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Introduction

e For NP-hard optimization problems, we want to:
1. find the optimal solution,
2. find the solution fast, often in polynomial time
3. find solutions for any instance

e Assuming P #*= NP, we cannot have all the above
simultaneously.

e If we

1. relax (3), then we are into study of special cases.

2. relax (2), we will be in the field of integer pro-
gramming (branch-and-bound, etc).

3. relax (1), we are into study of heuristics and
approximation algorithms.
e \We are going to focus on approximation algorithms:

— finding solutions that are within a guaranteed
factor of the optimal solutions, and

— We want to find this solution fast (i.e. polyno-
mial time).



Introduction

e An NP optimization problem, 1, is a minimization
(maximization) problem which consists of the fol-
lowing items:

Valid instances: each valid instance I is recogniz-
able in polytime; Dpn is set of all valid instances.

Feasible solutions: Each I € Dp has a set Sp([1)
of feasible solutions and for each solution s &
Sn(I), |s| is polynomial (in |I]).

Objective function: A polytime computable func-
tion f(s,I) that assigns a > 0O rational value to
each feasible solution.

Typically, want a solution whose value is minimized
(maximized): it is called the optimal solution.

e Example: Minimum Spanning Tree (MST):
A connected graph G(V, E), each (u,v) € E has a
weight w(u,v),
Goal: find an acyclic connected subset T' C E whose
total weight is minimized.

valid instances : a graph with weighted edges.

feasible solutions : all the spanning trees of the
given weighted graph.

objective functions : minimizing the total weight
of a spanning tree.



Introduction

Approximation algorithms: An a-approximation al-
gorithm is a polytime algorithm whose solution is
always within factor o of optimal solution.

For a minimization problem 1, algorithm A has fac-
tor a« > 1 if for its solution s: f(s,I) < a(|I]) -
OPT(I).
o can be a constant or a function of the size of the
instance.

Example: Vertex-Cover Problem

— Input: undirected graph G = (V, E) and a cost
function ¢: V — Q%

— Goal: find a minimum cost vertex cover, i.e.
a set V! C V s.t. every edge has at least one
endpoint in V’.

The special case, in which all vertices are of unit
cost: cardinality vertex cover problem.

V.C. is NP-hard.

Let's look for an approximation



Vertex Cover

e Perhaps the most natural greedy algorithm for this
problem is:

Algorithm VC1:

S0

While F # ) do
let v be a vertex of maximum degree in G
S — S U{v}
remove v and all its edges from G

return S

e Easy to see that it finds a VC. What about the
approximation ratio?

e It can be shown that the approximation ratio is
O(log A), where A is the maximum degree in G.

e [ he second approximation algorithm VC2 appears
to be counter-intuitive at first glance:

Algorithm VC2:
S «— 0
While % () do
let (u,v) € E be any edge
S — S U{u,v}
delete u,v and all their edges from G
return S



Vertex Cover

e Lemma 1 VC2 returns a vertex cover of G.

Proof: V(C?2 loops until every edge in G has been
covered by some vertex in S. n

e Lemma 2 VC2 js a 2-approximation algorithm.
Proof:

— Let A denote the set of edges selected by V(2.

— Note that A forms a matching, i.e. no two edges
selected share an end-point

— Therefore, in order to cover the edges of A,
any vertex cover must include at least one end-
point of each edge in A.

— So does any optimal V.C. S*, i.e. |S*| > |A]|.
— Since |S| = 2|A|, we have |S| < 2|5%.

e Lemma 3 The analysis of VC?2 is tight.

A complete bipartite graph K, ,. VC2 picks all the
2n vertices, but optimal picks one part only.

e Major Open question: Is there a 2 — O(1)-approx
algorithm for V.C.7



Set Cover

e Theorem 4 (Hastad 97) Unless P = NP, there

iIs no approximation algorithm with ratio < % for

Vertex-Cover problem.

Set Cover

e Set-cover is perhaps the single most important (and
very well-studied) problem in the field of approxima-
tion algorithms.

Set-Cover Problem

— Input
x U . a universe of n elements e1,..., ey,
x S = {51,852, -+ ,Sk} a collection of subsets of
U,

x ¢: S — QT a cost function

— Goal: find a min cost subcollection of S that
covers all the elementsof U, i.e. I C {1,2,--- ,k}
with min ., ¢(S;) such that |J,.;Si =U

e V.C. problem is a special case of Set-Cover: for a
graph G(V,FE), let U = FE, and
S; = {e € Ele is incident within v;}



Set Cover

e We will give an (Inn)-approx greedy algorithm for
Set Cover.

e Rather than greedily picking the set which covers
maximum number of elements, we have to take the
cost into account at the same time.

e \We pick the most cost-effective set and remove the
covered elements until all elements are covered.

