the VC dimension of (X, F) is the largest car-
dinality | A| of a subset that can be shattered.

In planar geometry one often assumes that some set of points X < R? is in
general position meaning that the points have no constellation that has a zero
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probability of occurring if the points would have been picked at random from
some continuous distribution. For example if X is in general position, no 3 points
should be on a line and no 2 points should have the same x-coordinate or the
same y-coordinate.

Lemma 5.1. Let X < R? be points in general position and |X| = 4 and let F =
{IRn X| : R is an axis parallel rectangle}. Then the VC dimension of (X, F) is at
most4.

Proof. Suppose for the sake of contradiction that some set A < X of | A| = 5 points
can be shattered. Take the unique minimal rectancle R containing A. By the
general position assumption, each side of R contains exactly 1 point. So there is
one point x € A in the interior of R. Then there is no set S € F with SN A= A\ {x}.

ox

O

With some more case distinctions one can also show the claim for points that
are not in general position. Note that in general one will not be able to improve
this bound. For example if there is a rectangle R that has exactly one point of
A on each side, then one can shatter A. To do so, for a subset A’ € A take the
rectangle R and simply shorten the sides containing points of A\ A’. We will see
more examples in the exercises.

5.1 The Shatter-function

We want to go back to the question of how many different sets are there in a
set system with bounded VC dimension. In our example (X, F) of axis parallel
rectangles, we determined that the VC dimension is 4. Also we have seen that
any minimal rectangle is uniquely determined by at most 4 points. Hence we can
argue that at least for axis parallel rectangles we will only have | F| < O(n*) many
different sets. From that consideration one might get hopeful that for a general
set system one could prove a 0(n%) bound, where d = dim(F). And indeed that
is true:
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Lemma 5.2 (Shatter Function Lemma). Define ®,4(n) := (y) + () +...+ (}}). Then
any set system (X, F) with | X| = n elements and VC dimension d = dim(F) has

| Fl<®y(n).

Proof. We will prove that | F| < ®4(n) by induction. Fix an element x € X. We
define

Fi:=Fix\g and F,={S|Se F and SU{x} € F}

Then F is the set system that we obtain by deleting x. Note that /; might have
fewer sets than J as any set S € X \ {x} with S € F and Su {x} € F would be
collapsed to just one set. But these sets are being count in JF,. Hence |F| =
|F1] + |F2|. By induction we have |F;| < ®4(n —1). Next, considering F, we
observe hat dim(F;) < d — 1. The reason is that if A < X\ {x} was shattered in />,
then AU {x} is shattered by F. Then

|Fl=1F1l+ P2l =@g(n—1)+Dy_1(n—1) =Dy(n)

using the recurrence (') + (7-1) = (}). O
We also want to introduce a general notion that is usually used in this context.
We define the Shatter Function of the set system (X, F) as

rr(m):= max |Fyl
YEXi|Y|=m

In other words, for every m € {1,...,n}, mr(m) gives the maximum number of
different sets that any induced set system with m elements may have. Then the
previous Lemma is equivalent to 7 x(m) < ®4(m) for all m € {0, ..., n}.

5.2 Epsilon-nets

For a set system (X,.F), a transversal is a set of elements N < X that intersect
every set, meaning that [INN S| = 1 for all S € . One might naively wonder
whether set systems with bounded VC dimension have small transversals? But
that is not true. Even for axis-parallel rectangles, one can of course have a rect-
angle Rn X = {x} for every single element x € X and hence the only transversal is
N=X.

But maybe there are transversals that hit at least the large sets. So we call
N € X an ¢-net, if for all sets S € F with |S| = ¢/ X| one has I[Nn S| = 1. In words:
N has to intersect every set that contains at least an e-fraction of elements of the
universe.
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For the sake of argument, suppose we are aiming for a %-net for a set sys-
tem (X, F). Then it is an easy exercise to argue that if we sample O(r -log|.F|) <
O(rdlog(n)) elements uniformly at random, then any %—1arge set will be hit at
least once. But this leaves us wondering whether a dependence on n is really
needed?

Question. Is it possible to find an € -net of size f (¢,dim(F))?

We can also allow to give weights to the elements. So, let u be a probability
measureon X. Then an e-net must have the property that (S € F with u(S) = ¢) =
IN N S| = 1. In fact, the notion of VC dimension and e-nets then also make sense
if X is an infinite (say compact) set and F is a family (again compact) subsets of
X.

To get some intution we want to study the continuous version of our previous
setting. We set X := [0, 112 and F :={R<[0,1]% | Ris axis-parallel rectangle} and
let u be the uniform measure on [0, 1]2. Suppose we are aiming to intersect every
rectangle S of size u(S) = % where r € 2V, Here is one possible line of attack. Take

a € 22 with # < @ < 4/7 and partition [0, 1]? into cells of width 4;;7 and height
1

e Every S € F with u(S) = % will fully contain one of these cells (for the right
a). Here a gives the right ratio of width over height of the target rectangles that
we try to hit.

I I I
I R B B
N N U N S
1 1 1
___J___LS___I___-
1 1 1
-—_————— - — =] - =4
I I I
- —— e —— == = = — -
1 1 1
L R B
1 L I N
1 I I
a-4\/71 ] ] ]
g
avr

There are only O(rlog(r)) < poly(r) many such cells. If we now sample N as
O(rlog(r)) many points from X at random, then we miss a cell only with prob-
ability m+ﬂﬂ and hence are likely to hit every of the cells and hence also every
%-large rectangle. Hence there are indeed %-nets for axis-parallel rectangles of
size O(rlog(r)).

This reasoning obviously uses a lot of the geometry of the set system. But we
will now see the random sampling still works for general set systems of bounded
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VC dimension. We present the beautiful probabilistic proof of the e-net Theo-
rem. As Matousek writes it: one might be tempted to believe that it works
by some magic.

Theorem 5.3 (¢-Net Theorem). Let (X, F) be a set system with VC dimension d
and let 4 be a measure on X. Then a uniform sample N of O(drIn(r)) many
elements is a %-net with probability at least 1/2.

Proof. We can delete small sets from our set family and hence assume that p(S) =
% for every S € F. Let C be a large enough constant and set s := CdrIn(r) be our
target sample size. However, we do the sampling process in a non-intuitive way.
First we sample fwice as many points as we actually need. More precisely, we
sample zj,..., 225 € X independently and possibly with repetition according to u
and set A:={zy,...,2y5}. Then we pick a uniform sample N < A of exactly |N| = s;
the remaining elements are denoted by M := A\ N.

A: Z.l I ‘o . l

Nwith |[N|=s

The expected number of samples for a set S is then E[|SN N]|] = f = CdIn(r)
(counting elements with multiplicity if they have been sampled several times).
So we set a value of k := 5> which is half of the expectation. Now we define two
events that are going to be crucial:

&o
&

Thereisan Se F with NnS=¢
Thereisan Se F with (NnS=¢g and IM N S| = k)

First we show that the probabilities for both events are close:

Claim I One has 1 Pr[&] < Pr[€;] < Pr[&].

Proof of claim. The inequality Pr[&;] < Pr[&] is clear because £; emerges from
&y by adding an extra condition. For the 1st inequality it suffices to prove that
Pri&; | N] = %Pr[&) | N] for every fixed sample N. In fact, it suffices to consider
the case where N is not an %—net as otherwise Pr[€; | N] =0 =Pr[&y | N]. Then fix
any set S* € F with NN S* = @¢. Note that even if N is fixed, M is still a uniform
sample of s elements from u (with repetition). Then Y := |[M N S*| is the sum
of independent 0/1 random variables (again considering M as a multiset) and
E[Y] =2k = CdIn(r). Then using Chernov bound II we get

\ 1 1 1
Pr(€1 | N1 = Pr([Mn S*| = k] 21—Pr[Y<5[E[Y]] zl—exp(—g[E[Y])) 2>
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for C large enough. O
Claim II. For every fixed choice of A one has Pr[&; | A] < i.

Proof of claim. In principle, the proof consists of the usual combination of con-
centration plus union bound. The crucial question though is: what sets do we
need to take into account. Once A is fixed it suffices to consider the induced set
system (A, F|4). This set system still has VC dimension at most d, hence it only
has | Fjal = ®;(2s) < (%)d many set. Now for every S € F|4 one has

) (2ss—k)
PriINNnS=¢and |[MnS|=k] = 5
(%)

¢ ): —Cdla

= exp ( - Zdln(r)

< (1—2—]1)8 < exp(—k/2)

In (*) we use the following reasoning: the probability Pr[NNS=@ and |[M N S| =
k] can only be non-zero if |[An S| = k. And in that case to get NN S = @ it needs to
happen that each of the s samples for N does not come from the An S. Now we
can apply the union bound to get.

6-2CdrIn(r)

d 1
y ) mCl < 12cdr? - 4 <

Pr(&) | Al < D (2s) - r~C4/4 < ( ;

if we pick C large enough.
Now we can finish the proof. Combining both proven claims we have Pr[&] <

2Pr[&)]1<2-1=3. m
We want to briefly mention a notion that is closely related to e-nets. We say
that a set A € X is an e-approximation for a set system if I% -u(S)|<e In

particular a §-approximation is also an £-net. One can prove that there is always
a %-approximation of size O(dr?In(r)).

5.3 Dual set systems

FxX

For a set system (X, F), the incidence matrix is the matrix A € {0, 1} with en-

tries

1 ifieS .
AS,i: . VSe F Vie X.
0 otherwise

'Here can use the following estimate.
Claim. For d, m e N with m = 2d one has ®;(m) < (67’")‘1.
Proof. Simply bound ®4(m) =X % (7)< @+1)- () = (d+1)- (&4 <29 (&4 < (821)d Here
we use that (') < (,7,) for all i < m/2 as well as the generous bound of d + 1 <29 for d = 1.
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The dual set system (X*, F*) is the system that we obtain by reversing the roles
of elements and set. Formally, we have elements X* := F and F* = {Sy | x € X}
with sets Sy :={S € F | x € §}. The incidence matrix of (X*, F*) is the transpose
of the incidence matrix of (X, F). The dual shatter function T}(m) is the shatter
function of the dual set system. In particular 7°-(m) is the maximum number of
equivalence classes that can be formed by selecting m sets from F.

In our example of (X, F) with X = [0,1]?> and F being all axisparallel rectan-
gles we have 77-(3) = 8 because with 3 rectangles one can indeed get 8 equiva-
lence classes:

One can prove that the VC dimensions of a dual pair of set systems is related:

Lemma 5.4. The dual set system satisfies dim(F*) < 24m),

Proof. Suppose that dim(F™) = 24, Then there are sets S1,...,S,a € F whose

. d . .
Venn diagram has all the 22" many possible equivalence classes. Let x, ..., X,pd €
X be points such that we pick one point from each equivalence class.