Definition 5 The cost-effectiveness of a set S; is

the average cost at which it covers new element,
i.e., o« = @ where C' is the set of elements already
covered.

We Define the price of an element to be the cost

at which it is covered.

e Greedy Set-Cover algorithm

C—0,T 10

While C # U do
choose a S; with the smallest «
add S; to T
for each element e € S; — C,set price(e) = «
C — CuU{S;}

return T

e when a set S; is picked, its cost is distributed equally
among the new elements covered



Set Cover: Greedy

e Theorem 6 The Greedy Set-Cover algorithm is an

Hy

factor approximation algorithm for the minimum

set cover problem, where H, = 1 + % + % 4+ ... 4 %
Note that H,, ~ Inn.

e Proof:

Let e1,en,---,e, De the order at which the ele-
ments are covered

It can be seen that:

Z c(S;) = Zprice(ek,)
k=1

S,eT

We try to estimate price(er) (at this stage, we
have covered ej,en,--- ,er_1, and haven—k+1
uncovered elements).

Let Topr be an opt solution and Copr be its
cost.

At any point of time, we can cover the elements
in U — C at a cost of at most Copr.

Thus among the sets not selected, 9 a set with
cost-effectiveness < Lorr

|U-C]
In the iteration in which element e, was covered,
U—-Cl=n—-k+1.



Set Cover: Greedy

e Since e, was covered by the most cost-effective set
in this iteration:

Coprr
n—k+1

price(ex) <

e As the cost of each set picked is distributed among
the new elements covered, the total cost of the set
cover picked is:

Zc(Si) = Zprice(ek,)

e [ he analysis of this greedy algorithm is tight:
Example: each ei1,esr,--- ,e, by itself is a set, with
cost &, ... 1 respectively;

one set contains all of U with cost 1 + ¢ for some
e > 0.

— the greedy solution picks n singleton sets; costs
s+t +1=H,

— The optimal cover has cost 1 + e.

10



Set Cover: Greedy

Theorem 7 Based on the results of Lund and Yan-
nakakis 92, Feige 86, Raz 98, Safra 97, Suduan 97:

— There is a constant O < ¢ < 1 such that if
there is a (clnn)-approximation algorithm for
Set-Cover problem, then P = NP.

— For any constant e > 0, if there is a (1 —¢)Inn-
approximation algorithm for Set-Cover then NP C
DTIME(nC(ninn)y,

Next we give another algorithm for Set Cover using
Linear Programming (LP).

First, forumlate Set Cover as an IP.
We have one indicator variable x5 for every set S-:

minimize ZSES CsTs
subject to Ve e U : YoseesTs > 1
xs € {0,1}

Now relax the integrality constraint to obtain the
corresponding LP.

Although IP is NP-hard, there are polytime algo-
rithms for solving LP.

Solution to an LP-relaxation is usually called the
fractional solution and is denoted by OPTY.

11



Set Cover: Randomized Rounding

We give another O(log n)-approximation for Set Cover
using a powerful technique called randomized round-

ing.

The general idea is to start with the optimal frac-
tional solution (solution to the LP) and then round
the fractional values to 1 with some appropriate
probabilities.

Randomized Rounding Alg for Set cover:
— Take the LP relaxation and solve it.

— For each set S, pick S with probability Py = z}
(i.e. round z¥ up to 1 with probability z¥), let’s
call the integer value z;),

Consider the collection C = {S; | x5, = 1}:

Elcost(C)] = Z Pr[S; is picked]-cg, = Zx}j-csj = OPTy
S,e8
(1)
Let o be large enough s.t. (£)*'°9m < L.

Repeat the algorithm above alogn times and let
O = U;"Z'Olg”(]i be the final solution, where C; is the
collection obtained after round ¢ of the algorithm.

12



Set Cover: Randomized Rounding
Suppose e; belongs to 5y,...5;.