. d . . .
Consider the 29 x 22° incidence matrix of those elements and sets. Then this
matrix contains all possible 0/1 columns with 2¢ entries.

X1 Xod
S1

— -0 O
— o = O

Szd

7

d selected columns

Then in particular it will contain the d many columns that correspond to d shat-
tered elements. Hence dim(F) = d. O
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5.4 Discrepancy of set systems

For set system (X, .F), we define a coloring as a map y : X — {—1,1} that “col-
ors” every element with either —1 or +1. The discrepancy of that coloring is the
maximum in-balance of any set, i.e.

disc(F, x) :=I§1€€JLTX|X(S)|

where we abbreviate y(S) = Y jes ¥(j). Then the discrepancy of the whole set
system is defined the discrepancy of the best coloring:

disc(F):= min maxl)((S)I
x:X—1{-1,1} Se F

The following is a folklore result:

Lemma 5.5. For a set system (X, F) with | X| = n elements and | F| = m sets one

has disc(F) < O(y/nlog(m)).

Proof. Pick a uniform random coloring y : X — {—1,1}. Then for each set S € F
one has Pr[|y(S)| > AV|S]] < 2exp(—7t2/ 2) using standard concentration bounds.
Then setting A := O(y/logm) and applying the union bound gives the claim. O

For example if m = n, this gives a O(y/nlog(n)) bound. On the other hand,
for example for a random set system one can show that disc(F) = Q(y/n). It takes
some work to remove the extra y/logn-term in the upper bound, but this is in-
deed possible as we will see with Spencer’s Theorem in a later chapter.

For now we want to bring our attention back to set systems (X, /) with bounded
discrepancy. It turns out that for those one can even improve the exponent of %
to % - % where d is the dual VC dimension.

We say that two elements x, y € X crossaset S, if |[{x, y} n S| = 1.

Lemma 5.6. Let (X, F) be a set system with |X| = n, |F| = m and dual VC di-

mension d. Then there is a pair x,y € X that crosses at most O(m - l(;gls';)) many

sets.

Proof. Let crossz(x, y) the number of sets that {x, y} crosses in F. Sample each

set from F independently into F' < F with probability p := min{% - ,1} The
idea of the proof is to use that cross z(x, y) is a good enough approximation to
cross r(x,y) (up to some error). First note that E[|F'|]] = pm < gn”d and with
probability at least 1/2 one has | F'| < 1n!/4. If we consider the Venn diagram
formed by F’, it will have at most 7 r+ (|.7:’|) < 2|F')? < n many equivalence
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classedd. In particular there have to be two elements x, y € X in the same equiv-
alence class. Note that cross z(x, y) = 0. If p = 1, then F' = F and we are done.

So, suppose that p = si n'4. We will see that with high probability, any such pair

m
will satisfy the claim.

e F'

In fact, consider a pair x,y € X with crossr(x,y) = m% many sets in the

original set system F. Let Y5 € {0,1} be the indicator random variable telling

whether S € 7'. Then we can write let cross (x,y) = Y SeFilix,yins=1 Ys. Note
that E[cross =/ (x, )] = p - mkﬁ# = 4In(n) and hence we have Pr[cross ' (x, y) =
0] = exp(—E[crossr (x, Y)]) < # As there are at most 12 many pairs, the pair (x, y)

will have a low crossing number with high probability. O

Lemmab5.7. Let (X, F) be a set system with | X| = n, and dual VC dimension d = 2.
Then there exists a Hamiltonian cycle C on X that crosses every set S € J at most
O4(n'~14 .log(n)) times.

edge crossing S — Co oo e — e )

SeF

]
| |
° o—o—o ()

Proof. First observe that it suffices to find a spanning tree T that crosses every
set at most K := O4(n'""4 .log(n)) times. Then we can use the following stan-
dard argument: double the edges of T to obtain a connected subgraph with even
degrees. Then there is an Euler tour visiting every edge exactly once. Then short-
cut that Euler tour by skipping revisited nodes. We obtain a Hamiltonian cycle
that crosses every set at most 2K times. Now to the argument how to find the
spanning tree.

Let F ={Sy,..., S} be the sets in the set system. We give each set i an initial
weight of w; := 1. We start the subgraph T := (X, {@¢}), which will be a forest at
any time and finish as a spanning tree. Now we call the previous lemma to ob-
tain a pair {x, y} crossing at most O(m - 13552)) many edges. Actually the lemma
also works if the sets are weighted (as dublicating a set does not change the VC

2Claim. For all m,d € N one has ®;(m) < (2m)%. Proof. ®;(m) = Z?:o (Z) < Z?:o nl < 2n).
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dimension). So we can always get a pair {x, y} crossing sets of weight at most
O(lwl - l?ﬁ#). We add the edge (x, y) to T and double the weight of all the sets
that were crossed by the edge. In the next iteration (and in any further iteration)
we repeat the argument, just that we do not apply the previous Lemma to all
points, but we pick a subset Y < X that has one point from every connected com-
ponent of T. The total weight of sets increases by at most a factor of 1 + Ol(l;ﬁgl)
per iteration. At the end of this prodedure, we have selected n — 1 pairs and T
is a spanning tree. Let cross(S,T) := [{{x,y} € T | |Sn {x, y}| = 1}| be the num-
ber of times that edges in T cross S and let S* € F be the set that maximizes
cross(S*, T). If we analyze the final weights wg of all the sets, ther

. (*) (% %) L O(logn)
zcross(s ,T) < wg < |f‘| . (1 + _)
SEZ]: l:l_ll (n—itd
n

< |]—"|-exp(0(10gn)' Zm )
i=1 "t

(S —
<0(nl-Vdyas d=2
< exp (Od(log(n)) + O(logn) - nl_l/d)

Here we use in (*) that the weight of S* was doubled cross(S*, T) many. We can

i d . .
bound | F| < ndimF) < 2 = 20allogn) \vhich only results in a lower order term.
]

The argument in the proof to maintain weights that increase exponentially
with any violation belongs to a very general technique called multiplicative weight
update method with numerous applications in machine learning and theoretical
computer science.

The trick is that the Hamiltonian path allows us to pick the random coloring
in a smarter way so that the standard deviation per set is a lot smaller than /7.

Theorem 5.8. Let (X, F) be a set system with |X| = n and dual VC dimension d.
Then disc(F) < O4(n'/?71/CD .og(n)).

Proof. After possibly dropping an element we may assume that 7 is even. Let
C be the Hamiltonian cycle from the previous Lemma. By picking every 2nd
edge of C, we can get a perfect matching M < C crossing any set S at most k :=
O©(n'~141og(n)) times. Now we pick again a random coloring y : X — {-1,1}. But

log,(n) n -

1 \1/d
k=1 2k ) =

ni2k -
1/d

nmvay, (27)’C and the latter sum converges. The general bound can be obtained by round-

ing n up to the nearest power of 2.

3Here note that if n is a power of 2, then Z;LIW <= X
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differently from before, we consider each edge {u, v} € M and with probability
1/2 we color y(u) =1, x(v) = —1 and otherwise we color y(u) = -1, y(v) = 1.

M

If we now consider the discrepancy x(S), then every edge completely inside
of S or completely outside of S contributes 0 to the discrepancy. Still E[y(S)] = 0.
The crucial observation is that the standard deviation of y(S) is now bounded by
Vk instead of v/[S] which could be up to /7. Then Pr[|y(S)| > 10\/log(m)V'k] <
ﬁ by the Chernov bound and via the union bound we can conclude that

disc(F) < O(\/klog m) < O(\/E\/log(n) . n”z_l/(Zd)\/log(n))

which gives the claimed bound. Here we plugin the bound on kand m < ®,4(n) <
O(n?). O

5.5 Exercises

Exercise 5.1. Let (X, F) be a set system with |X| = n elements and VC dimen-
sion d. We have seen in the e-net theorem that there is a %—net whose size only
depends on r and d and we know that a Oy ,(logn) bound is simple. Now we
wan to give a intermediate argument without the epsilon-net theorem that gives
a Oy r(loglogn) size %-net.

(i) Sample O(rdlog(n)) elements Y < X uniformly (with repetition). Show
that with high probability any 2—1r—net for the induced set system (Y, Fy)
is a L-net for F.

(i) Show that there is a O(rdlog(|Y1))-size 5--net for Fjy.

Exercise 5.2. Let (X,.F) be the set system with X = [0,1]? and F = {R < [0,1]? |
R is axis-parallel rectangle}. Prove without using Lemmal5.4that the dual shatter
function satisfies 7 7+ (m) < O(m?) and the dual VC dimension is bounded by
dim(F*) < 0(1).

Exercise 5.3. Prove that there exists a set system with n elements and 7 sets so
that the VC dimension is ©(log n). Solve the problem in the spirit of this class!
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Exercise 5.4. For k € N, let P be the family of full-dimensional convex polytopes
in R? with at most k vertices. Prove that P has a VC-dimension that is bounded
by a function of k.



Chapter 6

The Regularity Lemma

We start again with an example application. Suppose that G = (V, E) is an undi-
rected graph and we want to test a property like “Does G contain a triangle’? The
only access that we have for the graph is that we can sample a constant-size sub-
set U and inspect the induced subgraph G[U]. Clearly we are asking for a too
strong property — the graph G might only contain a single triangle and that one
triangle will likely not be contained in G[U].

But let us say that graphs G and H are ¢-far if they differ in £én? many edges.
Maybe there exists a tester that samples constantly many nodes and at least dis-
tinguishes the following cases:

e Gis triangle-free
* Gis e-far from any triangle-free graph

It still is not clear whether or not this distinction can be made with O,(1)-many
samples.

Let us first show an algorithm for a particular type of random graphs. Sup-
pose we generate G = (V, E) from a distribution D as follows: we have a partition
V =WU...0Vg for I <« k < f(e) with |[Vj] = ... = |Vi|. For each pair of blocks
I, j € [k] we have a probability p;;. Then every edge (u, v) with u € V; and v € V;
materializes independently with probability p; ;.

O
OO0

@ ®
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Could we test triangle-freeness for such random graphs? We can make a crucial
observation: if there is a triangle in the graph H = ([k], E(H)) with (i, j) € E(H) : &
pij = €/2, then with high probability G will contain Q. (n%) many triangles. On
the other hand if there is no triangle in H, then we can destroy all triangles in G
by deleting all edges coming from the low density pairs V;-V; with p;; <&/2. Note
that the number of such edges will likely not exceed en?. In particular if there are
Q. (n%) many triangles, it suffices to sample O, (1) many nodes for a positive test.

It appears that this line of arguments only works for random graphs that
come from a “density template”. The amazingly powerful result that we will see
now shows: Every dense graph has such a density template!

6.1 The Szemerédi Regularity Lemma

We will now see the statement and proof of the Regularity Lemma, proven by
Szemerédi with the motivation of resolving questions in combinatorial number
theory (we will see one such application in the exercises). We closely follow the
excellent exposition in Alon and Spencer [AS16] and refer to the textbook for any
further details. First we have to discuss how the definition of the “template” that
we promised earlier. Fix an undirected graph G = (V, E) and for disjoint subsets
A,BcV,lete(A,B):=|{e€ E:|en A| = |e € B| = 1}| be the number of edges going
between A and B. The density of the pair is the quantity

e(A,B)

d(A,B) =
|Al-|B|

That means 0 < d(A, B) < 1 is the fraction of all possible edges between A and B
that exist in G. For a constant € > 0, we say that the pair (A, B) is e-regular if

|d(A,B)-d(X,Y)|l<se VX< AYcBwith|X|=¢|Aland|Y|=¢€|B].

In words: for a regular pair, the edge density should be approximately the same
for every subsets X € Aand Y < B of a constant fraction of nodes.

s s

|X| = el Al Y| = e|B]

We can now come to the crucial definition:
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Definition 1. We call a partition V = VyuV1U...UV} an equipartitionif |Vi|=... =
|Vi|. Here Vj is called the exceptional set. We call an equipartition & -regular, if all
pairs (V;, V;) except at most ek? are e-regular and the size of the exceptional set
is bounded by [Vy| < | V.

Then the main theorem for this chapter is the following:

Theorem 6.1 (Regularity Lemma, Szemerédi 1978). For every e > 0, there is a con-
stant T = T (¢) so that every graph with |V| = T vertices has an -regular partition
P=Vo,.... Vi) with1 <k<T.

The proof idea is simple: we start with any partition P with k := % blocks.
Then we find a refinement P’ that is more regular. A refinement P’ of P is a par-
tition so that every block of P is the disjoint union of some blocks of P’. Here we
are interpreting Vj as | Vp| many separate blocks of singleton nodes. In particular
that means in order to obtain a refinement, we can always move a small number
of nodes into the exceptional set V.

00 @
®o00 " Pge

partition P refined partition P’

The crucial ingredient is how to measure the regularity so that it can be mono-
tonically improved. For disjoint sets U, W < V in an n-node graph we define a
quantity

qU,w) .= |U|n| |cl(UW)

If U is a partition of U and WV is a partition of W, then we denote

quU,W):= Y qU, W)
U'eld
w'ew
as the weighted average squared density. It will be useful to introduce a ran-
dom variable Z ~ DU, )VV) as follows: pick uniform random elements u € U
and w € W. Then set Z := d(U',W') where ue U ed and we W' € W. In
other words, Z gives the average density between blocks of I/, VV where blocks
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are picked proportional to their number of nodes. The usefulness of this random

variable is that
|U|- | 14

qU,W) = E[Z%] (%) 6.1)

Next, if P = (Vy, V1,..., Vi) is a partition with an exceptional set 1, then we
define g(P) := Lplocks U,w of P (U, W), where the sum is over the (k+£V°|) many
unordered pairs of blocks, counting each singleton in Vj as one block. The quan-
tity g(P) is called the index of the partition. Again, g(P) can be seen as the
weighted average of squared densities of its partitions. As the densities are in
[0,1] and the sum of the weights is at most 1/2 one has 0 < q(P) < % In fact, as
long as the partition is not regular, we will be able to find refinements that in-
crease q(P). We need a crucial lemma that shows the following: (i) refining can
only increase the value q(P); (ii) an irregular pair can be used to get a refinement
that strictly increases g(P). The improvement comes from the strict convexity of
the function x — x?,

Lemma 6.2. The following holds:

i) Let U,W < V be disjoint. Let{ and VV be partitions of U and W. Then
quU, W)= qU,W).

ii) IfP’ is a refinement of P, then g(P') = q(P).

iii) Suppose a disjoint pair (U, W) is not €-regular due to (U, Wy) with U, € U
and W) <€ W. Then the partition 4 := {Uy,U \ U1} and W := {W;, W\ Wi}
satisfies U, W) > q(U, W) +&*- 'Uln#

Proof. We prove the items separately:

i) We study the random variable Z ~ DU, V) that gives the density of a ran-
dom pair (U’, W’) of the partitions. Note that E[Z] = d(U, W) is just the
overall edge density. Then

2

n Defq(U,W) R
U W)L 22 E[Z)? =dU,W)?> "=
|U||W|q( ) [Z7] E[Z] ( ) T TW]

Ien 2

qU,W)

ii) Follows from i).

iii) Recall that
72

Ul W]

Var[Z] = E[Z%] - E[Z)? = qU W) - qU,W)),
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hence to show the claim we only need to lower bound the variance of Z.
But if we pick the irregular pair (U;, W}), then we get a density that is dif-
ferent from E[Z] = d(U, W). Hence

Var[Z] = E [(Z-E[Z))?] = u~UPL5~W[u €Uy, we Wil-(d(U;, W) -d(U, W))%z et

(. ~ > 282

>g2

Combining this, we get the claim.
O

Now we can come to the central part of the proof for the Regularity Lemma
in which we show that if the current partition is not e-regular, then we can find a
refinement P’ with g(P’) = q(P) + %55. Here the size of the exceptional set only
increases marginally:

Lemma6.3. Let0O< ¢ < i. Suppose P = {V,,..., Vi} is an equipartition with | V| <
en that is not e-regular. Then there exists a refinement P’ = {V,..., V,} that is
an equipartition with k < ¢ < k4* parts satisfying Vol < Vol + zﬁk and q(P') =
q(P)+3€°.

Proof. Consider a pair (V;, V;) with 1 < i < j < k. If this is a regular pair, then we
set V;j := {V;} and V}; := {V;}. If the pair is not regular and U € V; and W € V;
is the irregular part, then we set V; := {U, V; \ U} and Vii:={W,V;\ W}. Now, let
V; be the joint refinement of the partitions {V;} je(x)\(;; that have 1 or 2 parts. In
other words V; is the Venn diagram consisting of at most 2¢~1 parts.

(’ @ G joint refinement G
=
Vi1 Vio Vi3 Vi

Let P be the partition containing V), ..., Vi together with the exceptional set V.
As P was not e-regular, there will be £k? many pairs that are irregular and by
Lemmal6.2liii), each one will increase the function q. We can estimate that

3
4

Vi1V Wi
€ 2
n

n
k

1
k2

=
=

gPyzqP)+ Y.

(i,j) irregular

qP)+e*-ek?®- > q(P)+%£5.

A~ w

€k? pairs
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1
Here we use |V;| = Z ,'C"l > %%

The regularity of P has increased as desired, but 7 is not yet an equipartition.
Suppose that s := |V}| = ... = | V| was the original size of the blocks in P. Then

we split each part of P into blocks of size 4%, moving leftover pieces into the

exceptional set. Then we end up with k- 4¥ many non-exceptional parts and the
S

new exceptional set has size IV(;I <|Wl+ k2k-1. 2E S Vol + Zﬂk O

Proof of Regularity Lemma. We begin with an arbitrary partition of the 7 vertices
into ko := % many equal size blocks, requiring to move at most % < %en many
nodes into the exceptional set. In the ith iteration, as long as the current par-
tition is not e-regular, we employ Lemma and the number of partitions in-
creases from k; to kj4; < k;4ki. As q(P) increases by at least %85, we terminate
after at most 8% many calls. In each call the size of the exceptional set increases by
2—',;, butas k; = %, the total increase in size is generously bounded by %sn. The ar-
gument will work as long as n stays bigger than the bound on k;. That concludes

the proof. O

The reader may have noticed that pessimistically it could happen that for
G)(Els) times the number of partitions increases exponentially. In particular our
bound on T(¢) is a tower of exponents of height ©(1/&°). Surprisingly, there is a
complementary result of Gowers that in some graphs every e-regular partition
requires a number of partitions that is a tower of height polynomial in 1/¢.

If the analysis is still arcane to the reader, maybe a simplifying thought ex-
periment helps. Suppose we have numbers x;,..., x, € [0,1] that are partitioned
into blocks S; U...U Sg. Consider the following random variable Z: pick i € [n]
uniformly and let j be the index with i € §;. then Z is the average of numbers
in Sj which is E¢~s; [x¢]. By Jensen’s inequality, E[Z?] would be non-decreasing
if we would split one of the sets S; into multiple sets. Moreover, if in a constant
fraction of sets (weighted by size), a constant fraction of pairs of numbers differ
by a constant amount, then the sets can be split into two parts so that the value
E[Z]? increases by a constant.

6.2 Application to testing triangle-freeness

We want to come back to our initial application where we wanted to be able to
distinguish a triangle-free graph from a graph that is e-far from being triangle
free. It turns out that we can simply test for O, (1) many random triples of nodes
whether they form a triangle:
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Lemma 6.4. Let G = (V,E) be a graph so that for every H < E with |H| < en?,
(V,E\ H) still contains at least one triangle. Then G itself contains n® many
triangle with 6 := 6 (¢) > 0.

Proof. For the sake of a cleaner notation suppose the assumption is that at least
Cen? can be deleted without destroying all triangles, where C > 0 is a large con-
stant. We invoke the Regularity Lemma and consider the partition P = (1, ..., Vi)
that is e-regular. We delete the following edges:

» All edges incident to the exceptional set V.

 All edges inside some block V;.

* All edges between irregular pairs (V;, V).

* All edges between regular pairs (V;, V;) where the density is d(V;, V;) < 2¢.

edges between(V,, Vi):
660‘ ‘/l’ Vi)<2
O K
56\ <©

eé%e NS o
6 _- o } edges inside V;

edges between
irregular pairs

visualization of deleted edges

Itisnot hard to see that in each of the 4 categories, we delete at most O(e7?) many
edges. By assumption the remaining graph still has at least one single triangle.
By construction, this triangle is running between partitions say Vi, V>, V3 where
all pairs (V;, V) are regular and the densities are d(V;,Vj)z2eforl1<i<j<3.
Recall that |V;| = |V5| = | V5] = s> For ief2,3]etX; ={ueVi:INWwNV;| <
€|V;|} be nodes with rather few nelghbors If | X;| = €|V4], then (X;, V;) was an ¢-
irregular part of (V1,V;). We call nodes u € V) \ (X, U X3) typical. By regularity
we know that the density between neighbors of a typical node u € V; is d(IN(u) N
Vo, N(u)nV3) = 2e —€ = €. But every edge between N(u) NV, and N(u) N V3 forms
a triangle together with u.
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WS
1 ‘V(

Overall the number of triangles between V1, V, V3 is at least (1 —2¢)|Vy|-€-€|Vs|-
elV3] = Qe = 5(e) - . O

6.3 Exercises

Exercise 6.1 (From Alon & Spencer [AS16]). Prove that the following is true. Fix
€ >0 and r € N. Suppose that G = (V, E) is a graph with n = |V| for which one
needs to delete more than £2n edges to destroy all copies of K;. Then G contains
C(g, r)-n" many copies of K;.