By the constraint for e;, in any fractional feasible
solution:

xs, + s, +..+xs, > 1

It can be shown that the probability that e; is cov-
ered is minimized when

-

Ts, = Xy, = ... =Tg, = =
= Prle; is not covered in C;] < (1 — %)q <2
=

Prlej ¢ C'] < (£)*'°9" < 4

e

Sum over all e;:

1 1
Pr[3e;,e; ¢ C’', (i.e. C' is not a set cover)] < n-R < 1
Let's call the event “C’ is not a Set Cover”, E1.
By above:
1
Pr[E] < 1 (2)

On the other hand, by (1) and by summing over all
rounds:

Elcost(C)] < alogn - OPT}

13



Set Cover: Randomized Rounding

Markov's inequality says for any random variable X:
Prix > < EXL

Define the bad event E»> to be the event that
cost(C') > 4alogn - OPT. Thus:

Pr[E;] = Prlcost(C’') > 4alogn - OPT]
< alogn - OPTY
~ dalogn-OPTYy
1
< =
= 4

The probability that either C’ is not a set cover (i.e.
FE1 happens) or that C’ is a set cover with large cost
(i.e. E» happens) is at most: Pr[Ei] 4+ Pr[Ez] < 1.

Therefore, with probability > £, C’ is a set cover

with cost(C’) < 4alogn - OPTy < 4alogn - OPT.

Repeating this algorithm ¢t times, the probability of
failure at all rounds is at most .

So, the probability of success for at least one run
of the algorithm is 1 — 1.

14



Section 2:

Hardness of Approximation
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Hardness of Approximation

We are familiar with the theory of NP-completeness.
When we prove that a problem is NP-hard it implies
that, assuming P %= NP there is no polynomail time
algorithm that solves the problem (exactly).

For example, for SAT, deciding between Yes/No is
hard (again assuming P #= NP).

We would like to show that even deciding between
those instances that are (almost) satisfiable and
those that are far from being satisfiable is also hard.

In other words, create a gap between Yes instances
and No instances. These kinds of gaps imply hard-
ness of approximation for optimization version of
NP-hard problems.

As SAT is the canonical problem for NP-hardness,
Max-SAT is the canonical problem for hardness of
approximation:

Max-SAT:
— Input: A boolean formula & over variables x1,...,z,
in CNF which has clauses C1,...,C)y.

— Question: Find a truth assignment to maxi-
mizes the number of satisfied clauses.

16



Hardness of Approximation

e The PCP theorem implies that Max-SAT is NP-
hard to approximate within a factor of (1 — ¢g), for
some fixed ¢g > 0.

e For proving a hardness of approximation, for exam-
ple for vertex cover, we prove a reduction like the
following:

Given a formula ¢ for Max-SAT, we build a graph
G(V,E) in polytime such that:

— if ¢ is a yes-instance, then G has a vertex cover
of size < 2|V

— if ¢ is a no-instance, then every vertex cover of
G has a size > aZ|V| for some fixed a > 1.

e Corollary 8 The vertex cover problem cannot be
approximated with a factor of a« unless P = NP.

e In this reduction we have created a gap of size «
between yes/no instances.

17



Hardness of Approximation

OPT(g(x)) < h(g(x))

Yes

e e OPT(g(x)) > ah(g(x))

e Suppose L is NP-complete and « is a minimization

problem.

Let g be a function computable in polytime that
maps Yes-instances of L into a set S; of instances
of m and No-instances of L into a set S>.

Assume that there is a polytime computable func-
tion h such that:

— for every Yes-instance =z of L: OPT(g(x)) <
h(g(x));

— for every No-instance z of L: OPT(g(xz)) >
ah(g(z)).

Then g is called a gap-introducing reduction from
L to m and « is the size of the gap.

e [ his implies 7 is hard to approximate within factor

.

18



Max-SNP and PCP

Many problems, such as Bin Packing and Knapsack,
have PTAS's, i.e. a (1 4 ¢)-approximation for any
constant € > 0.

A major open question was: does Max-3SAT have
a PTAS?

A significant result on this line was by Papadimitriou
and M. Yannakakis ('92); they defined the class
Max-SNP. All problems in Max-SNP have constant
approximation algorithms.

They also defined the notion of completeness for
this class and showed if a Max-SNP-complete prob-
lem has a PTAS then every Max-SNP problem has
a PTAS.

Several well-known problems including Max-3SAT
and TSP are Max-SNP-complete.

The celeberated PCP theorem states that there is
no PTAS for Max-SNP problems.

It also give another characterization of NP.