Exercise 6.2 (From Alon & Spencer [AS16]). Prove that the following is true. Fix
€ > 0and agraph H. Suppose that G = (V, E) is a graph with n = | V| for which one
needs to delete more than £2n edges to destroy all copies of H. Then G contains
C(e, H) - !V many copies of H.

Hint. The number of copies of H in G is the number of injective maps f: V(H) —
V(G) with {u, v} € E(H) = {f(w), f(v)} € E(G). You can sort of follow the solution
of the previous exercise, but note that some vertices of the remaining copy of H
may end up in the same block V;.

Exercise 6.3 (From Alon & Spencer [AS16]). Prove that for every € > 0 there is an
ng := ny(e) so that every set A < {1,...,n} with |A| = en and n = ny contains a 3-
term arithmetic progression.

Hint. A 3-term arithmetic progression means that {a, a+ b, a+2b} < Aforintegers
a, b € N. Analyze the triangles in the following graph G = (V; U V, U V3, E) where
V1, V», V3 are copies of [n]:
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Exercise 6.4. A corner in Z? are three points (x, y), (x + h, y), (x, y + h).

(x,y+h)
IQ ° ° °
N
RN
[N
? RN ° ®
| N
H N
| N
? ° A % °
I
I

‘———0———'.—_\_\. (x+h;J/)
(x,)

Prove that for every € > 0, there is an n bigenough so that any subset A< {1, ..., n} x
{1,...,n} with |A| = en? contains a corner.

Hint. Analyze the graph G = (Ly U Ly U Lp, E) where Ly are the horizontal lines,
Ly are the vertical ones and Lp are the diagonal ones and we have an edge in E
if the crossing of the two lines is in A.
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Chapter 7

Dependent Random Choice

The method of dependent random choice is a smart and slick probabilistic ar-
gument to find a small very well connected subgraph in a large graph with high
enough average degee. In this chapter we follows the excellent exposition by
Alon and Spencer [AS16]. For additional applications see the survey of Fox and
Sudakov [FS11].

For U < V, we denote N*(U) := yey N(v) as the common neighborhood of
U.

Theorem 7.1. Let a, b, n,r € N and let G = (V, E) be a graph with |V| = n vertices
and average degree d := 2|E|/n. If

then G contains a subset A< V of size | A| = a so that every R € (‘:) has|N*(R)| =
b.

The visualization of the claim is as follows:

A

\

A

\/

{0

X
)

N/
X

)

/

N*(R)
Proof. Let T < V be a multi-set of r vertices, picked uniformly at random with
repetition. We set A:={ve V| T < N(v)} = N*(T). Then it is not hard to see that

83
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the expected size satisfies

IN(W)[\7 1 IN()I"
Al = Y (——) =—5
veV n n veV n
Jensen 1 1 r r
> — N(v =
nr—l ( n 1;/' ( )I) nr—l
=d

For the sampled set A we know by construction that it has at least r common
neighbors (namely the nodes in T). But we require b many common neighbors
at least for all r-tuples and in general we will have b > r. So, let Y := {R € (/:) :
IN*(R)| < b}| be the number of r tuples in our sample that have too few common
neighbors. For the expected number of such tuples we know that

o) =

We use the assumption and conclude that E[|A|-Y] = a. In particular we can take
the set A and for each tuple R € (f) with |[N*(R)| < b, we can drop one element.
We will still be left with a set A’ of size E[|A’|] = a. This proves the claim. O

E[Y]= > Pr[T < N*(R)] <
RSV:RI=r and IN*(R)<b —vnyo s

=(N*(RI/m)"

Note that the theorem requires that d = n'=Y7 otherwise the statement is

vacuous. In reverse if d = C(a, b,r) - n' =" then indeed a set A< V of size |A| = a
exists where the common neighborhood is at least b for every r-tuple.

As a second remark, consider the case that the graph G consists of two cliques
of size n/2. With probability 1-0(1)-27", the sample T contains nodes from each
of the two cliques and hence the set A will be empty. In other words, the random
variable | A| is not at all well concentrated.

7.1 Turan numbers of bipartite graphs

One classical question in extremal graph theory is the following: One is given
some “small” graph H. The question is how many edges can a “larger” graph
G = (V,E) on nvertices have if H is forbidden to appear as a subgraph. We denote
this number by ex(n, H). Note that formally H appears as a subgraph if there is
an injective map f: V(H) — V(G) so that {u, v} € E(H) = {f(u), f(v)} € E(G). For
example, we seen the Kovari-Sos-Turan Theorem in Chapter[4.0.2l which shows
that a forbidden K,-subgraph limits the number of edges to c, - n>~!/". In the
new notation that means ex(n, K;) < ¢, - n?~Y"  However, this does not fully an-
swer the question for non-complete graphs. For example consider the case of
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the k-cycle denoted by Cy. Then forbidding the K} also forbids the C and hence
ex(n,Cy) < cx- n?~ V¥, But with the dependent random choice theorem we will
be able to prove a better bound!

But first, we need a fairly useful embedding theorem:

Lemma 7.2. Let H = (AUB, F) be a bipartite graph with |A|,|B| < k and deg(b) <
rvbe B. If G = (V,E) contains |U| = 2k vertices so that for all S € U with |S|=r
one has |[N*(S)| = 2k, then G contains H as a subgraph.

Proof. W.lo.g. suppose that A= {ay,...,ar}and B = {by,..., b;}. We pickamap f:
AU B — V defining the embedding. We can indeed embedd the left hand side A
arbitrarily. We then embedd the vertices by, ..., by of B one by one. Suppose that
the embedding for by, ..., b; has already been chosen. Then for b;;;, consider
the at most r nodes S := f(Ny(b;+1)). These have at least 2k common neighbors
in G. We pick any one as f(b;;;1) that has not been used so far to embed A or
by,...,b;. The embedding can look as follows:

o
S:= f(Nu(bis1) ‘.'%l:) )
ISI < '/ i+1
flap) o N*(S)
IN*(S)| =2k -

Theorem 7.3. Let H = (AUB, F) be a bipartite graph with | Al,|B| < k and deg(b) <
rVbe B. Then ex(n, H) < c;n®~ V.

Proof. Suppose that we have a graph G where the average degree is d = cn'~!/"

where we can make c as large as needed. Then n‘f—il = ¢". If for example ¢ = 4k,

then Theorem[7.T]gives us a set A of size 2k so that S € (‘3) has |[N*(S)| = 2k. Then
the Embedding Lemma shows that H can be embedded into A. O

In particular this shows that for even k, one has ex(n, Cy) < ¢k n3/2. Recall that
in an earlier chapter we have seen in an exercise that indeed ex(n, C;) = ©(n%/?).
Now we have seen that forbidding a 1000-cycle instead of a 4-cycle leads to the
same asymptotic upper bound on the number of edges.

7.2 Exercises

Exercise 7.1. Suppose k is odd. How large can ex(n, Cy) be?
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Chapter 8

Existence of Rigid Structures: The
Kuperberg-Lovett-Peled Theorem

For a motivating example, note that many algorithms used in theoretical com-
puter science are randomized, that means they draw some random bit string
x ~ {0,1}" that is used for the computation. Then the correctness (and possi-
bly the running time) depend on that random string. For example, if we want
to find a cut S € V in a graph G = (V, E) with [6(S)| = |E|/2, then a random cut
that includes each node independently with probability 1/2 will be enough in
expectation. However, it is more desirable to have a deterministic algorithm that
always terminates with the correct answer. One trivial way of derandomizing the
algorithm is by trying out all 2" possible random strings. Obviously this is ter-
ribly wasteful. Often, the randomized algorithm does not actually need n many
independent random bits. They might already work if the bits are pairwise in-
dependent or t-wise independent for some ¢ > 2. In our example of MaxCut, it
actually suffices if bits are pairwise independent.

This is our motivation to define an orthogonal array of strength t as a subset
T <{0,1}" of 0/1 strings with the property that forall 1 <i; <...<i; < nand all
ai,...,a; €{0,1} one has

Prx, =ay,...,x;,=a]=2"" (%)

x~T
In other words, if we draw x ~ T, then this gives us a t-wise independent random
vector. For example T = {(0,...,0),(1,...,1)} is a strength-1 orthogonal array, but
it does not have strength-2.

In fact one can prove that an orthogonal array of strength ¢ has size |T| =

Q,(n'?) for larger t. For the other direction it seems highly non-trivial to find a
construction giving a strength-¢ orthogonal array of size, say n°?). If one picks
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the set T randomly from {0, 1}"*, then with concentration arguments one can only
reason that the condition (*) is approximately satisfied. But satisfying it exactly
seems hard. Note that there are many related applications where one is looking
for a rigid structure; for example one can ask for a subset T of permutations so
that the distribution of any ¢ indices (7 (i}),...,7(i;)) looks exactly uniform if we
draw m ~ T. A conventional approach for such applications is to look for a suit-
able algebraic construction. But if these are not known to exist or the parameters
are not optimal, then until very recently there was no plan B. In this chapter, we
want to discuss a more systematic probabilistic technique of Kuperberg, Lovett
and Peled [KLP17] to show the existence of such rigid structures. We will show-
case the technique to prove the following result:

Theorem 8.1. For any n,t € N, there exists a strength-t orthogonal array T <
{0,1}" of size |T| < (%)” for some constant ¢ > 0.

We would like to remark that for our setting there is indeed an alternative
algebraic construction for a strength-¢ orthogonal array T < {0,1}" of size n9",
but that construction provides suboptimal bounds for the slight generalization
of T <{0,...,g—1}", while the probabilistic proof that we present here gives tight
bounds for all g. However, we restrict our attention to g = 2 to keep the notation
simple.

8.1 A matrix view on orthogonal arrays

We want to rephrase the problem of finding an orthogonal array as a matrix prob-
lem. Let B := {0,1}" be the set of all 0/1 strings and define A:={(I,a) | I € (['Z]), ac
{0,1}'} as all combinations of ¢-tuples equipped with bits. We define a matrix
M e {0,1}8>4 by letting

1 ifx,-:a,- Viel

) Vxe B={0,1}""V({,a) € A.
0 otherwise

My 1,a) = {

Then a subset T < B of rows is a strength- ¢ orthogonal array if and only if it has
the same row average as the set of all rows, that means

E [Mpl= E [Mp].
b~T b~B

Note that the “constraints” — in this case having all events on ¢ coordinates uni-
form — are encoded as columns of M. A natural idea is to sample T at random.

We fix a large enough parameter N € N that is our target size for T and set p := %.
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Now sample a subset T < B by including each row independently with probabil-

ity p. If we abbreviate X := ), M}, as the sum of the sampled rows, then

N

EIXI=E[Y My|=— M, and EITII=plBl=N.
Tt per | B beB T

What we need to show is that indeed
Pr[X =E[X]and |T|= N] >0, (+%)

meaning that it is indeed possible to hit the expectation. Observe that the above
probability will be exponentially small, which does not leave many candidate
tools for the analysis. In the following we will give a specialized version of the
central limit theorem that proves (*#). This chapter is organized that we first
prove a general statement for any matrix M that satisfies certain properties. In
Section [8.4] we will then argue that the matrix M stemming from orthogonal ar-
rays indeed satisfies these properties. Starring at the definition of the matrix M
for orthogonal arrays, we can see already some properties that must be useful:
(i) we have |B| > | A|, that means we have a lot more rows than columns; (ii) the
matrix is highly symmetric, meaning that there is no row that has a particular im-
portance. In the next section, we formally extract the properties that are needed.

8.2 The Kuperberg-Lovett-Peled Theorem

We will now explain the matrix properties needed for the KLP-Theorem. We
should remark that we state the Theorem slightly less general compared to the
original paper to keep things more “concrete”. Consider an arbitrary matrix M €
{0,1}8*4, We denote B as the row indices and A as the column indices. More-
over, M, with b € B will denote a row vector and M“ with a € A will denote a
column vector. Our random experiment is to fix a large enough number N € N
and a probability p := % and sample each row independently into a subset T < B
with that probability p. For later reference, let T}, € {0, 1} be the indicator variable
telling whether row b was sampled and let X := Y g Tp M}, be the sum of the
sampled rows.

Let V := span{M“ | a € A} < R® be the span of the column vectors. Note
that typically | A| <« |B|, hence the vector space V has a rather small dimension
compared to its ambient space. Later, the orthogonal space V' := {x e RB | x L

x' Vx' € V} will also play a role. Let

L(M) = { S ApMy | A€ z} c 74
beB
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be the lattice generated by the row vectors of M. We can visualize the formats as
follows:

0]
101
Ill
10
11
171
11y
101
19!
|

10
111
Ig!
10}

X =[x x s ]
LM) = [ x + w +]

o B
A

[# % % % % % % * % % % %[ <
|************|I|i

Divisibility. Inthe end, we want to guarantee that there is a subset T < B of size
|T| = N so that %Z per Mp = ﬁ Y ves Mj, holds. A relaxed condition is certainly
that

N !

— > MpeL(M)

| B beB

The set of N’s that satisfy this, must be of the form N € {c,2c¢,3c,...} for some
¢ > 0. That particular value c is what we call the divisibility constant.

E[X] =

Symmetry. The symmetry condition basically says that “all rows of M have to
look the same”. More formally, a symmetry of the matrix M is a permutation r :
B — B on the rows so that (Myp),4)beg € V. In other words, after permuting the
row indices according to 7, each vector is still in the column space. Note that this
is actually more of a property of the vector space V and replacing M by a matrix
with the same column space V would not change the set of symmetries.

Lemma 8.2. Suppose that the column vectors of M are linearly independent.
Then n : B — B is a symmetry if and only if there exists a bijective linear map
7:RA — R4 with

M, =1(My) VbeB

Proof. Well, if that linear function 7 exists, then it means that there is an invert-
ible matrix § € R4 with Mj,;) = M},S (considering M, and M, indeed as 1 x A
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dimensional row vectors). Then in matrix form we can write (My))pep = MS.
For the column index a € A means that (M (4),a)beB = X a'ea Sa,a M @ ¢ V which
is the desired linear combination. One can also reverse the argument to get the
other direction. O

In particular, we will use that symmetries 7 preserve linear dependencies.
More precisely, for a vector y € R one has

Y My=0 = 0=1(Y M) =Y yyr(Mp) = Y ypMy.
beB beB beB beB

As condition for the KLP-Theorem, we will require that for all rows by, b, € B,
there exists a symmetry 7 of V so that 7(b;) = b».

8.2.1 The theorem
Now we can formally state the KLP-Theorem!:

Theorem 8.3 (KLP-Theorem). Let M € {0,1}2*4 be a matrix with V := span{M? |
a € A} and let K = |A| be a parameter that is at least a large enough constant.
Assume that M has the following properties:

e (I) Divisibility: c is the divisibility constant of V.

e (II) Local Decodability: There is an integer m € {1,...,K} so that for each
column a € A there is a vector y* € 78 with ly®l < K and (y“)TM =m-e,.

e (III) Symmetry: for any row indices by, by € B, there isa symmetryn: B — B
of V so that w(by) = b».

e (IV) Constant column vectors: The all-ones-vector 1 € R? liesin V.

If N is a multiple of ¢ and K< N< %, then one can sample each row with

probability p := % and

Pr[X =E[X],|T| = N]>0.

Note that if X = E[X], then for any linear combination of columns we also
have Y ;e 4 VaXa =E[X qea YaXal- By the property (IV) in the KLP-Theorem, there
is a linear combination y € R4 with ¥ ;e 4 M%y, = 1 € RB, and hence we know that
X =E[X]=|T| = N. Then it suffices to prove that Pr[X = E[X]] > 0.

IThe KLP paper also requires the “boundedness condition”, which asks that V is spanned by
short integer vectors, more precisely that V = span{x € VN Z2 : | x|lo < c»}. But if the entries of
M are in {0, 1} and V = span{M* | a € A}, then this is automatically satisfied for ¢, = 1.
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Actually dropping columns that are linearly dependent does not change the
probability of the event X = E[X] or affect (I1]) and it can only loosen the con-
ditions (1), hence we may assume w.l.0.g. for the proof that all column vectors
M* are linearly independent and dim(V) = |Al. This also implies that the lattice
L (M) has full rank, that means span(L(M)) = R4.

Note that in the proof, the value K will be our running parameter and most
bounds that we see are going to be some polynomial in K. However, we make no
effort in optimizing the exponents of those polynomials.

8.2.2 An overview over the proof

We will now give an outline of the proof of the KLP Theorem and fill in details for
definitions and proofs later.

(1) Fourier analysis. The proofis based on Fourier analysis argument. In par-
ticular we study the Fourier transform X (8) := E[exp(27i (X,0))] of the ran-
dom variable X, where 0 € R4. Then the Fourier inversion formula tells us
that

PI‘[X = [E[X]] = det(ﬁ) f X(a) . e—27‘[i<[E[X],0) dae
D*

Here D* will denote the Voronoi cell of the lattice £* which is the dual lat-
tice to L. Then the overall strategy is to prove that the latter integral evalu-
ates to > 0.

(2) Well-behaved Fourier coefficients. We then prove that the Fourier coeffi-
cients X (0) are well behaved. In particular it is not possible that (M}, 8) is
large for one row b and close to 0 for all others. More concretely one can use
the symmetry condition to argue that maxpeg | (M, 0) | < K3-Epep (M, 0)?]
and maxpeg{(Mj,0)} < K3 [EbeB[KMb,B)}Z]”2 for all @ € R4, where {-} gives
the distance to the nearest integer.

1/2

We will outline the first bound. Fix a @ and suppose for some row e € B we
want to bound | (M,, 8) | in comparison to the average 8 := Ej- g [(Mj, 8)]"/2.

Let E < B be the rows b where |{(M},0)| > Kf. By Markov’s inequality
|E| < |B|/K?. Now suppose that e € E since otherwise we are done. Pick a
random subset S € B\ E of rows of size |S| = K2. Using the pigeonhole prin-
ciple one can show that there is a vector y € {—1,0,1}" with y” M = 0 while
supp(y) < S and [supp(y)| = |S|/4. That means for at least a quarter of rows
by in S there is a linear dependence of the form My, = £ pcs\ b} Yo Mbp-
Let 7, : B — B be the symmetry with 7,,(bg) = e. As symmetries preserve
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3)

4)

)

linear dependence we have

Me=Mypy=% Y. YoMy
beST{bo}

Next, observe that even conditioning on the row by, the indices 7, (S\ {bo})
are a uniform random subset of B\, (bp) and in particular the probability

that the indices of 75, (S\{bo}) intersect E is bounded by % < ;. Then
1_1

with probability at least ; — 3 = }1 the experiment is successful and hence

we can write M, as a short linear combination of rows not from E, i.e.

(M, 0) | <

Y yp{Mp,b)|<llyl-K-B<KB.
beS\{bo}

Fourier coefficients close to 0. A convenient norm to use will be ||0] g :=
Eper[(Mp,0)%1V2. Using (2) one can show that for |0z < # one has
X(0) = exp (27i (E[X],0) —27°0 " 2[X10 + O(K>N|0113))

where Z[X] := p- (1 - p)- M M is the covariance matrix of M. What this
means is that for [|@] z small enough, the Fourier coefficient X() is very
close to the Fourier coefficient of a Gaussian with the same expectation
and covariance matrix and in particular it is positive. This fact itself is true
for any sum of independent random variables (that’s how the Central Limit
Theorem is proven), but in our setting we can use (2) to argue that the
threshold on the length of ||@|r can be chosen more generously.

Geometry of vectorspace V. We can use the Local Decodability property
to show that Z" \ V have a | - ||o-distance of at least % to the subspace V.

Fourier coefficients far from the dual lattice. Consider a Fourier coeffi-
cient @ € D* that is so far from the dual lattice that we cannot apply (3). We
the main inequality will be that (and there is an overlap in the cases)

1X(0)] < exp (—@(ﬁw)) VO € D* with |8]|z = %
The outline of the argument is as follows. Fix a @ € D* with [|@|r = ¢ :=
o5 and write M6 = n+ r where nj, = [(My,0)] € Z and rj, = £{(M},0)}. A
straightforward estimate shows that 1X(0)] < exp(—O(N -Epep [rf)])), which
means that suffices to Fjc B[ri] is large. In other words we need to prove
an implication of the form: @ far from £* = M@ far from Z5. Suppose for
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the sake of contradiction that [Fjc B[ri]“ 2 < ﬁ. From (2) we know that
17l < K3-[Eb€B[r§]1/2 < #. AsMO=n+reVand|r|s < % we know
that indeed n lies in the vectorspace V. Then we can write n = Ma for
some a € R4, Finally

O¢€ Voronoi cell

1
E [((Mp,0—a)’]"? = |0-allg > I10lg=€=—=
beB

1/2 MO=Ma+r
4KS

2

E [r}]
beB b
and we have a contradiction.