19



PCP

e Definition 9 A Janguage L € NP if and only if there
is a deterministic polynomial time verifier (i.e. al-
gorithm) V that takes an input x and a proof y with
ly| = |x|¢ for a constant ¢ > 0 and it satisfies the
following:

— Completeness: ifx € L = 3y s.t. V(x,y) =1.
— Soundness: ifx ¢ L = Yy, V(z,y) = 0.

e Definition 10 An (r(n),b(n))-restricted verifier is
a randomized verifier that uses at most r(n) random
bits. It runs in probabilistic polynomial time and
reads/queries at most b(n) bits of the proof.

e Definition 11 For 0 < s < ¢ <1, a language L €
PCP.s(r(n),b(n)) if and only if there is a (r(n),b(n))-
restricted verifier V such that given an input x with
length |x| = n and a proof «, it satisfies the follow-

ing:

— Completeness: if x € L = 3 a proof w such that
PriV(z,m) = 1] > C.

— Soundness: ifx ¢ L = Vrr, Pr[V(x,m) =1] < S.

20



PCP

The probabilities in completeness and soundness
given in definition above are typically ¢ = 1 and

S = Z, respectively.

From the definition, for any 0 <s<c¢< 1:
NP C PCP,4(0,poly(n)) C PCP.(O(logn), poly(n)).

Lemma 12 PCP.(O(logn),poly(n)) C NP

Proof: Let L be alanguage in PCP_.;(O(logn), poly(n))
with a verifier V.

We construct a non-deterministic polytime Turing
machine M for L.

Starting with an input =z, M guesses a proof « and
simulates V on all 200097 — poly(n) possible ran-
dom strings.

M accepts if at least a fraction ¢ of all these runs
accept, rejects otherwise.

21



PCP Theorem

e [ hus:

— if x € L = V(z,w) accepts with probability at
least ¢; thus at least a fraction ¢ of random
strings cause the verifier V and therefore M to
accept.

— if x € L then the verifier accepts with probability
at most s which is smaller than ¢; thus for only
a fraction of < ¢ of random strings verifier V
accepts; M rejects.

e Since there are O(poly(n)) random strings of length
O(logn) and each simulation takes polytime, the
running time of M is polytime.

e This lemma and the observation before it implies
that

PCP.s(O(logn), poly(n)) = NP.

e Theremarkable PCP theorem, proved by Arora/Safra
[92] and Arora/Lund/Motwani/Sudan/Szegedy[92]
states:

Theorem 13 (PCP Theorem)
NP = PCP;:(O(logn),0(1))

22



PCP to Max-3SAT

The original proof of PCP theorem was extremely
difficult. There is a new a much simpler proof of
PCP theorem using a different technique by Dinur
[2005].

Basically, the PCP theorem says that for every prob-
lem in NP there is a verifier that queries only a
constant number of bits of the proof (regardless of
the length of the proof) and with sufficiently high
probability gives a correct answer.

Starting from the PCP theorem, we show that ap-
proximating Max-3SAT within some constant factor
is NP-hard.

Before that note that there is a trivial %-approximation
for Max-3SAT.

Given a 3SAT formula & for Max-3SAT with
— 3-clauses C4,...,C,, and
— variables x1,...,xn,

assign each x; True/False u.r. with probability %

This is a %—approximation for Max-3SAT:

23



Max-3SAT

e For each clause C; = (x5 A T1 A x3), the probability
that C; is not satisfied is:

1
Prlxs = F] x Pr[x1 = T] x Prlxzz = F] = <

e T hus each clause C; is satisfied with probability é;
so the expected number of satisfied clauses is at
least %m (this can be easily de-randomized).

e Theorem 14 For some absolute constant ¢ > O,
there is a gap-introducing reduction from SAT to
Max-3SAT such that it transforms a boolean for-
mula ¢ for SAT to a boolean formula ¢ with m
clauses for Max-3SAT such that:

— if ¢ is satisfiable, then OPT () = m.
— if ¢ is a NO-instance, then OPT () < (1 — e)m.
e Corollary 15 Approximating Max-3SAT with a fac-

tor better then (1 —¢) is NP-hard for some constant
e > 0.

24



Max-3SAT

Proof of Theorem 14:

e By PCP theorem, SAT has a PCP;:(O(logn),O(1))
verifier V.. Let us assume that it is PCP, :(dlogn, k)
where d and k£ are some constants.

e Let r1,...,7,« be all the possible random bits (of
length dlogn) that can be given as seed to V.

e We will construct a formula f; for every possible ran-
dom bit r;. Thus we will have formulas fi,..., fa.

e For any particular choice of random bits, the ver-
ifier reads k positions of the proof; each of these
positions is determined by the value read in previous
position and the random bits.

e SO it can be considered to evaluate a boolean binary
decision tree of height at most k; where the decision
to go left or right is based on the value read from
the proof.

25



Reject

X

Accept

X_|

Reject

Max-3SAT

Accept

Here suppose kK = 2 and we have a fixed random
bit string.