(6) Estimating Pr[X = E[X]]. The final step involves a lot of estimates but now
new ideas per se. If ¥ € R4 is the Gaussian random variable with identical
expectation E[Y] = E[X] and identical covariance matrix Z[Y] = Z[X]. If
fy is the density function of that Gaussian, then we can estimate that for a
proper choice of € := poly(K) - In(N)/v/N one has

Pr(X = E[X]] N . .
— Y = fY([E[X])—f 1X(0)-Y(0)|do - |X(0)|do
det(L) —— Jiblg=e ~ Joenllp>e )

) smalﬁ)y 3) smalﬁ)y (5)

- f IY(@)|d0 >0
0l r>e

(- -

smalﬁ)y (%)

In (*) we use standard estimates for Gaussians. This proves the KLP-Theorem.

8.3 Proof of the KLP-Theorem

The main idea behind the proofis to design a variant of the central limit theorem
that provides super-fast convergence based on the properties of M, in particular
the symmmetry and the fact that |B| > | A|. The Fourier transform of the random
variable X is the function

X:R*—C with X(0):=F[exp2ni(X,0))]
We abbreviate £ := L(M) as the lattice spanned by row vectors of M and denote
L= {yERAI (y,2)€Z Vzel}.

as the dual latticd. We assumed that M has rank |A|, hence both £ and L* are
full rank lattices and det(£) - det(L*) = 1. For any dual lattice vector y € L* we

2In the KLP paper the dual lattice is denoted by L.
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have (My, y) € Z and hence (X, y) € Z for any outcome of X. That implies that

e27i(X.¥) = 1 and the Fourier transform X is £* -periodic, meaning that
X@+y)=X@) VOecR VyeLl*

Actually we will have X € £ at any time. To understand the convergence of X, it
will be crucial to consider its covariance matrix £[X] € R4*4 which is given by

> (X] = E[(X -E(X1)" (X - EX])]
PN S (1T, My) T (TyMy)] ~E1Ty M) ELT, My
beB
= Y (p-pP M M,=p1-pM'M.
beB =R

We can use the scalar R of the covariance matrix to define a useful norm
1/2

1 1/2
Olr:=|—-0"RO| = My, 0)*
101 = (0" RO) "= E 1(M;,6)1)
We define the corresponding norm ball
Bre):={0 R | 0llg < &}
Moreover, let

D*:={0eR* |8z <0-ylz yeL*\{0}

be the Voronoi cell of the dual lattice with respect to the norm ||| g. Recall that the
Voronoi cell contains all points that are closer to 0 than to any other £*-lattice
point in terms of || - || g-distance.

° ° °
’/\
7 o
* I
D |
° | o ( | °
| |
L
\\ //
~/
° ° °

visualization of £* and D*

An important property is that D* induces a tiling of the whole space, meaning
that D* + y for y € L* partitions the space (apart from the set of measure 0 that
belongs to the boundary between translates).

Next, we recall the reason why the Fourier transform is useful when talking
about probabilities — the reason is that with the Inverse Fourier Transform, the
probabilities can be recovered from the Fourier coefficients:
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Lemma 8.4 (Fourier inversion formula). For any A € L one has
PriX=A] = det(ﬁ) f X(O) . e—27ri</1,0) Ao
D*

Proof. We apply the usual “swap-and-cancel trick” in Fourier analysis to obtain

f X(0)-exp(—2mi{A,0)) d f ;I—%[exp(Zni{X,B))]-exp(—Zm'()l,O)) dae
D* D*

[)E{[f*exp(ZJTi(X—/'l,B))dB]

=0if X—1eL\{0}

Pri X =A] f exp(2nmi-0)dO =
D*&\f'_/

1
det D) ‘Pr(X =AJ.

[ S
-

=det(L*)

using that vol,,(D*) = det(L*) = ﬁ(ﬁ) for any full rank dual lattice. Here we use
the following:

Claim. Let s € £/{0}. Then [,. e?"¢%9 40 = 0.

Proof of claim. As mentioned earlier, £L* + D* gives a tiling of R”. If P ¢ R"
is another region so that £* + P is a tiling, then the integral of any L*-periodic
function over D* and P will give the same value. Let u,..., u 4 € L* be a basis of
the lattice £* and suppose we picked indices so that (s, u;) # 0. Our choice for
a region is the fundamental parallelepiped P := {Z'i’ill ziu; |0 < z; < 1}. We will
write z = (z1, 2). Then

f Q2TiS0) 1 = fez”“s’mdozdet(ﬁ*) 2 ziuis) g,
. P 0,1(

1
det(L'*)f eZnizl(ul,s)le (f 62ﬂi<2|,-i|2 z;U;,s) dZ)
Jo ze[0,1(+!

=0

Here the crucial observation is that f; €249 4 z = 0 since we integrate exactly
| {uy, s)| € N times over the complex unit circle and antipodal values cancel each
other out. O

We sampled rows independently, which we can use to get an explicit expres-
sion for the Fourier coefficients:

Lemma 8.5. For any 0 € R* one has

X =] (1 — p+p-exp(2ni(Mb,0)))
beB
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Proof. We use the independence of the random variables T}, to write
X0 = E[exp(Zm'(Z Tbe,0>)] = H[E[exp(Zni-Tb-(Mb,B))]
beB beB

Tyel0,1) I ((1 —-p)-1+p-exp2ni (Mb,9>)),
beB

which gives the claim. O

From the formula in Lemma [8.5]we can already obtain an important obser-
vation for later: If for a fixed coefficient vector @ we have a non trivial fraction of
b € B satisfy that (M}, @) has a significant distance from the nearest integer, then
the size | X ()| will be negligibly small.

8.3.1 Abasisfor V'

Reall that V4 < R4 is the space that is orthogonal to the space V that is spanned
by the column vectors M“. For later, we will need a “short” basis of V*:

Lemma 8.6. The space V* has a basis of integer vectors of | - ||, -length at most
K.

Proof. By aslight abuse of notation, we denote e, € R* as a unit vector in R4 and
e, € RP as a unit vector in R5. By property (II), we know that there are vectors
yte ZBwithm-e, = (y“)TM sothat 1 <m < K and | y?|l; < K. Now consider the
vectors

ul = (m-eb— Y Mba/y“,) eR® VvbeB.

a'eA

We claim that {u?} pep S V*+ as for any column vector M“ one has

(M4 uby=m-(ep, MY~ Y Myy- (y*, M%) =0.
\ aeA Y
=Mpq =mifa=a’,0 o.w.

The length of the vectors is

b . e llv? 2 3

lu’lly< _m_-lleplls + ZA|Mha |- ly*h <=K+K*<K
=K <1 ae <1 <K

As dim(span{ey, | b € B}) = |B| and dim(span{y® | a € A}) < |Al|, we clearly have

dim(span{ub | b e B}) =|B|—|A|. Then any maximally linear independent subset

of {u¥} e is a suitable basis of V. O
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8.3.2 Rows as linear combinations of few other rows

We start with a small auxiliary lemma. In the following, for an index set S < B, we
denote M; as the submatrix of M that contains only the rows in S.

Lemma 8.7. For any subset S < B of |S| = ©(Klog(K)) rows, there is a non-zero
vector y € {~1,0,1}" satisfying y” Ms = 0 and |supp(y)| = .

Proof. The proofis a pigeonhole principle argument. First, note that for y € {0,1}5
one has || y” Mg« < |S| and hence there are only (|S| + 1)'4! many outcomes for
218! many assignments y — y! Mg. It is not hard to check that if | S| = O(] A]log| Al)
with a large enough hidden constant, then 251 = 209915l (|§] + 1)1l and there
will even be 2°995! many y’s with y” Mg being identical. Then another sim-
ple calculation shows that there must be y,y € {0, 1}S with | y-ylh = % and
yTMs = " Ms. Then y —  satisfies the claim. O

As we will see, any row M, can be written as an integer combination of a few
other rows, even if some not too large subset of rows is forbidden. The proof uses
the vector y with y” M = 0 from the last Lemma[87l Then we can use the sym-
metry assumption to embed the set S randomly. Then with positive probability
one will have y, # 1 and supp(y) N (E\ {e}) = @.

Lemma 8.8. For any subset E < B of at least |E| < @ many rows and any e € E,
thereisay € Z8 with M, = y" M, supp(y) S B\ E and | y|; < K2.

A poor visualization might be as follows:

M :[E

T supp(y)

A

Proof. Sets:=0(Klog(K)) as the bound from the previous lemma. Fixaset E < B
with |E| < % and e € E and note that 8s < K? as we may assume that K is at least
a big enough constant. We know that for every row b € B there is a symmetry
7y : B— B with m,(b) = e. We pick a subset S < B of fixed size |S| = s uniformly
at random and denote yS € {—1,0,1}8 as the non-zero vector with yS M =0 and
supp(y®) € S that exists by the previous Lemma[8.7l Now pick by € S uniformly
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atrandom. Then .
Prly, #0] ==
S,bo[ybo # 0] 2

as by is picked uniformly from S. But even conditioning on a fixed by we have

SIE| 1

Pr[ mp,(S\{bo}) NE#® | by| < — < -.

St Bl 8
unif. from B/{bgy}

Then by the union bound Prg j, [y“bgo Z0and 7y, (S)NE = {e}] = }1 - % > 0. Let us

fix an outcome of (S, by) and y := y® attaining this event — wl.o.g. with Yoo = 1.
Then

Mp,= Y (~yp)Mp
bES\{bo}

and applying the symmetry permutation to the rows gives

M, = Mn(bo) = Z (__Vb) . Mn(b)
bES\{bo}

which means we can write M, as a short integer combination of rows with indices
n(b) ¢ E. O

8.3.3 Well behaved Fourier coefficients

We need a technical lemma that tells us that the inner product (M}, @) for a par-
ticular row b is always bounded in terms of the inner product for the average row.
Basically this is where symmetry as well as the other properties come into play.
In the following, for a number a € R, let {a} := min,cz |a@ — z| be the distance to
the nearest integer.

Lemma 8.9. The following holds for every 0 € R*:
(i) One has maxpep|(Mp,0)| < K*- ([E[(Mp,0)*)"* = K>-]16].

(i) Writery, :={{(My,0)} as the distance to the nearest integer. Then maxycp || <
3 211/2
K®- (Epenlryl) .

Proof. For a fixed vector 0 € R4, set p:= (Ep-pl{Mp,0)*])!/? as a sort of a “geo-
metric average”. Consider the set of indices E := {b € B | | (M}, 0)| = Kf} where
the inner product | (M}, 0)]| is significantly above that average. Then § = (ﬁ .

|E|- (KB)*)V? = |E| < %'. Fix any e € E (if there is none, we are done with (i)).
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Then by Lemma[8.8] there is a vector y with support disjoint to E so that M, =
Y pe\EYpMp and ||lyll; < K?. Then we can bound the inner product as

(Me,0)< Y lypl-|(Mp,0)| <K°p
beB\E —
<Kp
<K?
and the claim (i) is true.

The proof for (ii) is quite similar. Set := Ep-glr as the “geometric av-
erage” of the remainders of inner products. Again, let E := {b € B | |r,| = KB}
be the rows where the remainder significantly exceeds the remainder. As be-

|B|

fore, we conclude that |E| < e and fix a row e € E. Again, takea y € 78 with

M, =) pecpg YpMp and supp(y) N E = @. Then

beB\E

2]1/2
b

holds and taking the remainders on both sides, we obtain

Tel = Ayl <K°
lrel< Y 1ypl-Irpl p

as claimed. O

8.3.4 The Fourier Transform near the origin

The next step is to show that the Fourier coefficients X (@) close to the origin can
be very well approximated by a Gaussian with same expectation and covariance
matrix as X. Here, “close” will mean that 8 € Bg(¢) with a choice of

. poly(K) - In(N)
: N ,
but we keep the following lemmas general.
[ ] [ ] [ ]

“far” coefficients 8

“close” coefficients

visualization of £* and D*
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Lemma 8.10. Forall0 < e < m and all @ € Bg(¢) one has

X(0) = exp (2m' (E[X],0) - 2720T2[X)0 + 5),

where |6] < O(K* - 6]3,N)

Proof. First note that the radius of the ball is chosen small enough so that all the
inner products can be bounded by

Lemmal[8.9 1
max|(M,0)| ~ <  K>-|0lgs- (%)
beB —— 8

1
=83

Let us abbreviate xj, := 27 (Mb,0> as the “number of rotations” for the Fourier

coefficient, that means |x;| < - . We can now get a more handy expression
for X (). Here we use the standard estlmates ofexp(z) =1+z+1 z2 +0(|z[®) and
1+z=exp(z— 22+ 0(|z]3)) for ze C for |z| < 1.

x@ "I [Ta+p-e-1)
beB

‘ 1
= Hexp(p-(e"xh—l)—épz(e”‘b D +p°- 0™ - 1|31)
beB

=—x2+0(x}) O(lx, %)

1 1
= H exp (p- (i S Xp+ —(i xp)? + O(bels)) + —plezg + O(pzlbeS))

beB
= exp(lprb——p(l p) be+0(pz bels))
beB beB beB
= exp (2711' P Y AMp,0)-21* p(1-p) Y (M), 0)° +O(p Y belg))
beB beB beB
— ~ ~ -
=(E[X1,0) =0T3[X10

This already corresponds to the claimed expression for X (0), just that we need to
justify the bound on the error term. In fact,

pY x> <87°p- max(|(My,0)[| be B - Y (M, 0)* <8n° pIBI- K2 101%.

beB beB
<K310][g by () —_— e

- 2
=|Bl-101%
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8.3.5 The Fourier Transform far from L£*

The next step is to show that the Fourier coefficients |X(0)| decay rapidly when
moving away from the dual lattice. First, a technical lemma. Recall that V =
span{M* | a € A} is the span of the columns of M. Then for any 0 € R4, the vector
((My,0)) e = M@ lies by definition in V. Now suppose that M@ lies very close to
an integer vector n. Then it is not apriori clear that also n lies in V' (for a general
matrix, it might not). However, our matrix M is nicely behaved, so that integer
vectors are separated from V:

Lemma 8.11. Any vector n € Z8\ V and @ e R* one has |[n— M@ o, = %

|4

[ ] [ ] N [ ] [ ] [ ] [ ]

Proof. Fixn € ZB\V and let n+ r € V be the vector that minimizes ||7 . We
know from Lemma[8.6 that V1 has a basis of short integer vectors of || - ||;-length
at most K3. Let u € V- n Z? be such a basis vector that is not orthogonal to n
(and hence not to r). Then

Isi{u,n+r)—um|=<u,r|<lullrle
—— ——
=0 eZ\{0} <K3

and rearranging gives |1 [loo = % B

Now we can show that the Fourier coefficients | X (0)| decay exponentially fast
when moving away from dual lattice points. We want to give the proof intuition
first. For a vector @ € D* that is far enough from the origin, let ry, := {{(M},, )} be
the remainder. We know that if one r, is large, then the average of r;’s is some-
what large and it is not hard to then calculate that 1X (@) < exp(—O(N)-Ep-~p [ri]).
So suppose for the sake of contradiction that r; = 0 for all b € B. In matrix no-
tation, that means the vector M@ is very close to 7B, By the previous Lemma,
close lattice point will be in V and hence can be written in the form Ma € 758
with & € R4, In other words (M}, &) € Z for each b and hence a € L£* lies in the
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dual lattice. Then their distance |0 — alli =[Ep-B [ri] is large by assumption and

we have a contradiction.
° ° [ J [ J [ J [ J [ J

a 0 0
o<—>0 . .
|- g large
° ° [ J [ ] [ ] [ ] (]
visualization of £* c R4 visualization of V < R? and 78
Lemma8.12. For0<e< ﬁ and @ € D* \ Bg(e) one has |X(0)| < exp(—fz—zN).

Proof. Let us write (M}, 0) = ny +r, with ny € Z and |rp| <
Claim. Epeplri]'? = .

Proof of Claim. Written in matrix-vector notation, we have M@ = (n+r) € V. We
know by Lemma 8.9 that

1
3-

,
g (2 Il

beB K3

hence we are done if ||r|lo = K3¢. So suppose for the sake of contradiction that
this is not the case and |||« < K3¢ < ﬁ. However, for that case we know from
Lemma [8.17] that close enough integer vectors are indeed in the subspace, that
means n € V. By linear independence of M’s columns, there is a unique a € R4
with Ma = n. Note that @ € L* since otherwise there had to be a generator M}, of
the primal lattice £ with nj, = (M}, @) ¢ Z. From the properties of the Voronoi cell
D™ of the dual lattice and the assumption 8 € D*, we know that |0 — a||gr = |0 | .

Then

)

MO=M 1
V220 N (M, 0- @) =10 -alg=10lg=e. O

E [r}]
beB U Bl /=

Now, bounding the Fourier coefficient is fairly straightforward:

cyclicity of exp

1X@)| = l_[ (1 -p+ p-eZ”“M’”w) H (1 +p- (e — 1))‘
beB beB
1-x<e *2yp<x<l
i |2
< 1+ p-Re(e?™'™ — 1) < "Jlexp|-Zr
blgg( T/) bl;L ( 2 b)

- b

= exp(—1p|B| E [rz])
2~~~ DbeB b

=N
>¢2
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Here we have used that Re(e?"*) = 1 — ©(x?) for small x.

Im

8.3.6 The main proof

First we need to show a quick lemma that says that we can put some sizable ball
in the Voronoi cell:

Lemma 8.13. One has BR(%) c D*.

Proof. We will show that any dual lattice point @ € L£* \ {0} has a length of [|@| g =
%. Then every point with | - || g-norm less than % must be closer to the origin
than to any other lattice point. For every dual lattice point @ there must be a
generator M), of the lattice that is not orthogonal and has

Lem.[B9
1<|{Mp,0)| < K>-0|r

Rearranging for [|@| g gives the claim. O

Now we discuss the remaining main proof. Consider a second random vector
Y € R4 that is a random Gaussian with expectation E[X] and covariance matrix
2[X]. Note that the density function of that Gaussian will be

frx)=

1 1 T -1
: -—(x-EX]D Z[X —-E[X
(27) 4172 /Fet(Z (X)) exp 5 e ELXD T ZIXT” LX)

A well known fact that we leave as exercise is that the Fourier transform of that
Gaussian is

¥(8) = E[exp (27i (V,0))] = exp (27i (E(X],0) ~27°0" 2(X10) ¥O R
The continuous version of the Fourier inversion formula tells us that

fY(x)=f Y (0) exp(-2mi(x,0))d0 VYxeR"
RA
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is the recovery of the density function from the Fourier coefficients (again, we

skip a proof of this fact known from your probability 101 course). We know that

the density of the Gaussian is significant around the expectation, in this case
— 1 ; —

frEX]) = NGk In particular we can relate Pr[X = E[X]] to that value.

More generally,

‘ Pr(X = A] - det(£) - fy (A)(

< det(ﬁ)-[f |X(0)—f’(0)|d0+f |X(9)|d0+f 1Y (0)|d0
Br(e) D*\Bg(e) RA\BR(E) ,

(- ~/ - ~/ (.

=1 =l =I

It remains to bound the integrals I3, I», I3 and hope that the error is less than
det(L) - fy (EIX]).

Bounding I,. First, we already learned in Lemmal[8.12] that Fourier coefficients
1X (@) decay exponentially outside of Bg(¢) (but inside of the Voronoi cell).

Lemma 8.14 (Bounding I,). If 0 < € < ﬁ, then one has fD*\BR(s) 1X(@)|dO <
2
exp(—%N)

det(£)

Proof. We use the bound on the Fourier coefficient |X(0)| from Lemma [8.12] to
get

2
exp(—5N)
< &«

~—— det(ﬁ)

2
N £
f 1X(0) do <exp ( - —N) . vol,(D*)
D*\Bg(e) 2 N——
Sexp(—%N) =det(£*):#(£)

Bounding I3. We will use a short auxiliary lemma to bound exponentially de-
caying integrals:

Lemma 8.15. Let S € R4*4 be a symmetric, positive semidefinite matrix. Then
forr =10/ A|

f exp(—xTSx)dx < exp(—@(rz))
{xeRA|xT Sx=>r2}
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Proof. We use the integral transformation formuldd

1
exp(—x! Sx)dx = —f exp(—|x|15/2)
j{vxEIRAIxTszrZ} P vdet(28S) Jixl,=v2r P 2
(27.[)|A|/2
N x> Vor
vdet(2S) x~NA(0 1) —~—~
=E[llxl2]+r

271 Al12 _0(r2
2.—( a exp(—r2/2) < —exp( (r))

vdet(2S) vdet(S)

where N4(0, 1) is the distribution of standard Gaussian in R4. O

The next step is to bound the Fourier coefficients of the Gaussian outside or
Br(e), which quickly follows from integrating:

Lemma 8.16 (Bounding I3). Ife=C % for a large enough constant C > 0, then

P
f 7(0)1d0 < EREOEN)
RA\Bg(¢) det(Z[X])

Proof. Firstrecall that the covariance matrix is

(X 1-p)-Rx=
[X]=p(d-p)- 2|B|

and hence [0 = ﬁ -7 RO < % - 07 =[X]6 which we use in (x). We can write

f 1Y (0)d0 = f
RA\BR(E) [RA\BR(e)

|627Iia|il & (%)

exp (2 (ELX],0) - ZnZBTZ[X]B)‘ o

f exp(-27201=([X10) do
RA\{B107Z(X]0=1 2N}

Lem.< exp(—0(e?N))
- det(Z[X])

where the last inequality uses that indeed 2N = ©(| A]). O

3Recall that the transformation formula s [ f(Qx)dx = #(Q) Jgn f(x)dx where Q is aregular
square matrix and we apply it with Q := v/2-8'/? and f(x) = Lilosvar: exp(—Ilx[|5/2).
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Bounding ;. Again, a short lemma:

Lemma 8.17. For any positive semidefinite matrix S € R**4 one has
(271.) |A|/2

CO(AP2
vdet(28) (1475

fA exp(—xTSx) . IxTleg/zdx <
R

Proof. We have
formation 0] 1)
exp(—x! Sx)-|xTSx|*?dx transton _—
f[ReA P vdet(2S) JrA
o) - (2m)Al72
——— [ [||x||§]
vdet(2S) x~Na0,1)
| —

0(4P"?)

exp(~lxl5/2) - I xl3dx

O

Finally, we bound the difference between X and the Gaussian Y that comes
from the Fourier coefficients close to the origin. While we will be able to make
the error terms I, I3 exponentially small compared to the Gaussian density, the
error I; will actually be of the form %\/%K) times the Gaussian density. Hence this

is the only significant error term.