Based on the first random bit the position we read

IS xj,

if it returns O we get the second random bit and

based on that we read position xy,

else if ; was 1 we read position z;.

So we can use four variables z;,zg, zj,x; to form a
formula encoding this tree

26



In general, this decision tree can be encoded as a
boolean formula with at most 2% variables and 2%
clauses each of length k.

Think of every node as a variable and every path
from root to leaf forms a clause.

It is easy to see that the formula is satisfied if and
only if the path that the verifier traverses on the
tree ends at an ‘“accept” leaf.

Any truth assignment to the variables i.e. any
proof, will give a unique path for each decision tree.

If for a fixed random bit string and a proof (truth
assignment) the path ends in an “accept” it means
that the verifier accepts the proof, otherwise it re-
jects the proof.

If ¢ is a YES-instance, = there is a truth assignment
that works/accpets with probability of 1 (i.e., for
any random bits it will accept)

= the corresponding truth assignment will give a
path from root to an “accept’” leaf in every decision
tree (corresponding to a random bit string); so it
satisfies all formulas f1,..., fna.



PCP and Max-3SAT

If ¢ is a NO-instance = for any proof (truth assign-
ment) V accepts with probability < 2 (this is from

the PCP definition)

= for at least half of the decision trees, the truth
assignment will give a root to leaf path that ends
in “reject”, i.e. the formula is not satisfied.

Therefore, among all n? formulas, at least % of
them are not satisfied.

Now on we can transform all formulas fi,..., fu
into 3-CNF formulas f1,..., f/. such that that f/ is
satisfiable if and only if f; is.

This theorem showed that PCP theorem implies a
gap-introducing reduction from SAT to Max-3SAT.

The oposite is also true; i.e. assuming the existence
of a gap-introducing reduction from SAT to Max-
3SAT we can prove the PCP theorem, as follows.

Suppose that for each L € NP there is a polytime
computable g from L to instances of MAX-3SAT,
such that

— for Yes-instance y € L, all 3-clauses in g(y) can
be satisfied;

27



— for No-instance y € L, at most % of the 3-clauses
of g(y) can be satisfied.

Define a proof that y € L to be a truth assignment
satisfying ¢g(vy).

We define a randomized verifier V for L.

V runs in polynomial time and
— takes y and the “new” proof m;

— accept iff © satisfies a 3-clause selected uni-
formly and randomly from g(y).

If y € L then there is a proof (truth assignment)
such that all the 3-clauses in g(y) can be satisfied.
For that proof Verifier V(y,n) accepts with proba-
bility 1.

If y € L then every truth assignment satisfies no

more than Z of clauses in g(y). So verifier V(y, )

will reject with probability at least =.

This, together with Theorem 14 implies that the
PCP theorem is in fact equivalent to: “There is no
PTAS for Max-3SAT.”



Section 3:

Improved Hardness results
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Improved PCP's

Recall that PCP theorem says:
NP = PCPl,%(O(Iog n),0(1)).
Goal: reduce the number of query bits and also
decrease the the probability of failure.
Theorem 16 For some s < 1:
NP = PCP; s(O(logn),3).

Proof: Let L € NP be an arbitrary language; y be
an instance of L.

By PCP, we can construct a 3CNF formula F such
that:

— if y € L = 3 a truth assignment for F' s.t. all
clauses of F' are satisfied.

— if y ¢ L == for any truth assignment for F' at
most (1 — ¢) fractions of clauses are satisfied.

We assume that the proof = given for y is the truth
assignment to formula F above.

29



Improved PCP's

Verifier V given y and proof «, computes F' in poly-
time, then uses O(logn) bits to pick a random
clause of F' and query the truth assignment to its
3 variables.

T he verifier accepts if and only if the clause is sat-
isfied.
It is easy to see that:

— If y € L then there is a proof w s.t. V accepts
with probability 1.

— If y € L then for any proof w, V accepts with
probability at most 1 — e.

Theorem 17 (Guruswami,Sudan,Lewin, Trevisan'93)
For all e > 0

NP = PCP]_,%_FG(O(IOQ n), 3)

Note that the 3 bits of the proof are selected by
the verifier adaptively.

Theorem 18 (Karloff/Zwick, 97)
P = PCPl’%(O(Iog n),3).

30



Improved PCP's

e Theorem 19 (Hastad’97)
NP = PCPy_.14.(O(logn),3)

where the verifier selects the 3 bits of the proof
a priori. That is, the verifier uses O(logn) random
bits to choose 3 positions, i1, 12,13 of the proof and a
bit b and accepts if and only if 7(i1) ®7(i2) ®w(iz) =
b.

e Corollary 20 For any € > 0, it is NP-hard to ap-
proximate:

— Max-3SAT within a factor of (% + ),

— Vertex cover within a factor of (% + ¢),

e Recall that the simple algorithm we gave for Max-
3SAT has approximation factor %.

e The best Hardness factor for VC is 105 — 21 ~
1.3606.
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Hardness of Clique

Definition 21 (MAX-CLIQUE) Given a graph with
n vertices, find a maximum size clique in it, i.e. a
complete subgraph of maximum size.

The best known algorithm has a factor of O(*2>" '?39'03 ny.

Clique and Max-3SAT are both NP-hard, but why
the approximation for clique is so bad?

Hastad: for any € > O there is no polytimle ap-
proximation algorithm for clique with factor nz"¢ (if
P £ NP) or n'= (if ZPP#% NP).

Our goal is to prove a polynomial hardness for clique.
We start with a constant hardness result for Clique.

Then show that it is hard to approximate Clique
within any constant factor. Finally, we show how
to improve this to a polynomial.
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Hardness of Clique

Consider a PCPlé(d log n, q) verifier F' for SAT, where
d and g are constants (V exists by PCP).

Let r1,70,...,7,« be the set of all possible random
strings to F.

Given an instance ¢ of SAT, we construct a graph
G from F and ¢ which will be an instance of Clique.

G has one vertex v, for each pair (i,0), where r;
is one of the the random strings r; and o is a truth
assignment to ¢ variables. G has n?2? vertices.

An accepting transcript for F on ¢ with random
string r; is ¢ pairs (p1,a1),...,(pg,aq) S.t. for every
truth assignment that has values ay,...,a, for vari-
ables pi1,...,pq, verifier F' given r; checks positions
p1,...,Pq iN that order and accepts.

Once we have ¢, r;, a1,...,aq it is easy to compute
p1,...,pq. FOr each transcript we have a vertex.

Two vertices (i,0) and (¢/,0’) are adjacent iff o, o’
don’t assign different values to same variable, i.e.
they are consistent, and both are accepting.
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Hardness of Clique

If ¢ is a yes instance then there is a proof (truth
assignment) w such that F' accepts (given =) on all
random strings.

For each r;, there is a corresponding o (which has
the same answers as in 7) and is an accepting tran-
script.

We have n? random strings and therefore there are
n? vertices of G (corresponding to those). They
form a cligue because they come from the same
truth assignment and so are consistent;

Therefore G has a clique of size > n?.

For the case ¢ is a no instance we want to show
that every clique in G has size at most Z-.

By way of condtradiction suppose we have a clique
C of size ¢ > %

Assume that (i1,01)...(4i., 0.) are the vertices in this
clique. Therefore the transcripts o1...0. (partial truth
assignments) are all consistent.

We can extend this truth assignment to a whole
proof (truth assignment) such that on random strings
11, ..., %, verifier V accepts.
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Hardness of Clique

Therefore the verifier accepts for more than %d strings,
which contradicts the assumption that ¢ is a no in-
stance.

So it is NP-hard to decide whether:

— G has a clique of size n¢

— (G every cligue of G has size < %d

Note that the gap created here is exactly the sound-

ness probability of the verifier; so the the smaller S
IS, the larger gap we get.

By simulating a PCPl’%(dIog n,q) verifier V for k

times and accepting iff all of those simulations ac-
cept, we get a PCPl,%(k -dlogn, k-q) verifier V',

Note that in this case the size of the construction
G is n*@2ke which is polynomial as long as k is con-
stant.

This will show a hardness of 2%, which is a constant.

Corollary 22 For any constant S, it is NP-hard to
approximation clique within a factor of S (say S =
1/2% in the above).
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Hardness of Clique

To get an n® gap, we need S to be polynomially
small, and for that we need to repeat k = Q(logn)
times.

Therefore, k- g = O(logn) which is Ok. But the
length of random string becomes klogn = Q2(log?n),

and the size of G becomes 292(°9°n) \which is super-
polynomial.

To get a polynomial hardness we need a
PCP,:(O(logn),O(logn))

verifier.

The trick here is to start with only O(logn) random

bits and use random walks on expander graphs to

generate O(logn) random strings, each of length
about logn.

Definition 23 (Expander Graph) Every vertex has
the same constant degree, say d, and fgr every non-
empty set S C V, |E(S,S)| > min{|S|,|S|}.
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Hardness of Clique
T here are explicit construction of expander graphs.