Lemma 8.18 (Bounding I;). One has

K4.5
VN - 2m)lAl72 det(Z[X]))

Proof. First note that by Lemmal8.I0} for an individual @ € Bg(¢) there is a § with
16 = O(K>[10]13,N) so that

f 1X(0) - ¥(0)d6 < o(
Br(e)

1X@)-V©O) = (exp(zniaE[X],e)—2n20T2[X]0+6)—exp(2ni<[E[X],0>—2n20T2[X]0))
< |e5—1|-exp(—2n20TZ[X]0)-|exp(2ni<[E[X],0))|
~—— ~ ~ -

<2|9| <1

Then plugging this in, we get
f 1X(0)- Y (0)de < O(K>N)- f 1013 -exp(-27°0" 2 (X10)d0
Br(e) RA

K3N
NS/Z
Lemnia O( K3 ) (27T)|A|/2
VN’ \/det(an2Z[X])
O(K4'5)
VN - 27)l 412 /det(Z[X])

(%)

o( )f 107 Z1X101°" exp(-27°0" Z(X10)dO
R

O(AP"?)
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applying Lemma[B.I7lwith § := 2722 [X]. Note that we also have been using that

1/2

1 12 1,
— 0 Z[X]O) _G(D'(NH Z[X]H) (%)

161 = (6"R8) " =0)- (pIBI

|B|
O

Finishing the main proof

First note that we assume that M € {0,1}5*4 and hence 2[X] € Z4*4 and thus
det(Z[X]) = 1 using that M has full column rank. On the other hand entries in the
covariance matrix are bounded by || Z[X]llo = p(1 — p) -max, geal (M“,M“,) | <
p|B| = N and then by Hadamard’s inequality generously we get det(Z[X]) < (KN K.
For the lattice £ it will suffice that det(£) = 1 by integrality. Then

Pr(X = E[X]]
T(E) = fY([E[X]) - 11 - 12 - 13
1 ) O(K*5) _ ep5N) exp(-O(2N) .
(2mA2Vdet(Z[X])  VN-2m'A72ydet(Z[X]) det(£) det(Z[X])
small if N>K10 small ifszj—%ln(KN) small ifgz\/_KN

For the estimate of I, note that exp(— “:2—2N) < v/det(Z[X]) aslong €N = 4K In(KN).

Overall, a choice of € := 3—% In(N) and N = K1° works.

8.4 Application to orthogonal arrays

Now we will fill-in the formal details, how to apply the Kuperberg-Lovett-Peled
Theorem to show existence of t-wise orthogonal arrays. We fix n and ¢. Again,
let B :={0,1}" be the set of all 0/1 strings as row vectors. Similar to before, for an
index set I < [n] and assignments z € {0, 1} we define a column vector MY? e
{0,138 with
M )1 xi=z;Viel VxcB
2270 otherwise. *

Recall that we had previously used the columns A:={(1,z) | |I| = £,z € {0, 13} and
the matrix M := (M%) 4 4. It will be convenient to study in parallel the alternative
set of column indices A := {(I,1) | |I| < #} inducing a matrix M := (M%) , ;. Both
choices are actually equivalent as x ~ T is going to be a uniform distribution on
all subsets of ¢ variables if and only if Pry~7[Aje(x; = 1)] = 2 W forall |I| < t. We
could in principle use either matrix M or M, but some properties will be easier to
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justify for M and other easier for M — and this is admissible as the space spanned
by their columns is the same.

Lemma 8.19. One has V := span{M?| a € A} = span{M?| a € A}.

Proof. For |I| < t one can fixany I < J < [n] with |J| = ¢ and simply sum up over
the matching atomic events to get MV =% o117 _1yic; MYU?. In reverse, for
(I,z) € A one can abbreviate Iy:={i€ | z; =0} and [ :={i € I | z; = 1} and use
the inclusion-exclusion formula to get

M(I'Z) — Z (—l)lle(IIU]’l)
J<ly

That means every column in M and M, resp., can be written as a linear combi-
nation of rows of the other matrix. The claim follows. O

All-ones function. First of all, note that the matrix M also includes the all-ones
column vector M'®>%) which satisfies the last condition of the KLP-Theorem.

Local decodability. This is the only part for orthogonal arrays that need some
insight:

Lemma 8.20. For each a€ A, thereisay e 78 withe, = y' M and || yl|; < 2°.

Proof. For convenience reasons, we index the columns by [I| < r. By a slight
abuse of notation, we can also denote M; := My, € {0, 1} as the row induced by
the characteristic vector of /. We fixan index set I with |I| < f and claim that there
is a short integer vector y so that e; = ¥ jc; y;Mj, where e; € {0,1}4 is the target
unit vector. Note that all those rows M; with J < I are 0 on columns indexed by
non-subsets of I.
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subsets of I

» 1 21,2 JZl1
My [1 0 0 oi
M
{1} 1 1 0 0: 0
My, 1 0 1 0:
My 2 1 1 1 1!
target:e; [0 0 0 110 0 0 0

Example: rows M with J < [ for =2

Then the inclusion exclusion formula gives

er= Z (—l)ll\]l M]

el Sy,

and clearly || y|l; <2/l < 2% O

Divisibility. First a quick consequence of the previous lemma:
Corollary 1. One has L(M) = Z*.

Proof. Lemma [8.20implies in particular that e, € £(M). Then indeed, integer
combinations of the rows of M must give the whole Z. O

Note that in each column M"Y exactly a 27! fraction of entries are 1’s. That
means as longas N is an integer multiple of 2’ we can be sure that % Ypes M l(f D e
Z. Then M satisfies the divisibility condition with constant 2°.

Symmetry. Now we come to the symmetry condition:

Lemma 8.21. For every by, b, € B, there is permutation n : B — B so that n(b;) =
b, and (Myp),a)pep € V forall a € A.

Proof. For a vector x € {0,1}" we define a permutation on the row indices
ny:B—B with n.,b) =bex for beB=1{01}"

where @ is the addition modulo 2. Then 7y, p,(b1) = bo, that means the set of
permutations () xej0,13» can shuffle any row index to any other row index. Next,
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note that if we apply the permutation 7, to the entries of a column vector we
obtain

() 1,
(Mz, b),(1,2)beB = (Mxeb,(1,2)beB = (Mp,(1,z0x)bes = M e V

Note that this vector is again a column vector of M and hence also in the vector
space V. Here we have used in () that x; @ b; = z; © b; = 2; ® x;. O

Summary. Finally, we can apply the KLP-Theorem with matrix M and parame-
ter K := max{dim(V),2%} = n®W,

8.5 Open problems

The KLP-Theorem is purely existential in the sense that it does not provide an
algorithm that could find the set T in time polynomial in the size of M. It is an
interesting open problem, whether there is a polynomial time algorithm (possi-
bly randomized) for the same task.

To understand, what properties of a matrix are needed to make the presented
arguments work, consider the following result of Alon and Vu [AV97]: There is a
0/1 matrix M with n®" rows and n columns that all have the same number of
1-entries. Still no proper subset T will have the same row average as the whole
matrix.

It would be interesting whether there is a simpler form of the KLP-Theorem
with fewer assumptions or assumptions that are easier to verify.

8.6 Exercises

Exercise 8.1. Fix m € N and an even integer n with n > C- m® where C > 0 is
a large enough constant. Consider a random matrix A € {—1,1}""*" where each
entry is picked uniformly and independently drawn from {—1, 1}. In this exercise
we want to give a Fourier analysis proof for the fact that with high probability
there is an x € {—1,1}" with Ax = 0. For this sake, draw x € {—1,1}" uniformly
at random and abbreviate X := Ax € Z"™. We will study the Fourier coefficients
X(0) =Exlexp(2mi (X,0))] where 0 € R,

() Show that Pry[X =01 =2" fi_1 1n X(6)d0.

(b) Show that X(0) = ?:1 cos(2m (AJ,0)) for all @ € R™.
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(©)

(d)

(e

(f)

(@

(h)

Hint. You may use the inequality exp

|z| <

CHAPTER 8. THE KUPERBERG-LOVETT-PELED THEOREM

Show that for every outcome of A and every [|0], < 8# one has X (@) =

Jm
exp(-27°0"(AA")0 +5(8)) with an error term of |5(8)| = O(L]_, (A7, 0)").

Show that for every outcome of A and every [|0], < 3 \/_ one has X(0) =
exp(—O(nm) - ||0||2) > 0.

Prove that for every fixed 0 € [—4, 1 [™ one has Pr4[| X(0)| < exp(=0O(——=
||0||2)] > 1 —exp(—n/poly(m)).

poly(m) )

Prove that Pr4[| X (0)] < exp(— @(poly(m)) ||0|| )VO e [4, 4[m] > 1—exp(—n/poly(m)).

Show that with high probability over the choice of Aonehas [y, X(0)de >
(W) and [y - 1X(0)|d0 < exp(—n/poly(m)) where D* := {@ € [-1, 1 [™:

4’4
X(@)=0}and D™ := {0 [-1, 1" X(@) <0

Prove that with high probability over the choice of A one has Pry[X = 0] > 0.
(-12% - z*) < cos(2) < exp(—32% + 2*) for
w1th0ut proving it.
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