Let H be an expander graph with n¢ nodes. To
each node we assign a label which is a binary string
of length dlogn.

We can generate a random walk in H using only
O(logn) random bits:

— need dlogn bits to choose the first vertex, and

— need constant number of random bits to choose
one neighbor at every step.

Therefore, to have a random walk of length O(logn)
in H we need only O(logn) bits.

Theorem 24 For any set S of vertices of H with
< %d vertices, there is a constant k such that the
probability that a random walk of length klogn lies
entirely in S is < 1.

Proof outline: By definition, if you have a set S of
vertices, we expect a constant fraction of edges out
of the vertices of S be going into S.

T herefore, if you start a random walk from a vertex
in S, at every step, there is a constant probability
that this walk jumps into S.
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Hardness of Clique

So the probability that a random walk of length
Q(log n) stays entirely within S is polynomially small.

Theorem 25
PCPl’%(dlog n,q) € PCP;:(0O(logn),O(logn)).

Proof: Let L € PCPl,%(dlog n,q) and F be a verifier
for L.

We give a PCP;:(0O(logn),O(logn)) verifier F' for
L.

F' builds the expander graph H of Theorem 24,
then creates a random walk of length klogn using
only O(logn) bits for some constant k

This random walk vyields klogn “random” string
of length dlogn each, which are the labels of the
vertices of the walk.

Then F’ simulates F on each of these strings and
accepts if and only if all these simulations accept.

If y € L is a "yes" instance, then there is a proof
m s.t. JF accepts with probability 1 given m; so F’
accepts.
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If y e L is a “"no” instance, then F accepts on at
most % of the random strings.

Let S be the set of vertices of H with those labels.

d

Note that |S| < %. This means that F' accepts
(wrongly) y only if the entire random walk is inside
S.

Now, based on Theorem 24 the probability that a
random walk remains entirely in S is at most %

Therefore, the probability that F’ accepts y is at
most +.

This completes the proof of

PCPl’%(d logn,q) C PCP,:(0O(logn),O(logn)).



Max-3SAT

Theorem 26 For some é > 0, it is NP-hard to ap-
proximate clique within a factor of Q2(n?).

Proof: Given a SAT formula ¢, let F' be a
PCP,:(dlogn,qlogn) verifier for it for some con-

stants d and q.

Construct the graph G from F' in the same manner
as we did earlier for the constant factor hardness.

So the size of G is n24'09" = pd+e and the gap
created is equal to soundness probability, i.e.

S|

we have:

— If ¢ is a yes instance then G has a clique of size
d
n-.

— If ¢ is a no instance then every clique of G has
size at most n¢-1.

This creates a gap of n® with § = g
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Section 4:

Hardness of Set Cover
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Hardness of Set Cover

Hardness of Set Cover

e Our final lecture is the outline of the proof of a
hardness of O(logn) for Set cover.

e We need to define another problem: Label Cover.

e This is a graph theoric representation of another
proof system for NP (2 prover 1 round proof sys-
tem).

e An instance of label cover consists of the followings:

— G(VUW, E) is a bipartite graph.

— [N] = {1...N}, [M] = {1...M} are 2 sets of la-
bels, [N] for the vertices in V and [M] for the
vertices in W.

— {Muw}ww)er denotes a (partial) function on ev-
ery edge (v,w) such that My, : [M] — [V]

e A labeling | : V — [N],W — [M] is said to cover
edge (v, w) if My ,(I(w)) = 1(v).

e Goal: Given an instance of label cover, find a la-
beling that covers maximum fraction of the edge.
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Hardness of Set Cover: Label cover

e It follows from PCP theorem that:

Theorem 27 There is an absolute e > 0 s.t. given
an instance L(G,M = 7,N = 2,{M,}) it is NP-
hard to decide if

— opt(L) =1, or
— opt(L)<1—¢

e From an instance L(G(V, W, &), [M], [N],{Mww}), we
obtain the k-power as following.

e we build LFK(G'(V!, W', E"), [M'],[N'], {11 yw}) Where:
— V' = V¥ (k-tuples of V)

— W' = Wk:
- (MY = (M1}
- NV = (VD

_ (V/7W/) € B & (Uijawij) €k, Vi,j1 <5<k
(V= (viy, ..., 03), W = (wyy, ..., w;,))

_ I_I’/ljw(b]-? MR bk?) — nUil,wil(bl)? I_Ivi27wi2(b2)? Tt I—I’Uz‘k,wik (bk?)
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Hardness of Set Cover: Label cover

e T heorem 27, together with a strong result of Raz'98
implies the following:

Theorem 28 There is a reduction from SAT to
an instance L(G(V,W, E),[7"],[2"],{Nw}) of label
cover such that:

— if ¢ is a yes instance — OPT(L) =1

— if ¢ is a no instance — OPT(L) = 2~ for some
constant c < 1

and £ = nP®)

e \We need one more definition.

A set-system with parameters m and [ consists of:
— U a universe (of elements)
— C1,...,Cn,C1,...,C,, are subsets of U

— For any set of ¢ subsets from C_Z-’s and C;’s that
does not include a Cj's and C; together, the
union does not cover U.

e Theorem 29 Given m, ¢ there are explicit con-
structions for a set system with |U| = O(£-log m-2°).
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Hardness of Set Cover

Consider a label cover instance L(G(V,W,E), M =
[75], N = [2*], {0 }).

Let's assume |V| = |W|. We build an instance of
set cover § such that:
— If opt(L) = 1, then opt(S) < |V|+ |W].

— If opt(L) < l%' then opt(S) > %6(|V| + |[W1).

Consider a set system with m = N = 2% and [ to be
specified later.

For every e = (v,w) € G, we have a (disjoint) (m,1)-
set system with universe U..

Let C7%,---,CYL,, be the subsets of U..

The union of all Uls (for all the edges e) is the
universe of the set cover instance, denoted as

Now we define the subsets. For every v € V (w €
W) and every label i € [2%] (5 € [7¥]), we have a set

sei=J " swi= U
w:(v,w)eE vi(v,w)eEE
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This completes the construction of § from L.
Lemma 30 If opt(L) = 1, then opt(S) < |V| 4+ |W].

Proof: Consider an optimal labelingl: V — [2F], W —
[7F] for L.

Because it is covering every edge (v,w) € F,

Myw(l(w)) = 1(v).

This labeling defines a label for every vertex and
every pair of vertex/label corresponds to a set in S.

From C;’é’j) C S0 @nd C;’(f) = Cﬁﬁ(l(w» C Sy i(w):

SU,Z(U) U Sw,l(w) 2D Upw.

Because all U.'s for e € E are covered, U is covered.
So we have a set cover of size |V| 4 |W].

), then

Lemma 31 if opt(S) < (V| +|W
opt(L) > 2.

Proof: From the set cover solution, we assign labels
(maybe more than one label) to the vertices.

If Sy is in the solution, v gets label 3.



Since there are < 1i6(|V| + |W]) sets and |V |+ |W|
vertices, the average number of labels per vertex is

l
S 16

We discard vertices with > labels.

< |V| vertices from each of V and W are discarded.
Let V' and W' be the vertices remaining.

so |V'| > 2|V] and |[W'| > 2|W]|.

Pick an edge e = (v,w) from G randomly.

Prlve V' andw € W'] > 1—( + )—l

so > % edges of G are between V/ and W’'.

Define
T, ={Sy;: ¢is a label of v}

Tw = {Sw;: jis a label of w}.

We have |T,| < £ and [T,| < &.



Hardness of Set Cover

Note that sets in T, UT,, cover U,,, i.e

X1 ={C?": iis a label of v} U
XQ_{Crl "¢y Jis a label of w}

covers universe U,y

Since |X1| < £ and |Xz| < %, 3 a set CY* € X1 and
C”w( » e Xo that are in X7 U Xbo.

Because we pick labels of v and w randomly, with

probability > ()2 = % we have set C for v and

CJW for w i.e. the labels ¢+ for v and 5 for w cover
edge e € F.

Thus the expected fraction of edges between V'’
and W’ that are covered is > #.

T herefore, at least a fraction of = of edges of (G are
covered.

This lemma is equivalent to saying that if opt(£) < 2
then opt(S) > (V| + [W]).

Thus we have:
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— If opt(L) = 1, then opt(S) < |V|+ |W].

— If opt(L) < l%' then opt(S) > 11—6(|V| + |W)).

Let [ € ©(2%). Then, 12 € ©(2%).

We get a hardness of (1) for S. The size of S is
nP®) . O(l - logm - 21).

If £k = cloglogn for sufficiently large c,
| = O(20(0g1091)) > |0gn loglogn.

Thus log |S| = O(log log n-log n+log l4+log log log n+
1) =06().

We have the following hardness result for set cover:

Theorem 32 Unless NP C DTIM E(n©(leglogn)) - set
cover has no o(logn)-approximation algorithm.



